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Abstract

There has been a recent surge of powerful tools to show rapid mixing of Markov chains, via
functional inequalities such as Poincaré inequalities. In many situations, Markov chains fail to
mix rapidly from a worst-case initialization, yet are expected to approximately sample from
a random initialization. For example, this occurs if the target distribution has metastable states,
small clusters accounting for a vanishing fraction of the mass that are essentially disconnected
from the bulk of the measure. Under such conditions, a Poincaré inequality cannot hold,
necessitating new tools to prove sampling guarantees.

We develop a framework to analyze simulated annealing, based on establishing so-called
weak Poincaré inequalities. These inequalities imply mixing from a suitably warm start, and simu-
lated annealing provides a way to chain such warm starts together into a sampling algorithm.
We further identify a local-to-global principle to prove weak Poincaré inequalities, mirroring
the spectral independence and localization schemes frameworks for analyzing mixing times of
Markov chains.

As our main application, we prove that simulated annealing samples from the Gibbs measure
of a spherical spin glass for inverse temperatures up to a natural threshold, matching recent
algorithms based on algorithmic stochastic localization. This provides the first Markov chain
sampling guarantee that holds beyond the uniqueness threshold for spherical spin glasses, where
mixing from a worst-case initialization is provably slow due to the presence of metastable states.
As an ingredient in our proof, we prove bounds on the operator norm of the covariance matrix
of spherical spin glasses in the full replica-symmetric regime.

Additionally, we resolve a question related to sampling using data-based initializations.
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1 Introduction

A common task of interest in computer science, probability, and physics is to efficiently sample
from Gibbs distributions. For a Hamiltonian energy function H : () — R over state space ) C RY,
the associated Gibbs distribution p is defined by dug(x) o« exp(H(x)) dx.

The class of Markov chain Monte Carlo (MCMC) algorithms is arguably the most widely used
tool for sampling from Gibbs distributions. In this paradigm, one sets up a Markov chain Py
whose stationary distribution is jf;, and outputs the final state of a poly(N)-time random walk
according to Py. Common choices include the Glauber dynamics, for discrete state spaces such as
Q= {il}N , and the Langevin diffusion, for continuous state spaces such as () = RN or /N -GN-1,

To prove that such an algorithm indeed correctly samples from iy, one bounds the mixing
time of the Markov chain. A common route to prove a bound on the mixing time is to establish
functional inequalities, such as Poincaré inequalities. There are now powerful frameworks for
proving such functional inequalities, such as spectral independence [ALOG21] and localization schemes
[CE22]. The development of these frameworks has led to a flurry of activity in analyzing mixing
times of Markov chains, including the resolution of several long-standing open problems in the
algorithmic theory of counting and sampling [ALGV24, ALOG21, AJK*22, EKZ22, CE22].

The implications of these inequalities are quite strong. In particular, they imply that for any
initial distribution v, for an appropriate divergence function, a single step of the Markov chain
shrinks the distance to the stationary distribution by a significant multiplicative factor:

1 .
- poly(N)) Divergence(Pyv||um) -

The presence of such a functional inequality typically implies that a Markov chain mixes rapidly
from a worst-case initialization.

Divergence(Pyv||up) < (1

Sampling from random initializations. Many natural Markov chains are expected to produce
approximate samples from the Gibbs measure when started at a random initialization, but fail to mix
rapidly from a worst-case initialization. Often, this is because the Gibbs measure contains patho-
logical clusters (termed metastable states in the physics literature) that are essentially disconnected
from most of the measure, and account for a vanishing fraction of the total mass. A Markov chain
initialized in such a cluster will remain trapped inside it and fail to mix, and therefore methods
that show mixing from worst-case initializations cannot give effective guarantees in such settings.

However, one may still hope to show that from a random initialization, the Markov chain
samples from the non-pathological part of the Gibbs measure, which is statistically indistinguishable
from the true Gibbs measure. In our work, we prove that under suitable conditions, the simulated
annealing algorithm samples from a distribution close to the Gibbs measure.

Simulated annealing. In the simulated annealing algorithm, one defines a “schedule” of inverse
temperatures, i.e. fori = 0,...,T, let B; := i/T. The algorithm initializes at a sample from the
uniform distribution u BoH- Then, fori =1, ..., T, the i-th stage of the algorithm runs the Markov
chain Py, corresponding to g, for poly(N) time, initialized at the output of the previous stage.

The underlying idea of this algorithm is that, for T sufficiently large, the Gibbs distribution
1p, ,H is a “warm start” for yg,p, i.e. an initialization with suitably bounded likelihood ratio with
tp;H- So, if one could show that each of the Markov chains Py (approximately) mixes rapidly



from a warm start, one may inductively argue that the output of the i-th stage of the algorithm is
an approximate sample from g . In other words, simulated annealing chains a sequence of warm
starts together into a sampling algorithm.

