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Abstract

We consider Ising models on the hypercube with a general interaction matrix J, and give a polyno-
mial time sampling algorithm when all but O(1) eigenvalues of J lie in an interval of length one, a
situation which occurs in many models of interest. This was previously known for the Glauber dy-
namics when all eigenvalues fit in an interval of length one; however, a single outlier can force the
Glauber dynamics to mix torpidly. Our general result implies the first polynomial time sampling
algorithms for low-rank Ising models such as Hopfield networks with a fixed number of patterns
and Bayesian clustering models with low-dimensional contexts, and greatly improves the polyno-
mial time sampling regime for the antiferromagnetic/ferromagnetic Ising model with inconsistent
field on expander graphs. It also improves on previous approximation algorithm results based on
the naive mean-field approximation in variational methods and statistical physics.

Our approach is based on a new fusion of ideas from the MCMC and variational inference
worlds. As part of our algorithm, we define a new nonconvex variational problem which allows us
to sample from an exponential reweighting of a distribution by a negative definite quadratic form,
and show how to make this procedure provably efficient using stochastic gradient descent. On top
of this, we construct a new simulated tempering chain (on an extended state space arising from the
Hubbard-Stratonovich transform) which overcomes the obstacle posed by large positive
eigenvalues, and combine it with the SGD-based sampler to solve the full problem.

1. Introduction

An Ising model is a probability distribution on the hypercube {£1}" of the form

punlo) = 7 exp 3 (0,10 + (h,o)
where the normalizing constant Z is known as the partition function. The closely related problems of
estimating the partition function Z and sampling from the Ising model are fundamental computa-
tional problems, both due to their central theoretical significance as well a plethora of applications—
see for example Mezard and Montanari (2009); Talagrand (2010); Wainwright and Jordan (2008);
Jerrum and Sinclair (1996); Hinton (2012); Murphy (2012). While computing the partition function Z
exactly is #P-hard (Jerrum and Sinclair, 1993), and approximating it is NP-hard (see e.g., Sly and
Sun (2012); Galanis et al. (2016)), a vast amount of work has been done to understand and
characterize situations where this task is computationally tractable.
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One of the dominant approaches in both theory and practice to sample from such models is
the Glauber dynamics or Gibbs sampler. This is a Markov chain that at each step, resamples the
spin of one coordinate from its conditional distribution. In general, this chain is expected to mix
under appropriate assumptions on the weakness of the interactions in the model (e.g., presence of
correlation decay, or uniqueness of the corresponding Gibbs measure on the tree). In certain special
cases, the point at which the Glauber dynamics stops mixing rapidly is also exactly where sampling
becomes hard: famously, this is the case for the antiferromagnetic Ising model on the worst-case
d-regular graph (see e.g., Sly and Sun (2012); Chen et al. (2020)). However, this is not the case in
general—there are many examples where Glauber dynamics fails to mix but other methods succeed
to approximate the partition function and/or sample; see e.g., Jerrum and Sinclair (1993); Borgs
et al. (2020); Risteski (2016); Guo and Jerrum (2017) for a few examples.

Variational methods are the main alternative to MCMC (Markov Chain Monte Carlo) methods
in practice. In general, variational methods attempt to reduce to problem of computing the partition
function to solving an optimization problem—see e.g., Wainwright and Jordan (2008); Mezard and
Montanari (2009) for further background. Importantly, the strengths and limitations of variational
methods are complementary to those of Glauber dynamics. Unlike Markov chain methods, varia-
tional methods are usually based on solving for an approximation of the true distribution, and hence
may only achieve a comparatively crude approximation to the true distribution—a successful vari-
ational approximation may only output a distribution with KL divergence or Wasserstein distance
o(n) as opposed to o(1) for the output of a rapidly mixing Markov chain. On the other hand, varia-
tional methods often work in both high and low-temperature settings and are closely related to text-
book methods for solving low-temperature models, such as the Ising model on a high-dimensional
lattice, the Curie-Weiss model, and the Sherrington-Kirkpatrick model (Talagrand, 2010; Mezard
and Montanari, 2009; Parisi and Shankar, 1988).

To give a concrete example with strong theoretical guarantees, the naive mean-field approxi-
mation, which corresponds to approximating the Gibbs measure by a (small mixture of) product
measure(s), is probably the most well-known variational method. It has been established that this
approximation is in various senses accyrate whenever the interaction matrix J has quantitatively low
rank (more precisely, when 12F = iAi(J )2 = o(n)): see Basak and Mukherjee (2017); Eldan
(2018); Eldan and Gross (2018); Eldan (2020); Augeri (2021) for a few of the works in this area.
This condition essentially covers all of the main examples of Ising models where the mean-field
approximation is known to be accurate, and for these models it covers both low and high temper-
ature regimes (i.e., both strong and weak couplings). Correspondingly, there are approximation
algorithms connected with the naive mean-field approximation (Risteski, 2016; Jain et al., 2018a,b,
2019) which approximate log Z within o(n) additive error in subexponential time under this as-
sumption (with improving runtime as the rank decreases, and with roughly matching computational
lower bounds).

In this work, we seek to achieve the best of both worlds and combine the strengths of Glauber
dynamics and variational inference. Recently, it was shown (Eldan et al., 2020; Anari et al., 2021)
that the Glauber dynamics rapidly mix whenever the eigenvalues of J all lie within an interval of
length 1, which is tight due to the example of the Curie-Weiss model (Levin and Peres, 2017). Our
main result shows that by using a more sophisticated algorithm, we can sample in polyno-mial
time from any Ising model with a constant number of eigenvalues outside of this interval, a
situation which occurs in many examples of interest. To state our result, first note that with-out
loss of generality, we can recenter the bulk of the eigenvalues to [0, 1] by adding a multiple
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of the identity to J. We provide an algorithm that samples from an Ising distribution with d.
eigenvalues bigger than 1 - 1/c,c B (1, ==], and d- negative eigenvalues -A1, ..., -Agq_ in time
(nBIE,,)0ld) eOlclhir+Aa-)) a5 well as (multiplicatively) approximate the partition function.

In the special case of low-rank Ising models where the naive mean-field approximation is accu-
rate, this gives a roughly comparable runtime to the previous approximation algorithms for estimat-
ing log Z (e.g., Jain et al. (2019)), while allowing us both to approximate Z much more accurately
(within an arbitrary multiplicative factor) and also to sample; see Remark C.5 for further discussion.
Our result also allows us to sample from models which are genuinely high-rank, for example the SK
model with ferromagnetic interactions in the regime where the bulk has diameter at most 1 (see
Section 3) in which case the naive mean-field approximation is known to be very inaccurate (see
e.g., Thouless et al. (1977); Jain et al. (2019)). Our general result also continues a long tradition of
seeking fixed-parameter tractable algorithms for optimization problems that are “approximately” low
rank (Frieze and Kannan, 1996; Oveis Gharan and Trevisan, 2013).

Our techniques take inspiration from both variational and MCMC approaches. We describe
them in detail later (see Section 2), but at a high-level our result is based on two key innovations: (1) for
positive outlier eigenvalues, a rigorous version of the popular simulated annealing (Lovdsz and
Vempala, 2006) and tempering heuristics (Marinari and Parisi, 1992), based in part on a decomposi-
tion of the measure into a mixture of high-temperature Ising models using the Hubbard-Stratonovich
transform (Hubbard, 1959), and (2) for negative eigenvalues, a sampling approach based on impor-
tance sampling combined with the efficient solution of a related fixed point equation, which is done
by constructing an appropriate (nonconvex) variational problem and running stochastic gradient de-
scent. The key ideas behind both steps are clean and we believe the techniques may be useful for
solving other sampling problems of interest.

In addition to this, we provide representative applications of our results to a diverse set of
tasks: First, we give an algorithm to sample Ising models (antiferromagnetic or ferromagnetic,
and potentially with inconsistent external fields) on expander graphs up to inverse temperature
= O(1/A) where A is the second largest eigenvalue. This is outside the tree uniqueness regime; note
that on general graphs, antiferromagnetic Ising is NP-hard past this threshold (Sly and Sun, 2012).
Also, even when the model is ferromagnetic, inconsistent external fields make the sampling problem
#BIS-hard in generall. Relatedly, we give the first results for sampling high-temperature
Sherrington-Kirkpatrick models with strong ferromagnetic interactions.

We also show how to sample from a Hopfield network (Hopfield, 1982) with a fixed number of
patterns in polynomial time. As an example Bayesian statistics application, we show how to sample
from posteriors of mixtures of two Gaussians with symmetric means in fixed dimension. This
provides complementary results to (Mou et al., 2019), who consider the same setting in an arbitrary
dimension, but instead consider an easier task: sampling from the so-called power posterior of such a
mixture—which is derived by weighing the prior substantially more in the Bayes formula for the
posterior. More generally, we show how to sample from a regime of a more sophisticated clustering
model (the Contextual Stochastic Block Model) with low-dimensional contexts.

1. Our results work in an expanded “high temperature” regime; in contrast algorithms for different #BI1S-hard problems
work in a low temperature regime by expanding around the ground states (Jenssen et al., 2020; Chen et al., 2021), so
these approaches should be naturally complementary when they both apply.
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1.1. Main results

Suppose that J is a symmetric matrix. We are interested in computing the partition function Z; n
and sampling from the distribution P, , over {+1}" given by

X
exp 3(o,Jo)+ (h,0)  \wherez, j = exp 1 (0,10) + (h, o). (1)

ps,h(0) = — )
¥ Zn oB{t1}n 2

Our main theorem is the following.

Theorem 1.1 Letc@ (1, e=], € @ (0, 1). Suppose that J is a symmetric matrix such that (1) J has
d. eigenvalues that are greater than 1 - cl, and (2) its negative eigenvalues are -A1, ..., —Aq4_.

1. There is an algorithm (Algorithm 3) that with probability > 1-e~", gives a e¥-multiplicative
n)o(d++1)eO(C(>\1+--~+>\d_)) g2 .

approximationto Z;  intime O (&) op
2. There is an algorithm (Algorithm 4) to sample from a distribution e-close in TV-distance to

1 O(1+d+)eo(c()\1+"'+)\d_))'

Py h intime JOp nlog <

Note that we can take c = oo in the theorem; in this case we assume that J has no negative eigen-

values, i.e., | is positive semi-definite, and we get the simpler bounds O (BJE n)Old++1) g2
O(1+d+)
and [ B,, n log .1 . Excluding the dependence on R

runtime only depends on the number of eigenvalues, but for negative eigenvalues, the runtime
depends on their magnitude.

When there are n large eigenvalues, our runtime guarantee is similar to brute force?; see (Jain
et al., 2019) for discussion of why this should be unavoidable under the Exponential Time Hypoth-
esis (ETH). In the extreme case where there is just a single very large negative eigenvalue, it turns
out the problem is also computationally hard. This arises from the discrete nature of the hypercube
{£1}" and stands in strong contrast to intuition from sampling continuous distributions, where very
strong log-concavity is not an obstacle to efficient sampling. We prove the following negative re-
sult; see the full theorem (Theorem H.1) for a stronger runtime lower bound for estimating log Z,
conditional on the ETH.

op for large positive eigenvalues the

Theorem 1.2 (Theorem H.1) Let B = 1 be arbitrary and fixed. For any a = (ai,...,an) B Z",
define the Ising model with probability mass function p; : {£1}" = [0, 1] given by pa(c) Bexp
-Bn(a, o)? . If there exists a polynomial time randomized algorithm to approximately sample within
TV distance 1/2 from Ising models of this form for any ay, ..., an, then NP = RP.

2. Overview of techniques

This section has two parts: in the first, we recall some basic tools which we will use in our analysis.
In the second, we give a full overview of our algorithm and the proof of our main result.

2. Note however, that Theorem 1.1 only gives nontrivial guarantees when d+ = o ; it is an interesting question

whether one can remove the log n factor.

_n
logn
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2.1. Technical toolkit

Sampling from Ising models with bounded spectral diameter. As a basic ingredient, we use the
following guarantee for Glauber dynamics on Ising models (see also Bauerschmidt and Bodineau
(2019); Eldan et al. (2020)):

Theorem 2.1 ((Anari et al., 2021, Theorem 12)) LetJ B R"*" be a symmetric matrix satisfying
0&J BIl,, h@R" arbitrary. Then we have that:

1. The Poincaré and modified Log-Sobolev constants of P, , are at most n(1 - Jop)‘l.

2. For any € > 0, the discrete-time Glauber dynamics mixes to € total variation distance of P, p
in O(nlog(n/e)/(1 - EJB,p)) steps.

See Appendix A.2 for the definition of the Poincaré and modified log-Sobolev constant.

Hubbard-Stratonovich transform. The component of our algorithm which handles positive spike
eigenvalues makes use of the multivariate version of the classical Hubbard-Stratonovich transform
(Hubbard, 1959). This transform is commonly used in the analysis of quantum and statistical
physics systems and in large deviation theory; for a few examples see (Talagrand, 2010; Bovier
and Picco, 1998; Bauerschmidt and Bodineau, 2019; Hsu et al., 2012). The statement is given by
Lemma 2.2 below; it is very useful despite its simplicity.

Lemma 2.2 Let X B R™*" be a matrix with d-dimensional column space V. Let o @ R". Then
foranyy > 0,

V2 p 2% D E
exp 7on = I exp XZw,0 - 2\7“2 du.
\%

Proof We complete the square to find that

22 D E
L uz
¥xp X W0 - d
2T[v21 p vzu i 2@ 1 88 , ) vz 2
= vazd/z exp 7X0 y exp —zv—z L- y°Xo du = exp 7)(0
using the formula for the normalizing constant of a Gaussian distribution. |

2.2. Proof overview

The proof of our main result, Theorem 1.1, combines two modular algorithmic ideas: a grid par-
titioning and simulated annealing/tempering strategy which handles the large positive eigenvalues,
and an optimization and rejection sampling based strategy which handles the negative ones.

We briefly comment on the relation between our techniques and those used in the aforemen-
tioned literature on naive mean-field approximation, which do not seem as useful for sampling. In all
of those works (algorithmic or non-algorithmic), the primary goal is to estimate log Z within an
additive error which is small compared to n, but essentially always w(1) as n = oo. The main
reason for this is that the naive mean-field approximation is simply not accurate to O(1) additive



KOEHLER LEE RISTESKI

error even in relatively basic examples (see e.g., Eldan (2020)). On the other hand, in almost all of
those works (and also for Dense Max-CSP, e.g. Frieze and Kannan (1996)) the techniques used are
general as far as the form of the distribution concerned: e.g., they can handle a log-likelihood which is
not a quadratic function but a higher-order polynomial. Our analysis is based on decomposing the
spectrum of the interaction matrix, which only seems to makes sense in the Ising case.

2.2.1. LARGE POSITIVE EIGENVALUES: DECOMPOSITION AND SIMULATED TEMPERING

Here we describe our method for sampling from Ising models with large positive eigenvalues. For
simplicity, we describe the algorithm when the interaction matrix J is positive semidefinite and
return to the general case later.

Warmup: Curie-Weiss model and generalizations. To motivate our approach, we start with a
special case: sampling from a rank-one Ising model of the form p,,,= o(0) e(W,0)*/2_This means the
interaction matrix is simply ww. A classical example of such a distribution is the Curie-Weiss
model, in which case w = B1/ n where B = 0 is referred to as the inverse temperature. It is well
known (Ellis, 2006; Talagrand, 2010) that the Curie-Weiss model exhibits symmetry breaking in its
low temperature phlgse B > 1: the distribution becomes clolge to supported on two clusters of points,
one with 1 L i Gi=Y and an opposite one with % . 0i = —y wherey is a nontrivial (i.e.,
nonzero) solution of the fixed point equation y = tanh(By). Because Glauber dynamics becomes
trapped in one of the clusters, it will not mix (Levin and Peres, 2017).

There are magy alternative algorithms to sample from the Curie-Weiss model. For example, the
random variable =, oj is an integer between —n and n and it is straightforward to write down its
distribution under the Curie-Weiss model explicitly, letting us sample it; this can also be used with a
Markov chain decomposition theorem to show mixing up to phase (Madras and Zheng, 2003).
However, this approach which works well for the Curie-Weiss model does not generalize nicely —
for a typical vector w, (w, o) will take on 2" many different values! There are multiple ways to
provably sample from ferromagnetic Ising models which apply to Curie-Weiss (Jerrum and Sinclair,
1993; Guo and Jerrum, 2017), but we need to also sample from non-ferromagnetic ones.

We now explain an approach that will generalize nicely to rank-one models and beyond. We
first describe this as a method to compute the partition function Z, and explain sampling at the end of
this section. By applying the Hubbard-Stratonovich transform (Lemma 2.2), we have

X z X n z %A
Z = e(W.0)?/2 - #—1_ e v'/2 eYW.olgy = #—2_ e V2 cosh(yw;) dy.
oE{+1}n 21 R oB{£1}n 21 R i=1

This is a one-dimensional integral: it’s over an infinite domain, but the term e Y*/2 ensures that
larger values of y contribute only a negligible amount to the integral. Hence, we only need to
perform an integral over a bounded region which can be done using Riemann summation.

The general case: decomposition and integration. We now consider the much more general

case of a positive semidefinite matrix J. We do not want to restrict ourselves to low-rank J, but

rather J which have a smaller large number of eigenvalues greater than 1. For this reason, we only
apply the Hubbard-Stratonovich transform over the large eigenspaces of J .

To do this, let ¢ > 0 be an arbitrary small constant. Using the spectral decomposition of J, we

can decompose J = J® + J? so that J? and J? are both positive semidefinite, BJ®F,, < 1 -
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and J ® spans the eigenspaces of J above 1 - c, which we denote as V © with dimension d. Let J% =
XX be an arbitrary factorization; then by an analogous application of the Hubbard-Stratonovich
transform (Lemma 2.2) we have

VA
X P : 1 2
= exp > 0,10 + (h,0) exp EXO’
ol{x1}n
42 x D E Z D E 5
= ! exp 1 0,1% + (h,o) exp X?u? 0 - Eu dp®
n oB{t1}n ve 2
, d2? 1 2 X 1D E D E
= exp - exp = 0,J% + h+ X%y 0 du?. (2)
21 V& 2 2

oR{x1}n

We see the resulting integral is now over a d-dimensional subspace; just like the example, the in-

1

. 72 . . .
tegrand has a damping term exp - ;- p? which allows us to truncate it to a bounded domain

while changing the integral by only a small amount. Each of the integrands involves a sum over
exponentially many o @ {£1}", but we can recognize this sum as the partition function of an Ising
model with interaction matrix JZ. Since J? has no large eigenvalues, and we can sample from this
class of models using Glauber dynamics (Theorem 2.1), we can approximate the correspond-ing
partition function using a relatively standard reduction from sampling to integration (see e.g.,
Bezdkova et al. (2008); this reduction is via a form of simulated annealing, not to be confused with
the related but different concept of simulated tempering described later). Finally, using Riemann
summation to actually compute the integral gives the estimate of Z.

The simulated tempering chain: sampling with exponentially small error. In principle, given
the previous result for approximating the partition function, we could apply standard reductions
from approximate counting to sampling in order to approximately sample from the Ising model.
This would be quite suboptimal, because the running time of such an algorithm would depend
polynomially on the error parameter € (desired total variation distance to the true distribution). In
comparison, MCMC methods, when they work, generally depend logarithmically on the error
parameter € and we would like our algorithm to have this property too.

To achieve the desired logarithmic dependence on 1/g, we construct a new Markov chain. The
first step is to observe that the formula (2) we derived comes with a simple probabilistic inter-
pretation: it can be understood as a decomposition of the original Ising model into a mixture of
high-temperature Ising models with additional external field XZu®. The associated joint distribu-
tion over the pair (o, u?) is

E D E

D
p(o, u) exp2 10,]0 + h+ Xu,o ui (3)

)

With this understanding, all we need to do is construct a Markov chain which can sample quickly on

the joint (o, u?) space. However, a standard Metropolis-Hastings sampler has the same issue as the

original Glauber dynamics: the joint distribution in (o, u®) space is multimodal just like the original

distribution.

The key to solving this problem is to use a faster chain based on simulated tempering (Mari-nari
and Parisi, 1992). We actually define the Markov chain on a further expanded state space of
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(2, 0, u¥) where £ is an additional temperature variable, so that the chain mixes to a distribution
which conditional on the temperature £ being at its “coldest” setting is the desired distribution. The
point is that the chain mixes rapidly at the “hottest” temperature, which combined with a choice of
temperature schedule where distributions at adjacent distributions have constant overlap, provides a
bridge between the different modes at the colder temperature. We actually consider a variant of
simulated tempering where we approximately equalize the probability for each grid cell so that they
will all be visited—this can be thought of as a Markov chain analogue of grid search—with a final
step of importance sampling to attain the right probabilities.

Simulated tempering is a beautiful idea, but it isn’t always guaranteed to work: indeed, Mari-
nari and Parisi (1992) proposed their original simulated tempering chain exactly for the purpose of
sampling from Ising models, but it does not come with a mixing time guarantee (and obviously, no
sampling method will work for Ising models which are computationally hard to sample (Sly and
Sun, 2012)). In our setting, we can establish a Poincare inequality and prove rapid mixing by us-ing
a Markov chain decomposition theorem (Madras and Randall, 2002; Ge et al.,, 2018). Such a
decomposition theorem allows us to conclude fast mixing once we show mixing within each grid
cell as well as a “coarse-grained” chain where each grid cell is considered as a single state. Mixing
within each grid cell is immediate from the fact that for fixed u®, Glauber dynamics for p(c, u?)
mixes rapidly, and mixing of the coarse-grained chain follows from equalization of the probabilities of
grid cells and overlap of distributions at adjacent temperatures.

2.2.2. LARGE NEGATIVE EIGENVALUES: NONCONVEX VARIATIONAL PROBLEM AND
IMPORTANCE SAMPLING.

Warmup example. To explain our method of handling large negative eigenvalues, it helps to
start with a much easier special case of the argument. Consider p_, e o(0) e~(W.0)*/2 for o
{+1}", i.e., a rank one Ising model with interaction matrix —-ww®. We claim that we can sample
from P_,,we o Using rejection sampling: (1) first, sample oo Uniform({x1}"), and then (2)
with probability e=(W,00)%/2 output o = op, and otherwise restart with step (1). From the
definition, it’s clear that this process draws a sample from P ; the only concern is how long it takes.
The runtime is a geometric random variable with parameter p = E e‘(W"’ggz/z and using Jensen’s
inequality we have p > e Eoo(W,00)%/2 = o-BWB?/2  Hence, the expected runtime is 1/p =
exp(Bw@2/2) (constant time provided BwE = O(1)).

This is an artificially simple example because: (1) the Ising model we considered had no positive
eigenvalues, and (2) there was no external field. In all of the cases of serious interest, rejection
sampling from the uniform distribution has extremely bad runtime (exponential in dimension n).
However, generalizing this example leads us naturally to a more sophisticated algorithm which
works more generally.

The general importance sampling argument and fixed point equation. The actual problem we
need to solve is this: sample from an Ising model with external field h and interaction matrix J
with the following structure: J = J, - J_ witho@J, @1- 1 an 0 & J - with small trace. (We
use the previous annealing argument to eliminate any larger positive eigenvalues.) We will let Q(o)
e’ (0J0)+(h0) denote the Ising model we ultimately want to sample from.

To have any hope of succeeding with the rejection sampling approach, we need a smart proposal
distribution. Since we have a sampler for the Ising model P,, h(o) g2 & 1v0)+(h,0) this would be
an obvious choice of proposal distribution. However, this is a bad idea: the distribution pj, n
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and the target distribution many be concentrated around different regions3, in which case rejection
sampling will perform poorly. A smarter choice is to consider a tilted proposal distribution with

additional external field A @ R", i.e., an Ising model of the form P, h+r(0) el("'“")*(h”"").

1
Then the relative density satisfies dp%éo) e” (9J-9)-(A.9) and if we specifically consider tilts
h

of the form A = —J_ |, we can complete the square to write
dQ (o) = 1 e-%(c-u,l-(c—u))
dPy, h-s_p Z(u)

where Z(u) := Epy, no H[e‘lzw‘”'J-("‘“))] is the normalizing constant. Note that Z(u) < 1
since J - is positive semidefinite. To lower bound Z (), analogous to the “warmup example,” we
can apply Jensen’s inequality, which gives

logZ(u) 2 -Ep,, ,_, (o - w ) (c-wu)/2]=-(J_,Ep, .., [(0- pic- w7 (4

For arbitrary W, the right hand side of this inequality does not seem particularly tractable. However,
if were fortunate enough to choose p which is a solution of the fixed point equation

u= EPJ,,,h—J_u[O] (5)

then on the right hand side of (4), the term Ep et [(o - u)(o - n)?] (4) is simply a covariance
matrix. Because P, n-jy_u is an Ising model with all eigenvalues lying in an interval of length 1
- ,lits covariance matrix is bounded in operator norm by c (Eldan et al., 2020). Hence by the
matrix Holder inequality, we havelogZ(u) = -(J_, Ep - u[(cs—u)(cr—u)]) > -cTr(J-).
Provided such a p exists, this lets us perform importance sampling with expected running time
eCTr“-), by using Py, h-j_p as the proposal distribution, which we can sample from using Glauber

dynamics by Theorem 2.1.

Solving the fixed point equation: variational argument and nonconvex SGD. There is only
one problem remaining: how do we find a solution of the fixed point equation (5), or even know
that one exists? To show existence, we use what is known as a variational argument: we construct a
functional G(p) and prove that (1) any critical point of G solves our desired equation (5), and (2) G
has at least one global minima, hence at least one critical point. This strategy is quite familiar in the
context of variational inference (e.g., constructing BP fixed points (Mezard and Montanari, 2009)), as
well as in other fields in mathematics like classical mechanics and PDEs (Evans, 2010).

In our case, we can first assume J _ is strictly positive definite without loss of generality (by
adding a small copy of the identity to J -, which preserves the distribution and only slightly increases
the trace). Then we consider the functional

_ 1
G(u) := logEp, , [ 77T+ X, ) p). (6)
Differentiating, we obtain

BG(u) = -J-Ep, , , ,lo]l+)_p (7)

3. For a concrete example, suppose J+ = 0,J- = 11%/n and h = 1. Then by explicit calculation, it can be shown
that mean without the J - term is much further from zero than with the J - term included.
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and because J _ is invertible, this means that AG(p) = 0 iff i solves the fixed point equation (5). To

show there exists a global minimizer of G(u), we obislerve that G(0) = 0 and by Holdei’s
inequality that G(u) 2 -BJ_pBq + (W, J_p)/2 > - nBI_BepBuB + (W, J_p)/2. The first
negative term grows at most linearly in BB, whereas the second positive term grows quadratically in
BB because J - is positive definite. Thus, for all p with B sufficiently large, we must have that
G(p) > 0. Hence the infimum of G must be achieved within a compact ball around 0, and so G has at
least one global minima and at least one critical point.

Now that we have shown that a fixed point exists, there is a clear way to make this argument
constructive: run stochastic gradient descent to try to minimize G(u), starting from zero. Based on
(7), we can indeed compute a stochastic gradient of G provided we can sample from Py, n-j_p,
which we do via Glauber dynamics (Theorem 2.1). While SGD is not guaranteed to find the global
minimum, we can use the result of Ghadimi and Lan (2013) to guarantee that SGD at least finds an
approximate critical point, which is sufficient.

The general case: Positive and negative eigenvalues. We now describe how to combine the
techniques to deal with general case when J = J* - J~ can have both positive and negative
eigenvalues. In the PSD case, we computed the partition function for (3) over a grid of u®s. We
cannot include the negative definite part in J?, but we know from our variational argument that we
can approximate p;n _ hx? with p Chex? @ () for some f(u?) we can compute; hence
we run the annealing and tempering argument on these distributions instead, with a final step of
importance/rejection sampling to bring us back to pjea_; p.xa 0.

3. Applications

Our results specialize to give new sampling guarantees for a many models of interest. All of these are
Ising models, so in each application we will describe the particular interaction matrix which arises
and the resulting runtime guarantee. In all of the applications, the behavior in the presence of an
external field h B R" is of interest (for example, in the Hopfield network to preferentially weight the
distribution towards a particular memory) and we automatically handle this case.

Hopfield Network with a fixed number of patterns. The Hopfield network is a neural model
of associative memory (Hopfield (1982), see also Pastur and Figotin (1977, 1978); Little (1974))
which has been hugely influential and extensively studied. In particular, for rigorous mathematical
results see the textbooks by Bovier and Picco (1998); Talagrand (2010). Formally, given patterns
N1, --.,Nm B {£1}" the Hopfield network at inverse temperature B is the Ising model with interac-
tion matrix J = 2£ C‘:l nvn@ . This is thought of as a “Hebbian” learning rule because for each
memory ny and neurons (coordinates) i and j, the term (ny)i(nv); is positive if (ny)i = (nv); and
negative otherwise. Therefore if J is thought of as the “wiring” of the neurons, then for each pattern all
of the neurons which “fire together,” i.e., have the same spin, are “wired together”.

Most of the interest in this model has been in the case of low/zero-temperature, which means
the parameter B is large. Glauber dynamics (Gibbs sampling) has long been considered as a nat-
ural dynamics for the Hopfield network. Informally, the patterns stored in the network serve as
“attractors” which trap the dynamics. This is interesting as in a sense it means the network exhibits
memory; however, from the sampling perspective this means that the vanilla Glauber dynamics are
not expected to mix in the most interesting regime of this model.
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When the number of patterns m is fixed (a regime which has been rigorously studied in e.g.,
Gentz and Léwe (1999); Bovier and Picco (1998); Talagrand (2010)), we obtain the first polynomial
time sampling algorithm for the Gibbs measure of this model that works for any fixed B > 0. Based on
the rigorous results in this model (see Bovier and Picco (1998); Talagrand (2010)), when each
pattern is independently sampled n; @ Uniform({x1}") and B > 1 the distribution will be almost
entirely supported on 2m clusters corresponding to each of the patterns {+n;},T', and so ordinary
Glauber dynamics will not mix rapidly. (This should not be too difficult to formally prove given
their results, though we did not do this.) Note that our sampling results apply to arbitrary patterns n;,
not just the commonly studied case where the patterns are uniformly random from the hypercube.

Antiferromagnetic and Ferromagnetic Ising Model on expanders and random graphs. Sup-
pose that A is the adjacency matrix of a graph; then the antiferromagnetic Ising model at inverse
temperature B has interaction matrixJ = —-BA. It is known that for worst-case graphs of maximum
degree d, that polynomial time sampling is only possible for B = O(1/d) (Sly and Sun (2012), in
fact the precise threshold is known as a function of d). However, this should be far from tight in
other cases of interest, such as on a uniformly random d-regular grap\f): in this model, it is known
that the symmetry breaking phase transition is at scaling B = ©(1/ d) (see Coja-Oghlan et al.
(2020) and references within) and we would expect the sampling regime of the model to be similar.

Based on our main result, we can indeed recover the correct scaling in the random d-regular
graph setting, as a special case of a much more generic result about spectral expanders. Let A =
max{|A2(A)|, |An(A)|}; then our results give a polynomial time sampler whenever d = O(log n)
(so that our algorithm is polynomial time) and provided BA < 1. For example, in the case of a
Ramanujan graph of degree d we have A < 2° d- 1 and so we can sample in polynomial time
whenever B < 2—»'27, which is a dramatic improvement over O(1/d). Because of Friedman’s
Theorem, we know the same result holds for the a uniformly random d-regular graph since it will be
almost-Ramanujan (Friedman, 2008). Note that it is the presence of the “trivial” eigenvalue A
which prevents the result from being deduced from the pre-existing works (e.g., Eldan et al.
(2020)) which can handle related models (diluted d-regular SK model) without outlier eigenvalues.
Our result also applies analogously if there are a couple of outlier eigenvalues, e.g., on bipartite
expanders.

A completely analogous consequence of our theory is for the case of ferromagnetic Ising models
on expanders, where we have J = BA. In this case, the famous result of Jerrum and Sinclair
(Jerrum and Sinclair, 1993) proves that sampling is possible when the external field h is consistent
i.e.,, hj 2 0 for all i. However, when the signs of the external fields h; are allowed to disagree,
sampling from the ferromagnetic Ising model is #BIS-Hard (Goldberg and Jerrum, 2007). So our
result also implies sampling algorithms for the ferromagnetic Ising model with inconsistent external
field on expanders up to larger inverse temperatures than were previously known.

Sherrington-Kirkpatrick Model with Ferromagnetic Interaction. The Sherrington-Kirkpatrick
model is one of the most famous spin glass models, and the SK model with ferromagnetic interac-
tions is a natural variant which exhibits a combination of ferromagnetic and spin glass behaviors—
see e.g., Chen (2014); Comets et al. (1999); Talagrand (2010) for rigorous probabilistic analysis of
this model. The interaction matrix J is given by J;; = % + B2W;; where W is a matrix sampled
from the Gaussian Orthogonal Ensemble (so Wij @ N (0, 1/n)). Since BW B, < 2(1 + o(1)) with
high probability by classical results in random matrix theory (Anderson et al., 2010), we are able to
sample in polynomial time from this model for any fixed B4, as long as B, < 1/4.

11
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Posterior in Low-Dimensional Gaussian Mixture Model. A basic clustering problem in Bayes-
ian statistics is posterior inference in the two-component (symmetric) Gaussian mixture model.
More specifically, we will consider that we have data points by, ..., by @ RP and we want to sample
from the posterior under the following Bayesian model: u @ N (0, 1,/p), v @ Uniform({x1}") are
the latent cluster assignments and independently b; @ N(vi p/n u,lp/p). In other words, we
posit thabthe data points were generated by a balanced mixture of two spherical Gaussians with
means+  p/n u and u itself is sampled from a Gaussian distribution. (For simplicity, we assumed
that the data is scaled and centered so that the variance of the componentsis I, /p; the scalings here are
chosen in part to maintain consistency with the next example.) In this case, the posterior on

the cluster assignments v is given by p(v | b) B exp zmﬂl%r(vv, BBY) where B RNx*P
is the matrix with rows b, . (See Appendix G for the derivation.) Note that this is an Ising model
with) = n(”l‘iu) BBY and the rank of J is at most p. Hence, our main result lets us sample from
this distribution (posterior in the Gaussian Mixture Model) in polynomial time in fixed dimension p.
In the case of a balanced mixture, the posterior will always be bimodal due to the symmetry of
swapping the two cluster assignments, and so Glauber dynamics would not be expected to mix.
(Also, our algorithms works for general data points by, ..., b, in which case the posterior can be an
arbitrary positive semidefinite Ising model of rank p — in particular, it could be a Hopfield
network and have even more than two modes.) In fact, the Hubbard-Stratonovich transform and our
algorithm as a whole has a natural interpretation in terms of searching over the latent vector u in this
case (see Appendix E). Finally, we note that this example can be easily generalized to asymmetric
mixture (mixing weights not 50/50); this just changes the prior, which results in an external field in
the (Ising model) posterior.

Remark 3.1 Importantly, the posterior sampling result we establish does not rely on the data being a
typical sample from the posited Bayesian model. This is useful because in many machine learning and
statistics applications the data is not exactly generated from the posited model, and nevertheless
sampling from the posterior is very useful. On the other hand, if the data is indeed generated from the
model (i.e., well-specified) then posterior sampling lets us compute the Bayes-optimal estimator of
quantities of interest, e.g., compute Pr(vi = vj | B) in the GMM example which is the Bayes-
optimal estimate of 1(v; = v;), the indicator thati and j are from the same component.

Posterior in Low-Dimensional Contextual SBM. The contextual stochastic block model (Desh-
pande et al., 2018) is a more complex version of the previous GMM model in which the cluster
structure is also reflected in the community structure of a graph. We consider the low-dimensional
version of this model where the dimension of the contexts p is small—this is morally related to, but
different from, the spiked Wishart model with side information, see e.g., Montanari and Venkatara-
manan (2021). For simplicity, we describe the Gaussianized version of this model below, though
our results also apply analogously to the original SBM version.
The generative model is v B Uniform({£1}"), u @ N (0O, I,/p), W is a GOE matrix, i.e., a
symmetric matrix where independently W;; @ N (0, 1/n) fori < j and W;; @ N(0, 2/n), and
Z B R"*P is a matrix with iid N (0, 1/p) entries. Then we observe
r

A, :
A= Swiew, B - %vu+ Z, UB N (0, I,/p).

Informally, words Aj; is some indication of whether v; and v; are likely to agree, and rows of B
are context/feature vectors in RP from a mixture of two spherical gaussians with means =~ p/n u,

12
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where each gaussian corresponds to one community assignment. In this model, the posterior (see

Appendix G for the derivation) is p(v | A, B) Bexp- ,(vv?, A) %m(vv, BB?) ,soitis

an Ising model where the interaction matrix is the weighted sum of A and BB?. We can sample
from this using our result as long as the dimension p is fixed (since BB? is rank at most p) and
provided ABAR,, < 1/2. Note that if A is actually generated from the model, then BAE,, < 2(1
+ Op>e(1)) due to well-known results on spiked Wigner matrices (see Perry et al. (2018) and
references within) in which case we would have mixing for A < 1/4. Like our previous application,
the sampler works fine with any context matrix B.
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Overview of Appendix

The Appendix includes complete proofs of all of the main results. We set out notations and def-
initions in Appendix A. Appendix B formalizes the argument for handling negative outlier eigen-
values. Appendix C gives the proof of the part of Theorem 1.1 for estimating the partition func-
tion, and Appendix D gives the proof for sampling. Appendix E provides a re-interpretation of the
Hubbard-Stratonovich transform in terms of Gaussian mixture posteriors, and Appendix F contains
supporting technical lemmas for the previous sections. Appendix G contains additional calculations
related to the examples. Finally, we prove the computational hardness results in Appendix H.

Appendix A. Notation and definitions

A.1. Notation

Forasetl BA, weletl -c:= {cx : x @1}; forinstance, ZB Z - [1,22] means 1—% <zk 27 we
will often omit subscripts and superscripts for probability distributions; when we need to be
precise, we will indicate the variables as superscripts (for example, p®H, p°/*). We use a lowercase
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letter p to denote the probability density functions and an uppercase letter P to denote the corre-
sponding probability measure. All probability densities are with respect to the uniform measure on
the hypercube and Lebesgue measure on R". When we write B, the constants of proportionality do not
depend on the variables to the left of the conditioning.

We collect here some notation used in the paper for easy reference.

Probability distributions and partition functions.

1 1
pi,h(o) = z3—exp = (o,lo)+ (h,o)
: Z' 2
Zin= X exp l(o,Jo)+ (h o)
oB{t1}n 2

n 2
[ AL
pJ,J,h pjlh+Xu(0)exp -

0 ED L E
=exp - 0,J% + h+ X%y, 0 -
P 3 W Fa

PYY 1 n(9¥) = PP, (0, Qy)
n 2
ZJ,J,h(l‘l )= ZJ,h+Xu exp - W Z

Zye,jo,h = e ZJ,J,h(P-) du”

Decomposing J.

J =)y -1

Zxx"°

—
+
|

1
n

7= Lxopoy
]I:'l

1
V = subspace of R" spanned by eigenvectors of J . with eigenvalues > 1- =
o

Q = n x d matrix whose columns are an orthogonal basis for V

Probability distributions, partition functions, and partition function estimates from anneal-

ing/tempering.
d
1 3 1
Gridg, = -L+ "n,-L+ "n,...,L- "n
2 2 2
1(y®) = approximate critical point of G(u) = log Ecmp,, xBay 8 [e{ud o4 5 (&, J_u)

hiy”) = u(y”) + x"Qy” + h
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B(y?) = hypercube with sides parallel to the standard axes, centered at y® with side length n

-1
Pe,ys = Pg,y7,h(y?) Where Bg = -
R
exp 1
B(y®?) 2 all 2
R o,f%oc + 2
X2Qy + h,o - “EYE? dy
pM+1(oly ) =
CLUd  ope1pe €XP 3 0,)00c + (XPQy+ h,0)- ,ByE  dy
1 D E 1 D E
ge(0) = exp E(Bg+1—|3g) 0,120 = exp o 0,126 , 18t M-1

D

exp -1(aJ_o) E 2
2 exp X"Qly - y7),0 - Be? dy

exp ({(u(yd,0))  g(yo)
B (y?) = estimate for Zy(y?)

By®) = By.a(y?)

Zo(y?) = Zg,52 h(y?)

gm (o) = gm,ye(o) =

B ZE(y)
R =
e(y”) Poly?)
B Zg(y)
Y Ry (ye)
B_q

X D E
B Rl 1 B B
oo, y) = Bzhy?) Re(y)E  exp > 0%+ (h(y"),0)
yGridf,n

A.2. Background on Markov chains

Let P be a measure on some space Q and T be the transition kernel of the “natural” Markov chain
associated with P, e.g., Glauber dynamics (Algorithm 1) when P is defined on the hypercube Q
= {£1}". The Poincare ahd modified log-Sobolev constants of P are defined as

Var (f)

Cp(P) = sup p :f :{x1}" > R,Varp(f)=10
Cmis(P) = sup E;éf}fﬂ;)gfﬁ) :f :{+£1}" > Rso,Entp(f) =0

where Entp (f) = Ep [f logf] - Ep [f]log Ep [f], and

Ep(f,g) = Ep[f-Lpg]
where Lpf = (id- T)f.
In particular, for Glauber dynamics on {£1}",

1 X"
(Lpf)(o) = - (Ep [f(x)|x=i = o-i] - f(0)).

i=1

Here, for o B {+1}", o-; @ {x1}"~1 denotes all coordinates except the ith one. Note that some
texts use instead the reciprocal of Cp, Cpis, or do not include the nl
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We also define the Cheeger constant of the Markov chain by

A, A

o= min M
ABQ,P(A)<,1 P (A)
4

where Q(A, B) = T(x,B)P(dx).
A

Appendix B. Sampling with negative definite spikes using a variational argument

The proof of the following result gives a generic algorithm which, given sampling access to a dis-
tribution P and its tilts, samples from any distribution Q which is reweighted by a negative def‘ifuite
quadratic form with small trace. As stated, the result applies to any distribution supportedona n-
radius sphere, not just discrete distributions on the hypercube. In fact, when - J is strictly negative
definite, the exact same argument applies not just to distributions on the sphere, but supported on
any compact set.

Theorem B.] Suppose we are given a sampling oracle for a distribution P supported on the sphere
{x :ExB = n}andall of its tilts

dP,

A (A,x)
.

T (x) Be

Also, suppose that for any A the covariance matrix of Py is upper bounded in spectral norm by M.
Then for anyJ B0 and € > 0, if we define the reweighted measure

dQ
= ={x,Ix)/2
T (x) Be ,

then there exists an algorithm which with probability at least 1 - §, outputs A @ R" such that
d
log —O‘(x) <SMTr(J) + ¢
dPy

with runtime and oracle complexity polynomial in n, 1/g, M, log(1/6), and BJ Bop.

Specializing this result to the case of Ising models gives the following algorithmic result.

Corollary B.2 Suppose that J is an arbitrary symmetric matrix and decompose J = J, - J_
where bothJ ., J_ are positive semidefinite and suppose thatBlJ,B,, < 1- lcfor c> 0.LethB@R" be
arbitrary, and define Q(o) exp(l(02J0)+(h, o)) and Py (o) exp(l—(x,g+x)+(h +A, x)). There
exists an algorithm which with probability at least 1 — §, outputs A B R" such that

4

0|P)\(cr) <cTr(Jo)+ ¢

log

with runtime and oracle complexity polynomial in n, 1/€, M, log(1/6), and BJ_B,.

Proof This follows by applying Theorem B.1 with §. = &/2. First, we recall from Eldan et al.
(2020) (as a consequence of the Poincare inequality) that we can take M = 1—05 c where M is

the upper bound on the spectral norm of the covariance matrix of P, as defined in Theorem B.1. If we
supposed we had access to an exact sampler from each of the distributions P, this would imply
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the result. Since we instead will implement each sampling call with a Markov chain (the Glauber
dynamics) which can draw samples extremely close to the distribution P,,, the actual result follows by
coupling these outputs to a hypothetical process which has exact samples.

More precisely, from Theorem 2.1 we can draw a sample from any of the distributions Py in
polynomial time in the sense that for any € > 0, with poly(n, log(1/€)) time we can generate a
sample with total variation distance at most €. If q is the maximum number of queries made by the
algorithm from Theorem 2.1, then by taking € = 6/2q and using the union bound, we can with
probability at least 1 — &/2 couple all of the outputs of the Markov chains invoked at every oracle
call with samples from the true distribution Py. Therefore, with total probability at least 1 — §, the
algorithm which uses Markov chain samplers will output A satisfying the guarantee of Theorem B.1.
This proves the result. [

We now proceed to the proof of Theorem B.1. In the algorithm and analysis, we will use the
fact that stochastic gradient descent with an appropriate step size schedule is able to find approxi-
mate critical points of smooth functions (a stronger and more explicit result is given in the original
statement in Ghadimi and Lan (2013), see also Allen-Zhu (2018)).

Theorem B.3 (Corollary 2.5 of Ghadimi and Lan (2013)) Suppose thatf is a differentiable func-
tion which is L-smooth with respect to the Euclidean norm & - @ in the sense that for all x, y

fi(x) - Bf(y)B < LEX - yE&.

Let f@ := inf, f (x) and define r
T2(F(x,) - f2)
1 .

Then there exists a polynomial time algorithm (2-RSG, the two-phase randomized stochastic gradi-
ent algorithm) which given oracle access to (identical, independent copies of) a stochastic gradient
oracle g such that E[g(x¢) |xt] = Bf and E[exp(Bg(x¢)B2/02) |x¢] £ 1and e > 0, with proba-bility
at least 1 — & outputs x such that®@ R < € using poly(Ds, log(1/68), o, L, 1/€) runtime and oracle
calls.

Df =

Proof [Proof of Theorem B.1] First, we can assume ] @ &/M n without loss of generality by adding
(e/Mn)I to J, which does not change the measure Q and increases the trace by just /M. (This
only changes the final guarantee by an additional additive €, which can be trivially corrected by
dividing € by 2.)

The key idea of the proof is a variational argument. Define the functional

G(p) := logEp [t X7 + g(u,lu)
and observe that its derivative can be expressed in terms of the tilted measure P_; ,:
BG(u) = -JEp_,  [X] + Jp.
Now observe that for any L,

AQ (1) ge-(I0/2+01%) g g-, G (x-u))
dP-) 1
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and so
dQ

(x) = Lem#mlxp)
dP—J [0

where
7 := Epw[e‘zl(x‘“'“x‘“”].

From the definition and the fact thatJ is psd, we have Z < 1. Also, by Jensen’s inequality

1
(X = W, J(X = p)

_ - A X -, (X -
Z = Ep,[e ? X X=1D ] > exp -Ep,, 5

Observe thatif 3 := Ep, [XX®] - Ep, [X]Ep,, [X]? then

Ep,, [(X = m)(X = w1 = Ep, [XX"] = Ep, [XIN" = pEp,, [X]7+ p”
= I+ Ep,, [X]Ep, [X]" - Ep,, [X]u" - WEp,, [X]" + pu=
S+ (Ep,, [X] - W)(Ep,, [X] - W)°

SO
1
logZ 2 - (Ep,, [(X - ) (X - )], J)
= (T (B, IXT = W)(Er, [X] - W% 0)
>

1 1
- 5B 2@, Tr(J) - SEIEp,, [X] - JuB2BER, [X] -

— 58, Tr(J) - % ® ()P, 0Ep,  [X] - u;.

Note that the final lower bound can be maximized if we can find a critical point of G. We next argue
that such a critical point exists.

Note that G(0) = 0 by definition and because we reduced to the case J B (¢/Mn)l,

\Y

log Ep [e* X + (e/2M n)BpES
~BJ uB; + (/2M Nn)BUES > ~BIBopBuE; n+ (£/2Mn)Eud;, (8)

G(p)

v

which is positive provided Bz, > 2M n3/2J0p/s. Hence the global minimum of G must be
attained somewhere on the compact set K = {u : BuB, < 2Mn3/2@) Bop/€}. At this point, we
have proved the existence of a critical point. We next show that one can be approximately found
with stochastic gradient descent initialized at zero, by checking the assumptions of Theorem B.3.

By the invertibility of J, any solution of the equation 0 = BIG(p) = -J Ep, . [X]+ ) satisfies
m= Epj, [X] and hence u B [-1, 1] "and BB, < n. In particular the global minimum satisfies
this, so combined with (8) we have

. . v 2 an 2
infG(p) 2 |an [-r nJOp+ (e/2Mn)r7] > - BB

M < on 2¢ op

Since
B2G(u) = -JEp, [XX"]J + )
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we have that B BG(p)Bop < MBRJBZ + BJBy, =: L which means that G(u) is L-smooth with
respect to the Euclidean norm. Recalling that BG(u) = - Er,, [X]+Ju, we see that if x @ Py,
which we have a sampling oracle for by assumption, then g(p) := -J(x — W) is a stochastic
gradient oracle for G () satisfying Bg(u)& < B BopBx - pA < 2EJB,, n. This means that all of the
assumptions of Theorem B.3 are satisfied and we can find an e-approximate critical point of G using
poly(n, BJBop, M, 1/€) runtime and calls to the sampling oracle. Outputting A := -J p gives the
result.

Remark B.4 The variational argument in the proof is partially inspired by, thought different from,
some previous arguments in the variational methods literature; for example, the construction of
Belief Propagation fixed points using the Bethe free energy, and variants of this argument which
arise from the Thouless-Anderson-Palmer and naive mean-field free energy (see e.g., Mezard and
Montanari (2009); Wainwright and Jordan (2008)). As with all such variational arguments, the key
idea is to construct a solution to a fixed point equation by writing it as the gradient of a well-behaved
functional. To make a more explicit connection with that literature, consider the special case where P
is a product measure on the hypercube {+1}", so P (o) B efho-) for some hg B R" encoding the bias of
each coordinate. Then the equation BG(pn) = 0 is equivalent to -Ju = -J tanh(hpg-Jp) and
because J is invertible, it simplifies to the fixed-point equation

i = tanh(hg - Ju).

This is almost the same as the naive mean-field fixed point equation, except that in that case, the
diagonal of ] must be zeroed out whereas in our case they are not. Relatedly, G() is not the same as
the naive mean-field free energy corresponding to Q, and the positive definiteness of J is not
needed to solve the naive mean-field equations but plays a key role in our variational argument.

Appendix C. Estimating the partition function
In this section, we develop and analyze an algorithm for computing the partition function Z.

Application of the Hubbard-Stratonovich transform. Based on the Hubbard-Stratonovich trans-
form, we can easily prove the following Theorem. (We warn the reader that the notation has a couple
minor cosmetic differences from the Technical Overview, with the goal of minimizing ambiguity.)

Theorem C.1 LetJ BR"™ " be a symmetric matrix, and write ] = lnX BX - J_ forX BRM*N
and J _ negative semi-definite.
Let V B R™ be a subspace. Let P? and PP be the projections onto V and V2. Let J¥ =
AXPPPX andJ? = J - JP. Then
7 2 ‘ A
Z)h = 21?/ Lo jo p, where  Zjs oy, = VZJ,h+XH exp -, p—du.

Note that in the special case that V. = R™ and J_ = O, this gives a decomposition of the prob-
ability measure in terms of product distributions in a similar manner to (Bovier and Picco, 1998;
Bauerschmidt and Bodineau, 2019).
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Proof [Proof of Theorem C.1] We decomposeJ = J? + J¥ and apply Lemma 2.2to X & PPZX
with y2 = 1/n:
X 1

Zyh = exp (o,lo) + (h,o)
cB{t1}n 2

X D E

exp . 0,)% + (h,o) exp iPXG ’
oB{£1}n 2n .
D E D E

- nh X exp 1 0,26 + (h,o) exp XPP?{¥, o —Euz du®

2n oB{£1}n 2 v 2

Z 2

n/ VA peXp - _. un
Tt ve JZ, h+X%u _

N |

du”?,

as desired.
|

We can define an associated probability distributionon {£1}" xV with Z j7 @ 1, asits partition
function:
. D E D E 5
H H EPE B
P (o) Bexp 5 0,0% + h+ X" o - O

Choosing an orthogonal linear transformation Q : RY > V, we will also define the distribution

J. Iy h(cs y) = pJ. ? (10 Qy). In Appendix E, we will interpret p* J"J
Gaussian mixture model after seeing samples given by the columns of X .

, s the posterior of a

Estimating the partition function. For a PSD matrix A, let rank (A) denote the number of
eigenvalues of A thatare 2 t. Note that rank;(A) < AZF. For ease of exposition, we first prove
the theorem when in the case where J has no negative eigenvalues.

Theorem C.2 Leteg, 6 @(0,1). Suppose J is PSD. With probability 2 1 - §, Algorithm 3 outputs
an ef-multiplicative approximation to Z n,

e *Zin < B,h < 2y,
in time (RJ@,, n), "2k *10O log s/ €%

Given a probability distribution p on {£1}", we can define the Markov chain in Algorithm 1.
ForoB{+1}", weletc() = (04,...,-0j,...,0,) denote 6 but with the ith coordinate flipped.

Algorithm 1: Glauber dynamics on {+1}"
Input: Query access to probability distribution p(c) on {£1}", up to constant of
proportionality; number of steps T.
forl< t< T do
pol?)

Choose a random coordinate i, and set 6 < o'i) with probability COITIGR

end

The following lemma gives fast mixing of Glauber dynamics for the Ising model, when the
spectral norm of the interaction matrix is at most 1.
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Lemma C.3 SupposeJ B R"*" is symmetric and PSD with BJB,, < 1. Then the modified log-
Sobolev constant Cp.s for P; p is at most e1/2n2, and the mixing time is bounded by O(nZ log n).

Proof For a symmetric matrix with diagonalization A = UDU®P, let D<. denote D with the entries
> T replaced by T,and A< := U D« UZ. By Theorem 2.1, the modified log-Sobolev constant for
D E

pJﬂ_&,h(o)exp ,} 0'J51-i0 + (h, o)
-1
isboundedbyn 1-1J_,_ = n2. Since
nop
! !
og —Punl®) log Dot Do (- )oE

0. (o) -~ ’ <1-
I3J<1—l'h(o-) ZJ,h 2 nl

1 1
ZJ—Jsl_;;bn-[o,l] 0,2 = (9)
by the Holley-Stroock perturbation lemma, the modified log-Sobolev constant for p; , is bounded
by e1/2n2,
Finally, the exchange property holds for p; n by (Anari et al., 2021, Lemma 37), so by (Anari
etal., 2021, Lemma 36), the mixing time is bounded by O((n + Cymis) logn) = O(n2logn). W

Lemma C.3 implies that Glauber dynamics gives an efficient algorithm for sampling in our
setting. To obtain an algorithm for partition function estimation, we use simulated annealing. Sim-
|glated annealing is a generic method to obtain an algorithm for estimating a partition function
o G dw, given access to sampling oracles for a sequence of distributions pg B g¢ such that (a)
1 is known, (b) for each €, pg and pg+1 are “close,” and (c) pm+1 B Q.

Lemma C.4 Let 0< &< 1. Suppose that pg,1 < €< M + 1 are distributions on Q, and that in
Algorithm 2 we are given sampling oracles for gy 1 < £ < M such that the following hold for each 1
<¢< M.

Var ,(ge(x)) 2

1. (Variance bound) W-

2. (Bias bound) Ep,ge(x) - Epege(x) < e
e

Then taking N > 3209°M and R > 32log g With probability 1 - §, the output Z satisfies
7 Bles,ef]-Z. e

The proof is standard and given in the appendix.

We can now give the algorithm and proof of Theorem C.2. We show that a non-adaptive tem-
perature schedule of length O(n) is sufficient for partition function estimation. Note that a shorter
schedule of length O( nlognloglogn) is possible, and can be found in n polylog(n) total queries to
approximate sampling oracles at the different temperatures (Stefankovic ét al., 2009), but we use a
non-adaptive schedule for simplicity. Coordinate-wise sampling is also possible, but we will need a
sequence of distributions at different temperatures for our sampling algorithm.
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Algorithm 2: Simulated annealing for partition function estimation
Input: Sampling oracles for g, (approximations to py & gg) for 1 ﬁ £ < M (distributions on
Q), for example, Glauber dynamics (Algorithm 1); 2, = o 01 dw; number of samples
N ; number of jrials R.

Output: Estimate of el dw foreach1< €< M + 1.
- qe+1(x)

Let gg(x) := Gt
for1< r< R do
Let Pa = 7.
for1< £< M do
Obtain sampILes X1,...,XN B R2
P=- 1 0
Let ¥ = N k=1 gE(Xk)-
Let per+1 = Zberbp,.

end

end
for2< £< M+ 1do n o

Let 2y be the medianof 4y :1< r < R

end

Proof [Proof of Theorem C.2] We may assume € 2 27", Set the temperature schedule as B¢ = ""—1f10r
1< €< n+ 1. Let M = n+ 1 be the length of the temperature schedule. We set parameters as

d
suggested in Algorithm 3. Then the total time complexity of the algorithm is O % M NRT

times the complexity of each Markov chain step, which gives complexity O (BIE,, + 1)nd

o Poly(n)lzog(ﬁ) = (2 op n)O(rankl(J)+1)O log g/sz.
&
Recall that we define the distribution pj" 12 ,rgo’ y) = p"J’ql '&0, Qy). We now fix a particular

’

y?, and write for short gm = gm,ye.

. : , ' 22 ,
Choice of ratios gg.  Define Zyu u ,(W”) := Zyu ,xzpaye €Xp =, W7 . We first compute

X D E D E
Ep 8w = 1 exp 1 o,Jec + XeQyse+ h,o
M ZJ,h(y) O'{i'l} 2
z P "o £,
exp X Qly-y)o - 5ByE
B(y®)
1 x Z p E D E
= — exp - o0,]%¢ + XPQy+ h,o - —ByE® dy
Z12,h(y?) gppzgyn BIYO) 2 2

B(y)ZJ’J’h(Qy) dy

Z9,h(y?)
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Algorithm 3: Approximating partition function of Ising model. (Steps in italics are only
needed in presence of a negative definite spike.)

Input: Ising model (J, h), cutoff L, discretization n dividing evenly into L, desired accuracy &,
failure probability 6, number of samples N, number of trials R, steps to run Markov
chains T, threshold c & (1, ==].

Output: Approximation of partition function Z; .

: = AJ P —M— = M
Suggested parameters: L = ©( BB, , + 1),n< —~Tion — N=0 'Z; where

d
M=n+1R=0 log (L/g) ,andT = © n?log 2 .Takec= ooifJ is PSD.

If €< 27", calculate Z;, by brute force.

Let) = J, — J_ wherelJ, andJ_ are positive semi-definite and negative semi-definite,
respectively, with column spaces intersecting only in 0.

FactorJ, = *XX® forX BRM™",

Let V denote the subspace of R" spanned by the eigenvectors of J . with eigenvalues > 1 - —C
Let P2 and P2 the projections to V and V2. Let Q @ R"*¢ be the matrix with columns that are
an orthonormal basis for V.

B - xZpBx B - xZpBx

Let)J¥ = *——"-andJ® = " —"——

fory'lGnd"'L = L+—n, L+ 2n,...,L- —r] 4 do
N
Let u(y?) be an apprOX|mate cr|t|cafp0|nt of
G(u) = logEgpp o [e‘(u Joij+ 1 (u J_u), found using stochastic gradient

descent (Theorem B. 2/B § with sampling oracle given by Glauber dynamics for
PJl’Xle.+h. (IFJ- = O, let u(y?) = 0.)

Let B(y®) denote the hypercube with sides parallel to the standard axes, centered at y ®with
side length n.

Apply Algorithm 2 to the Ising model, with sampling algorithm given by running Glauber
dynamics for T steps, for the following sequence of distributions (1< €< M = n+ 1):

p{’.«: pujlh(y)
", D E
ge(o)=exp — o0,J80 , 1<8€<n
2n
D

exp -1(aJ-o) E 2
2 exp X'Qy-y), o - Z@V dy

exp ((u(y 9, o)) (o)
where h(y) = p(y) + X"Qy + h,

gm,yz(0) =

and initial partition function

Yn
Z1 = Zo,niye) = 2" cosh ({x;, Qy”) + hy)
i=1

to get estimates A (y?) for1< ¢< M + 1. Let Zqy?) := ZRy.1(y?).
end

dp i
Return ® = znﬁ 2 y?BGridg ley)-
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Hence
_ R z
Y Nt Zg, 0 a(y?) Zi7,5m,n(QY) dy
i Epge= Zonyn o MY BV T = Z o s (Qy)dy.
o=1 o1 ZBet? hiy?) Zy hiy?) Bly?®)

Variance of gg.  With ge(o) = exp(3(Bes1 - Be)o?P0) = exp ,:0%)%0 , we bound

i 12 EPPegez £ 2 10
< . = < < e.
gelo)< exp  -n e’’, (E ,g0)? S PeBp S € (10)
We also need to check the variance of
n z D E n
gm(o) = exp - Ey2 exp  XZQ(y-y?,0 + > pye@? - @y@>  dy
B(y?)

3 p o q
Note that Xs EIE,,, soP Xop < nBJB,,. We check how much the exponent can

op op’

vary on B(yB):

D E
X By-vy)o + y B??eyE < @y-y@% Xo ygl-y@
< 5 a nBJB,, n+nlL d< > (11)

. Epy (8 (o)1 .
< N P M <
when n < PO m,o_pd. his makes Epy BV (0] S e as well. We note gp can be easily

evaluated since it can be written as a product of integrals of a Gaussian on an interval.

Bias of Ege. For the approximate sampling oracle, we let |, be the distribution after running
Glauber dynamics for @ n?log 0 steps (for an appropriate choice of constant). Then by Theo-

rem C.3 and (10), Epegg(c) - E epegg(o) < drv(Pg, Peg- e1/2 S amE

Using Lemma C.4. By Lemma C.4 with 6 replaced byﬁ’d—, usinE a union bound, we obtain

that with probability > 1—6,foraIIyGr‘f‘dL,n|,°Z(y) Ble"2,e2]- B(y)ZJ,JIh(Qy)dy and
so
X VA A
-t & _ &
Hy")Ble 2, e2]- Zys 6 p(Qy) dy = [e72), e2] Ze o p(Qy) dy.
yGridﬂn yGridEn B(y?) Byl < L

R
Error from cutoff. We would like to estimate Zyu ;o , = ¢4 Zj ;o , (Qy) dy, so it remains to

show that at least e~ 2 of the probability mass of p(o, y) is contained in {+1}" x [-L, L]9. For this,
it suffices to fix o, and show that P (y B [-L, L]9] o) < 52 We have by Lemma E.2(3) that

n d/2 " oiPPx;
pJ,J,h(ylc) = M exp B -szy— % @,
q
Using X?PP, < n@JE,,, we get
P
L oiPx _ XPPP v a_
SES /LA PR S P BUE,,.
n n P

2
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[o] g q
Hence takingL = Q QIE,, + 1 = Q RIB,, + log 1 /n , we have
X" I3 I3
P(yR[-L L] < P(y;B[-LL])=n- = 3 (12)
n

i=1
Putting everything together and using Theorem C.1, we have with probability 2 1 - § that

n, ¢ X e .
Dly")B[e ™, e?] Zn e -
yPBGridg

|
C.1. Estimation with positive and negative spikes
We now analyze Algorithm 3 when there are negative spikes to prove Theorem 1.1(1).
For y® Gridﬁn, Algorithm 3 uses Corollary B.2 to find p(y®) such that
!
dP
log I+ X?QyP+h < cTr(do)+ 1. (13)
dPy,x2ay?+h+u(y?)
Letd 3, = JB - J_ = J - J® Wefirst calculate
X D E e 1 - >
Epy8m =, 1 exp, &,1% + (h(y"),0) xp’'-5{0l-o
M c{il}” 2 exp ((y ;o

Z 7| ?]
: exp? x2Q(y - y?), 0 E- y2 dy
B(y?)
1 x £ P E D E
= __ - exp 3 o,(J8-J-)o + XPQy+ ho - Ey2 dy

Z12,h(y%) gpqeqpn BOYP)

R (14)
B(y)zj'jlh(QY)dy

212, h(y?)

as before. ,
£
We now bound (Eg%“)”z . First we bound

z D E

®p - 3(o)-0) X
2 ; exp XZQ(y- y%),o - d
eXp Y E, O gy (y-v) , BV dy

gm(o)

z D E

7 B
eXp % 01__] |0'_+ _X_ Qy + ho_. exp XQ(V _ y),0 _ 2 2 dyS

exp 1{o,Jgo)+ {hly g,0) B(y?)

2
, h 7
exp(cTr(J-) + 1) Eh Ay 7 exp - n yzr]del/2

Z1%h(ye) 2
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using (13) and (11). Next, again using (11), we bound
X exp. l_o, J g0 +

Er gml(o) = 2
y oTtEll 7 o
X Qy + h,o o D
27 TP h(y") E n
— 2
exp X Qly-y)o - 2@y@ dy
B(y®)
. Lﬂioli exp—n Ay2E2nde 12
7 J8,h(y®) E

Hence

2
%Z < exp(2cTr(l-) + 4),
and this is the extra multiplicative error we incur in estimation. The rest of the estimates in the proof
are the same as before.
The above concludes the proof of our main result for computing the partition function. We
now briefly discuss the performance of this algorithm under the “naive mean field” assumption
BN ,2: = o(n) referenced in the introduction and introduced in (Basak and Mukherjee, 2017).

Remark C.5 Suppose we want to bound the performance of the algorithm from Theorem 1.1 in
terms of Frobenius norms. This will be very wasteful compared to the original statement, but is
useful for comparison.

For simplicity, we can make the common assumption that the diagonal of J is zero, which means
that the sum of the eigenvalues of J is zero. Then we can choose the interval [-1/3, 1/3] as the
interval of length at most one in the application of the Theorem. The runtime for estimating log Z to
additive € error will be at most

|
(BIE,. n),(d++1)0Ry + - +ha - d_/3)°

g2

P
where —=\1, ..., —Aq_ are the eigenvalues of J below —1/3. Now clearly we have if"l Ai <
P -1 3\2 < 3@)@2 and d, < 3BJB2. So we have a crude bound on the runtime as

|
2 .
(NBJBlop) o/ %

g2

In particular, provided 1) % = o(n/log(n)) we have that this is subexponential time. So the result
works up to almost the same subexponential time regime as the algorithm in the work (Jain et al.,
2019) when specialized to the setting of Ising models. Depending on the precise properties of J, the
precise runtime of the new algorithm could be faster or slower than the algorithm of (Jain et al.,
2019), but the approximation error for this one is much stronger (additive error € to log Z).
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Appendix D. Sampling

We now turn to the problem of generating samples from the model; for the reader, note that this
section builds on results and uses notation from the previous section on partition function estimation.

By choosing y? @ Grid{ , = -L + zl—n, -L+ 23—n, e, L= er] 4 with probability propor-
tional tolZ (y?) estimated by Algorithm 3 and then sampling from P‘J’V,J,h restricted to {£1}" x
B(y?), we can obtain an algorithm for sampling of the same order of complexity as in Theorem C.2.
In this section, we give an algorithm that only has logarithmic dependence on € and prove Theo-
rem 1.1(2).

Let Zg(y?) := Zg yo,n(ye) for1< £< M and Zm+1(y?) :=
the approximately normalized probabilities

B(Y)ZJIJ ',(Qy)dy. Denote

Z,(y?)
qey” = pBeJ,h(y)

where B¢ = B'Tl Overloading notation, we will also write pg ya for PB )%, h(y?)- Note that we can

compute the ratios of different ge y2’s, as we have q¢ y2(0) Z-Twi-exp ,1o0, BedZ0 + (h(y%), o) .

We define a Markov chain on an expanded state space {1,..., M} x Gridd , x {£1}", where
the first index denotes the “temperature” of the distribution. This is similar to a simulated temper-
ing chain (Marinari and Parisi, 1992), with two types of moves: between temperatures and within
temperatures. However, there are two differences with a standard simulated tempering chain:

1. We use a different normalizing constant Z (y?) for each value of y?, in order to make sure
the stationary distribution is roughly uniformly distributed over the y2 Gridd,.

2. Within any temperature other than the highest one, we do not allow moves that change yZ.

Finally, we do simulated tempering on the space GridLl‘ﬁ] x {+£1}" ratherthan[-L, L]9 x {£1}" for
convenience; this adds an extra rejection sampling step at the end where we compare the distri-
butions on {y®?} x {*1}" and on B(y®) x {+1}", similar to the final ratio gn in partition function
estimation.

We need the modifications for technical reasons to make our proof work; it is an interesting
question whether a more standard simulated tempering chain would work. Our proof strategy is
based on a Markov chain decomposition theorem similar to Ge et al. (2018), which we will now
introduce.

Given a Markov chain on Q, we define two Markov chains associated with a partition of Q.

Definition D.1 (Madras and Randall (2002)) For a Markov chain M = (Q,T), and a set A
Q, define the restriction of M to A to be the Markov chain M | o = (A, T |a), where

T|a(x,B)= T(x,B)+ 1g(x)T(x, A®).

(In words, T (x, y) proposes a transition, and the transition is rejected if it would leave A.)
Suppose the unique stationary measure of M is P. Given a partition P = {Aj :j B}, define

the projected Markov chain with respect to P to be M' = (J, T" ), where
Z Z

T°(i,j) = T(x, dy) P (dx).

Al A

P(A)
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Algorithm 4: Simulated temperingon {1,...,M + 1} x Gridﬂn x {£1}"

Input: Ising model (J, h), steps to run Markov chain T (suggested @(n*d log(n &) Bop /€)).
Run Algorithm 3 to obtain partition function estimates Zg(y?) for1< €< M+ 1= n+ 2.

Let¢= 1. Draw y? @ Gridd, = -L+ Jn,-L+ 2,...,L- h d, and then draw
ol(/ )
o Po'h y(ly)
forl1< t< T do n o
. e, 1 _ . ;. . de+1,y B(0)
With probability z, if £ = M, set & < €+ 1 with probability mmn g (o) é .

With probability %, if € = 1, set & ¢~ £ - 1 with probability min 1
With probability %, begin

if 2= 1then
With probability %, reselect a random y® Gridfn, and then draw
ol(
o B Py ol 1Y7).
end
. . (i) . . qe,y(G(i))
Choose a random coordinate i, and set 0 < o' with probability Gei(o Trag i (o)
end

end
if 2= M then

Draw U & Uniform([0, 1]).

if U < (4emaxB,,, (y?)exp(cTr(J_) + 1))‘1bM(y)gn+1’y(o) then
| Return o.

end

end

If failed to return cnmplp, re-run the prnrndurp

(In words, T (i, j) is the “total probability flow” from A; to Aj.) We omit the superscript P when it
is clear.

The following theorem lower-bounds the gap of the original chain in terms of the gap of the
projected chain and the minimum gap of the restricted chains.

Theorem D.2 (Madras and Randall (2002)) Let M = (Q, T) be a Markov chain with stationary
measure P. Let P = {A; :j @)} bea partition of Q such that P (Aj) > Oforallj @J. Then
1

2Gap(ﬂp) min Gap(M|a;) £ Gap(M) < Gap(M').
i)

We can now prove our main theorem for sampling.

Proof [Proof of Theorem 1.1(2)] Let M be the simulated chain in Algorithm 4. Below, we condi-
tion on the event that all the ﬂ(y) are 2-multiplicative approximations of Zg(y®), that is, Z?(y)
%, 2]-Z¢(y?). As in the proof of Theorem C.2, if we choose the failure probabilitytobe O & 5
by Lemma C.4 and a union bound—this time applied to the estimates at all levels ZB(y®)—this event

happens with probability 1 - O(g).

d
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We let P St denote the stationary measure for the simulated tempering chain, and PSBt denote the
measure restricted to {8} x Gridf'ln x {£1}".

We use Theorem D.2 with the partition given by Ag ye = {€} x {y } % {£1} . The restric-tion
M |A(,le is a lazy version of the Glauber dynamics chain for Pg\? (that is, with all transition
probabilities halved, or multiplied by %‘ in the case & = 1), which has Poincaré constant bounded by
O(n2) by Lemma C.3.

First, note that by construction with the Metropolis-Hastings acceptance ratio, the stationary
distribution satisfies

Zo(y"?)

zhly?)

For the projected chain, we use Lemma F.3. We check each of the conditions.

p((8,y") BRe(y”) := (15)

1. To bound the “bottleneck ratio”, note that for k < &, letting p;(y?) = p(y®j) =

v Grid‘len Pty

P
Py?) RV yngrigg, Rely) g
= P ‘ > —
PelY?) Rely®) yogria, Rely) ~ 4

using the fact that the ) (y) are 2-multiplicative approximations, so that Rj(y?) [l2 2] for
each j, y2.

2. From (15), we have g((((g;')))) [} 4]. Note that for ¢, 8 + 1B [M],

Pex1,y? (0) Zg(y)
—————= exp({o, +1 - Jo)) ——————= 0O(1
oo (0) p({o, (Ber1 — Be) >)zgﬂ(y@ (1)
because the ratio of individual terms in Zg,ye and Zg+1,yz is ©(1). Hence
= X ( 29§ )/2y ®)  Pes1y0) )
T((e,y"), (2 1,y7) = min =t PSS b ye(o)
ol{£1}n Zé) i(y ¥/Z, i{y) pﬂ,y( o)
X
> 1 min MI Pg,y2(0)
40{11}n Pe,y: (0)
iy o PlEE LY
- - p((&, y2))

where we used the fact that 23 (y2) are 2-multiplicative approximations. We also note

LY, (L) 2}, 0.

Hence, condition 1 of Lemma F.3 holds with constant Dpigh and Dag;j.
3. Finally, forany1< €< M,

P
ch_i‘dL/n Bﬁ(y) S 1

P{e}x Grid g x {£1}" = P,

p >
e=1  ymGridg, Re(y) 4M
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Hence by Lemma F.3, the Poincaré constant of M is O(M?2) = O(n?). Since M | Ao have
Poincare constant bounded by O(n2) for each yB, noting the spectral gap is the inverse of the
Poincare constant and using Lemma D.2, we get that the Poincare constantof M isCp = O n2-n? =
O n* . For the mixing time, note that the starting distribution is the restriction of the stationary
distribution to {1} x Gridg , x {£1}", which has at least ,4, of the mass. Hence the time until the

distribution is e-close to the stationary distribution (and all restrictions to {€} x Gridd, x {1} n,

1< €< M areeclose)isO Cplog M

Let Pn +1 be the probability measure on {+1}" x Gride,n with probability mass function given
by
R
expl
B(y?) 2 all 2
0,1%0 + 2

=

X2Qy + h,o - “BYR® dy

Pmasp(0y )= ;

[cLL)d  oB{z1}¢ EXP 21 0,0 + (XZQy + h,o) - Z-PEy dy
that is, it is obtained from restricting pJ:‘fxqwh(o, y)to{£1}" x [-L, L]9 and then rounding y to

the nearest grid point. Except for the fact that this measure is restricted to [-L, L] 9, this is the
distribution we wish to sample from. We also know that

B,
E

> X ;
pi(o,y) = BzRi(y R (v)EF exp So.0 & + (hly ) o)
yGrid‘L’/n

In terms of W, the acceptance ratio in Algorithm 4 is given by
mlo,

(4e max RA+1(y?)exp(cTr(J-) + 1)) 2R (y?)gns1,y2(0)
yPEGrid ¢ | R

[- 11 ZJ,JaI,h(Qy)dy _pma(o,¥7)

= (4e max D (y¥)exp(cTr()_)+ 1))t
yaeGrde, yoGrids, RM(y) pf (o, y?)

(16)

Pm+ 40,¥9)

ol o) SO it is the correct rejection sampling ratio. We need to show
wl o

This is a constant times

that this is always at most 1, and give a lower bound for the coefficient of W
(o,
1. Ratio is at most 1: We first consider
pme(o,y?) 75101”1(0)7 pm+1(oy?)pm+1(y?)
Paa (0 Y7) T Piany2)(0)P5AY®) Py b xeayeen(0) .
P15, xe aye+h (0) pm+ 1(0]y?) | sym Zinn,n(Qy) dy
Py, h(y?)(0) B RibY ) Py o xeay+n(0) (o 1pe Zys o, (Qy) dy

Y

8Grid d @RM 2

R
pm+1(o]y?) R s(y?) Z17,0,n(QY) dy

Rt (y)5 exp(cTr(J_) + 1) -

IN
N
BRI

yaGrid , P.p.xay, (0) -1,y Zyoy,n (Qy)dy
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where we used the guarantee obtained from Corollary B.2. We also note

D E
pm+1(oy”) exp X7Qly - y7) - "eyER dy
Pig . xzay?+h (0)  B(y?) 2

exp - Znyz [e712, e1/?]

by (11); hence, because probabilities integrate to 1, the ratio is bounded by e. Combining
with (16), we obtain that the acceptance ratio is bounded by

RB RB
1 (y)ZJ’J'h(Qy)dy 1 (y)zjlj’h(Qy)dy 2

— . < <
> - 1 -
maXyGridLn Zm +P(y) 2 2 maXyGridf',n Zm+1(y?)

2. Lower bound for coefficient: The reciprocal of the coefficient is

mx IZM+1 (y) )

X
exp(cTr(J-)+ 1) - Rm (y)

4eR—t
[, ZJ,Jn,h(Qy dy yBGrid .
R :
z (Qy) dy 2L ¢
< de-exp(cTr(J_)+ 1)-2 max REpYY =2 iah ., 2L
\/Grid"-,n [, 1d J,Jallh(Qy)dy n
2L ¢
<

16exp(cTr(J-)+ 2) —
n

d
Thus we can apply Lemma F.2 with C = 16 exp(c Tr(J_) +2) 2L . Replacing € with &, we get

that the distribution restricted to {M } x Grid,f{n x {£1}" after rurrl]ning forQ Cplog M—s@ steps
is = close to P st in TV-distance. By Lemma F.2, an accepted sample will be & close to Pp+1.
Fina(ily, because L was chosen large enough so that P (y B [-L, L]9) < £ asin (12), we conclude
that the marginal distribution of o is e-close to P; 1. The expected number of trials until acceptance
will be O(CM) = O(nexp(cTr(J-))(2L/n)d9). [}

Appendix E. Interpreting the Hubbard-Stratonovich transform as as Gaussian
mixture posterior

In this Appendix, we discuss at length the properties of the Hubbard-Stratonovich transform and its
possible interpretation as a Gaussian mixture model posterior. For the most part (and unlike all of the
other appendices in this paper) this discussion is pedagogical, though some simple formulas stated
here are used elsewhere in the paper.

Throughout this section, we consider the case when J is positive semi-definite (PSD). In this
case, we can write J = anX for X Rd*n, for d = rank(J) < n. Let x1,...,Xn be the
columns of X ; we will re-interpret the Hubbard-Stratonovich transform as giving the posterior of a
Gaussian mixture model after seeing samples x1, . . ., Xn. (The precise model is a very slight variant of
the Gaussian mixture model described in the main text and applications sections.) We consider
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the following augmented model, which is a density on {+1}" x R9:
Y

; 1
px,h(o, p) = 10 "exp - Boix; - ue* + hio; (17)
Zhh =1 2
where ZjJ°:t = X exp - 1@oix; — P& + hio; dp. (18)
’ RY sm{z1}n 2

(As we will see below, Zjoji”ht does not depend on the choice of X.) Note this can be interpreted as the

posterior distribution for a Gaussian mixture model (with two components, symmetric around 0 with
identity covariance) p(x|p) Bexp -, Bx L uE® + exp - , Bx # uE*  with uniform prior on p

and prior on o given by pprior(0) eth.9) where o represents the class assignhments (to the Gaussian
with mean (L or mean —p).

We summarize the connection in this lemma. We will drop the subscripts J, h when they are
clear.

Lemma E.1 Consider the distribution px,n(0, p) in (17) and let) = 1XZX. The following hold:
1. The marginal distribution of o is p;,n(o) (in (1)).
2. The marginal distribution on p is
oMl Ye
p(p) Be 2™ cosh({xi, u) + hy).
i=1

3. The conditional distribution of o given W is a product distribution,

Yn
plo|w) @ exp (oi({x;, u) + hj)).
i=1

4. The conditional distribution of i given o is a Gaussian distribution,

P !
n n 2
p(ulo‘) = Eexp - D M- &

2n 2 =n

5. The partition functions are related via
N n/2
z°" = 2n -, Tr()Zy,n.
s 28 exp -, Tri)Z,

As a consequence, to sample from p(o), it suffices to sample i from the above distribution, and
then sample L conditional on p (which is immediate).
We calculate the Hessian of — In p(u):
Xn Xn
-@%Inp(u) = nl - x;x®+ (1 - sech®({x, )+ hi))xix".,
i=1 i=1
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>
Note that this is convex (and hence p(j) is log-concave) when ] = %] ni:1 xixP @1. This obser-

vation can be used to infer an efficient sampling algorithm for p; n by first drawing a sample from
p(p) (using algorithms for log-concave sampling such as Langevin dynamics (Durmus et al., 2019))
and then drawing from p(o | W), as observed in Bauerschmidt and Bodineau (2019). This gives an al-
ternative algorithm to the Glauber dynamics (which mix rapidly under the same assumption (Anari et
al., 2021)), albeit one which is not as fast.

We note that our decomposition is similar, but slightly different from the decomposition in Bauer-
schmidt and Bodineau (2019). Both approaches decompose p; i as a log-concave mixture of prod-
uct distributions when J B I. Our approach has the advantage that when J has a few large eigen-
values (eigenvalues greater than 1), the distribution on L is still log-concave in the other directions.
We note the log-concave decomposition technique was used extensively in analysis of the Hopfield
model (Bovier and Picco, 1998; Talagrand, 2010).

Proof

1. The marginal distribution of o is

Z Yn Z n
i 1 2 _ 1X 2
exp - ZBoixi— WB°+ hjo; du= exp - = Boixj - WA + h;oj
jont 2 joint 2
Zjh RYj=1 Z)h R i=1
p
1. z n ot o1 XM 1X "
= expl — - =717 4 — oix;xcj - Bx;B° + (h,o)adu
jont 4 f n 2n J
J,h R i,j=1 i=1
n/2
= 1 2n - laxam log XX + (h 19
Zﬁﬂ?t o exp 5 2 exp 20 AR o+ (h,o) , (19)

where the last line uses the fact that the integral of exp - "—Zu - MoB? s a fixed normaliz-

ing constant, for any po. Finally, we useJ = %]X X2,

2. This follows from factoring the product,

X Y, 1 5 Y X 1 5
p(p) exp - Boixj— p&°+ hjo; exp - Boixi - ME° + hioj or{t1}n
i=1 i=1 oi=+1 2 2
yn X y n
e~ BT’ et mhi) g o=, B8 T cosh((xi, 1) + hi).
i=1o0;=+1 i=1

3—-4. These follow directly by noting p(c|u) B p(o, p) for fixed y, and p(u]|o) & p(o, n) for fixed
o.

5. This follows from comparing normalizing constants in (19).

[ |
Lemma E.1 gives a decomposition of p;  into a mixture of product distributions p; h(o) =

rd p(o|w)p(K) du. We can instead only condition on the projection of W to a rank-d subspace V
and obtain a decomposition in terms of rank-(n - d) Ising models. We will choose the rank-d
subspace to contain the eigenvectors of J with large eigenvalue.
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We define the distribution px,hv (o, u% u%) on {£1}" x V x V2 by px hv (o, u? u?) =
px,h(o, u? + p?).

Lemma E.2 Consider the distribution p(o, u®, u2). Let P? and P ? be the projections onto V and V
%, respectively and let J® = XZpPEX, )8 =) - @,

1. The joint distribution of (o, u?) is given by

. (n-d)/2
plo,pg) = 1\, 21 exp -Nn Tr(J)
71,h n 2
E D E i~
-expzfo,Jc + X?PPu+ h,o - 2”7'
2. The distribution of o given p? is
D E D E
plolpe) = pje puxeye(0) Bexp % o,lzc + h+ Xaw,o
3. The distribution of p? given o is Gaussian,
P 2
d n
= B-pf- =107 7@
P lo) = 5 “expl ¢ .
4. LetZyn jo 1= gy Zyo g0 p (H7) dU® where
n ?
ZJ,J,h(”‘ ) L= ZJ,XPu+h exp -— M dp. (20)=
X 1 2| E D ?| ?| E n ?2
_exp. o0,0% + XPPPpu+ h,o - WP, (21)
oB{£1}n 2 2
Then we have
o d/2
2" = 2n oexp-_ r0%)Z,0 6 4. (22)
Lh n— 2 T - J%, 0%, h

Proof
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1. We integrate p(o, u?, n?) along V2 and complete the square in p?; integrating gives a 2%

(:_d)/z normalizing constant:
VA
p(o, u%) = CATCATR TS
1 ¢ 1 X 2 2 '
= ot exp -5 oiPxi = W + oiPPxi - W + (h,0) dpa
ZJJ,h WV E 2 i
z " D E X
1 1 ?] 2 X 7] ?] X 7] 2
= o exp - = nu? - o M P + P Bx; b
221 weve | 21 |
. . Xn ?] ’)2
+ oiPPx; - + (h,0) dug
i=1
4 2
; n 5 1 n 5 1 n o
= 1 exp - -t Kot o+ + Kok
Zi,h epve 2 ni=1 2n =1 |
n n *
7] ?] 7] E 7]
S X pay 221X pay, 2 XBPu,o + W 2 +(h,0) du
2i=1 i=1
(n-d)/2 D E n )
=_1 2n exp 1 o X P X5 - laxp2+ XZPPu+ ho - P
Zom m P2 9—n— 2 F H+ M

Finally, we rewrite in terms of J® by usingJ® = X®pP®X,
2. This follows from fixing u? in the joint probability density and expanding.
3. This follows from fixing o in the joint density, expanding, and completing the square in p2.

4. This follows from setting the integral of the joint density equal to 1.

Finally, we note that although the interpretation as a Gaussian mixture posterior only makes
sense when J is positive semi-definite, the decomposition still works for general symmetric J, as we
can multiply the distribution by exp -+ (o,g_o) . We note that combining Lemma E.1, part 5, with
Lemma E.2, part 4, gives us Theorem C.1 in the PSD case.

Appendix F. Technical lemmas for partition function estimation and sampling
In this section, we collect some technical lemmas we will need for analyzing our algorithms for

partition function estimation and sampling.

F.1. Simulated annealing

For partition function estimation, we use the following lemma, which roughly says that when the
variance of some random variables are close to 1, then the variance is additive under multiplication.
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Lemma F.1 ((Ge et al., 2020, Lemma B.2), cf. Dyer and Frieze (1991)) Let Yg, € =
be independent variables and let Y = EYg. Assume there exists n > 0 such thatnM < land

EY2< (1+ n)Ye,

then forany € > 0 I

Yi-Ym-Y1i-Ym € 5nM
P — — 2 — <
Yi--*Ym 2 g2
R 2
Proof [Proof of Lemma C.4] Let Yg = Epe%= 43%. By Lemma F.1 withn = -
Q
! Pq Q,
W 1 e W &1 Ye- Y £ 8onM 1
P Yo B [e¥%,e¥%]- Yy < PO _Q _ > —[@< < - (23)
T MYy 4 g2
g=1 e=1 e=1 12
Now we consider the bias. We have
h i
Erg800) B 1= ;oo 1+ oo -Ep,ge(x) Ble 2, 2] Ep,ge(x).
Taking a product, we obtain
W h . Ei
Zi Y@ e 2,e: -Z. (24)
=1

Putting together (23) and (24), we obtain that for any r,
Pz’ “Eeflz < .
b [e™, e"] 4 1

The algorithm takes the median in order to boost this probability. As the median of R independent
runs, 2 will fail to be contained in [e €, e€] - Z only if at least half of the Zbs fail to be contained in

[e_&, e€] - Z. By the Chernoff-Hoeffding bound, this happens with probability at most § when R 2
32log : |
5 -

F.2. Rejection sampling

The following bounds the TV-error and expected running time for rejection sampling, given an
inexact oracle for the proposal distribution.

Lemma F.2 Suppose that P and Q are probability measures on Q such that % < C everywhere.

Suppose we have an oracle which gives samples from €, with dry (&, Q) < TEC. Consider the fol-
lowing rejection sampling algorithm: draw x B @, and accept with probability %%(x); otherwise
repeat the process. Let R be the resulting measure. Then dty(®, P) < &, and the number of oracle
calls is a geometric random variable with success probability at least 2—1C (and hence expected value

at most 2C).
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R dP,
Proof Let A B Q be measurable. First, we note that P§A) = R#L@d,TQ; To calculate dtyv(P€P),
Q dQ
we break up the difference as
R !
dp y4 4 z
aq 9@ dp dp dp
PA-P(A) = e a8+ e~ L da
RQQFEIdQ A dQ | A dQ A dQ
Lo@ . g L ° ap % gp
prda ™™= 4 G g4 2 da- S d
Q d4q
Next note that
Z Z Z
dPdQ.- 1< dg dBq < cd . €
Qd&Oe . dC Q-+ . dC Q TV(Q,Q)éZ <
Hence,
dp dp € €
- < - 1 — < — =
|®(A) - P(A)] Qdad(f + dTV(Q'EO“)dQM 5 * 2CC g,
sodty(E, P) < &. Finally, we check that the acceptance probability is
1dP z 1dpP 1 1 1
3
- - > - - . > - s T
oC dq @2 oC o A A e R Tl Tl

F.3. Spectral gap of a projected chain
We use the following to bound the Poincaré constant of the projected Markov chain arising in the

analysis of simulated tempering. A similar analysis appears in the proof in Ge et al. (2018).

Lemma F.3 Let S be a countable set. Consider a reversible Markov chain on [L] x S with sta-
tionary distribution P and transition kernel T satisfying the following conditions. Let Pg(j) =

P((¢,i))/P({e}xS).
1. (Bounded bottleneck ratio) For k < ¢, %k%(ﬁz VY.

2. (Transitions at highest temperature and between adjacent temperatures) We have

PM’ 81=2=1 i1=1i
T((81,i1),(82,i2)) 2 _ P ~ N i °
’ ’ ’ 7 1 . P((ex1,i_)) s — —
ZDadjmm Wl ! =12, 81_ L’ez B eli !

r

3. (Lower bound of probability for each level) For each ¢, P ({€} x S) > .
Then the following hold.

1. (Cheeger constant) The Cheeger constant satisfies @ > WM
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2. (Poincare constant) The associated Dirichlet form satisfies a Poincare inequality with con-

812 max{Dpigh,Dagj}?
stant Cp < vErS: .

P
Proof Let Q(x, B) denote P (x)T (x, B) and Q(A, B) denote , 5, P(x)T(x,B). NoteQ(A, B) =
Q(B, A) by reversibility. Let Ay denote the sets such that A = tzl{{’,} x Ag, i.e., Ag is the th
layer of A.

To prove the bound on the Cheeger constant, for each A, it suffices to bound either Q(A,A°)

P(A)
QFSTA'C;”. Without loss of generality, we suppose that Py (A1) < 21 For each j, let €; denote the

smallest € such that (£,j) @ A. To lower bound Q(A, A¢), we consider the contributions from n
such that ¢; > 1 and ¢; = 1 separately.

or

1. ¢; > 1: We have

Q((#, 1), A°)

\%

P (&, INT((%5,1), (&5 = 1,]))

P((eJ'J))zDadj min P((%,]))

= L mintP - L)), PR, DN
adj

—YTR([e {1 x {j}). =
2LD

\Y

\Y

2. & = 1: Note A1 = {j :€; = 1}. We will bound Q({1} x A1, A°) by looking at transitions
within {1} x S. We have

X
Q({1} x Ay, A%) 2 PU(L, )T ((1,)), {1} x Af)

jBA
X P ({1} x AS)
> P((1,)
imA, high
1 X .
2 P((1,))) = P({1}x A,)
2Dhigth1 2 Dnigh
yr
> P([L]x A,).
2 L D high !
Adding the two parts,
vr [ .
Q(A, A) 2 T PERE [8,L]x {jIER([L] x Ay)E
2Lmax{Dagj, Dngn} — , °" ) !
vr ‘
P(A).

2L max{Dagj, Dhigh}

The bound on the Poincaré constant follows immediately from Cheeger’s inequality: the spectral
gap of the chain is at least ®?, and the Poincare constant is the inverse of the spectral gap. [ |
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Appendix G. Additional material related to examples

We give here the derivation of the posterior for the contextual SBM. Because we chose consistent
notations between problems, the derivation of the posterior for the Gaussian mixture model is simply
the special case of this argument where A = 0 (so there is no graph/spiked Wigner information).

Posterior derivation in contextual SBM. Under the Gaussian contextual stochastic block model,
we have
I

r 2
2 —
n,. A P M
A,B - - A - = = - B

p(A,B |u,v)Bexp 4 Y T2 vu i
2 2 2
A) - AL B) - -
exp (Wi A - @ F+ p bu/n(vu’, B) - 3B : , WU

(note we dropped the term vsz since it is a constant) and so
p(u,v |A, B) = p(A, B |u,Vv)p(u,Vv)/p(A, B)

7] E ?]
@ exp %(VV,A)+ p u/nB%v,u)- 2(E.l+ W)BuE?

Integrating over u, we have that the posterior distribution is

Z
A 7] L ?| p
p(v |A, B) exp E(vv,A)+ p  w/n(B®,u)- 2Tl+ WEUE?  du
z A P T put |
2
= —(wE A - H1+ pwu- =B + _—— 7B d
exp SWLA - L Wu- ) e B ey e Y u
@ exp (\3‘«/ A) + v2
2 ’ 2n(1+ p) 2
exp é(vv, A) + nl1PH (vv?, BB?)

This is an Ising model without external field.

Appendix H. Computational hardness of sampling from rank-one models with large
spike

Using the subset sum/number partitioning problem, we will show that sampling and (even crudely)
approximating log Z from negative-definite rank-one models is NP-hard. The NP-hard problem
we start with is given integers ag, ..., a,, determining whether there exists a partitioning into two
sets such that the sum is equal. Equivalently, we seek to determine if there exists a sign vector o

{£1}" such that X

ajo; = 0.
i
This is not the first time this problem is connected to statistical physics—see e.g., discussion in
Borgs et al. (2001); Gamarnik and Kizildag (2021).
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Theorem H.1 Let B = 1 be arbitrary and fixed. For any a = (a1,...,an) @ Z", define the Ising
model with probability mass function P5 : {£1}" = [0, 1] given by

Pa(o) = iexp —Bn(a,c)2

If there exists a polynomial time randomized algorithm to approximately sample within TV distance
1/2 from Ising models of this form for any ai,...,an, then NP = RP. Furthermore, for B 2
2log(2), it is NP-hard to approximate the log partition function/free energy log Z of such a model
within an additive error of B% and under the Exponential Time Hypothesis (ETH), it is impossible to
do so in subexponential time in the presence of an external field b @ Z", i.e., for models of the
form

Pan(o) = Zlexp -Bn(a, c)? + (b,0) .

Proof Let aj,...,an be an instance of the number partitioning problem. Consider the Ising model
with probability mass function P5 : {+1}" = [0, 1] given by for § > 1

Pa(c) = ] exp -Bn(a, o)?,

where Z is the normalizing constant (partition function) so that the distribution has normalizing
constant 1. Note that this is an Ising model with interaction matrix =2Bnaa’, which is negative

definite and rank one as promised. If there exists at least one solution = ; ajo; = 0then
I
X ) P p e-Bn(a,o0)?
o: ;Qai0i=0 n -Bn
Pr ajoci=0 = —P “Bnia.o) <2e
otP i oR{+1}" € !

where we used thBt because the a; are integers, if P ;ai0j=0 then (a, 0)2 > 1, and also that if there
exists a solution aio; = 0 then the denominator is at least 1. Thus, except with exponentially
small probability in n, a sample from P will be a solution to the subset sum problem. In particular, it
follows that a polynomial time (approximate) sampling algorithm implies NP = RP.

Similarly, observe that if there exists a solution to the subset sum instance then logZ > 0
whereas if there does not exist a solution, thenlogZ < n[log(2)-B] < - BT”, which establishes the
NP-hardness of approximating log Z. The last statement in the Theorem follows because solving
subset sum in time 2°(" is known to be ETH-hard (see dislgussion in Abboud et al. (2022)), and the
general subset problem (deciding if there exists o so that (Qi0; = b) can be directly encoded as
minimizing

((a,0) - b)% = (a,0)% - 2ba, o) + b2,
which by the same argument as above implies that approximating log Z for the distribution P4
with h = 2bBna is ETH-hard. |
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