This algorithmic idea is widely used empirically, and has also been employed to obtain algo-
rithms for approximating the volumes of convex bodies [DFK91, DF91, LS90, KLS97], approximat-
ing the number of perfect matchings in a bipartite graph [JSV04], and sampling from the random
tield Ising model at sufficiently high temperatures [AEGP23], among others. However, we lack
a general theory for why simulated annealing achieves provable guarantees beyond the settings
of sampling from log-concave distributions and convex bodies. Indeed, in contrast to the general
recipes available to prove mixing from worst-case initialization, proofs of rapid mixing from warm
starts often employ ad-hoc arguments.

One of the main contributions of this work is a framework for proving mixing from warm
starts, which combined with the above discussion provides general sufficient conditions under
which simulated annealing samples from the Gibbs measure. We achieve this by generalizing the
frameworks of spectral independence and localization schemes, previously employed to prove
mixing from worst-case initialization, to show mixing from warm starts (see Section 6 for details).
As we discuss just below, our framework gives sampling guarantees for simulated annealing in
regimes where mixing from worst-case initializations is provably false.

Main application: spherical spin glasses. In a spherical mixed p-spin glass, H : /N -SN~1 — R is
a random Hamiltonian parameterized by coefficients B, v, ..., vy, = 0 where:

0%
H(O-) = ﬁ 2 N(p—pl)/Z 2 gil,...,ipo-lj e O-Z'pr (1)
P22 ilr---/ip

.....

physics, and average-case algorithm design, as it simultaneously exhibits rich behavior and is
amenable to analytic tools. Notably, this model undergoes numerous sharp phase transitions as
one increases B. For small 3, the model satisfies a Poincaré inequality [G]19]. Beyond a uniqueness
transition Buniq, small isolated clusters in iy known as metastable states start to appear [A]24]. In
particular, the natural Markov chain Langevin diffusion initialized from such states mixes slowly,
thereby precluding a Poincaré inequality. However, these states account for a vanishing fraction
of the measure under yp, and the Langevin diffusion with a random initialization is expected to
still mix rapidly over a 1 — on(1) fraction of jp, thereby producing a sample with vanishing total
variation distance from .

The threshold for efficient algorithmic sampling is believed to occur at the shattering transition
Bshatter — beyond this transition, the Gibbs measure shatters into an exponential number of poorly-
connected clusters with exponentially small mass, and mixing is provably slow [CHS93, AMS23b,
GJK23]. It is expected that all efficient algorithms fail to sample from the Gibbs measure above
Bshatter, and recently [AMS23b] gave rigorous evidence for this picture by showing that all stable
algorithms fail.

We use our framework to prove that annealed Langevin diffusion, where one begins by running
Langevin diffusion for Bp = 0, and slowly increases the inverse temperature to the target 8, samples
from the spherical mixed p-spin glass. This leads to the first rigorous guarantee in this problem for
a Markov chain beyond the uniqueness threshold.



Theorem 1.1 (Informal). For any choice of 72, ..., 7p., there is a threshold Bsy, < Bshatter SUch that for

(N179)

any B < Bsv, with probability at least 1 — e~ over the randomness of H, annealed Langevin diffusion
(Nl/S)

run for poly(N) time samples from a distribution whose total variation distance to py is at most e~ :

The thresholds Bs;. and Bshatter are formally defined as the supremal B such that the inequalities
(SL) and (Non-shattering) below hold. The recent work [HMP24] produces a different sampling
algorithm based on algorithmic stochastic localization, which succeeds to the same threshold Bg; ;
see below for further discussion. This threshold is a fundamental barrier for stochastic localization
based approaches, and we explain its physical significance in Remark 7.4.

Remark 1.2. In many models, we have Buniq < BsL < PBshatter, and Bsr. is close to Bghatter- For
example, for the pure p-spin models (where 7, = 1 and all the other 7; are equal to 0), Buniq <
(log p) —1/2 while BsL, Bshatter < 1 and Bsr./ Pshatter is bounded from below by the universal constant
ve/2. See [HMP24, Remark 1.1, Eq. 1.8].

1.1 Weak Poincaré inequalities and localization schemes

The starting point of our work is a relaxation of Poincaré inequalities, known as weak Poincaré
inequalities, which can be leveraged to prove mixing from warm starts. To simplify the discussion,
we restrict here to the setting of discrete Markov chains. Our main application is to a continuous
Markov chain, namely the Langevin diffusion for a spherical spin glass, and we outline the
differences in Remark 1.7 below.

Let Py be a time-reversible Markov chain with stationary distribution . For any functions
f.&: Q — R, define the Dirichlet form as (f,g) = Exwpy By~ »(f(x) — f(y))(g(x) — g(y)). We
say Py satisfies a C-Poincaré inequality if for any function f : O — R:

E(f,f) = C-Var[f],

for C > 1/poly(N). A Poincaré inequality has a classic implication for rapid mixing. In particular,
for vy as the distribution obtained by running Py for continuous time ¢ starting at a distribution vy,
we have:

X (villp) < exp(=Ct) - 2 (vollpr) -

We say Py satisfies a (C, €)-weak Poincaré inequality if for any function f : Q) — R:

E(f.f) = C-Var[f] —e- | f —Ef| 2,

One can derive the following mixing guarantee from a weak Poincaré inequality; see, e.g., [RWO01,

Theorem 2.1].

dl/o 2

R ul) < expl~Cr) o) e+ | S0~ @
In particular, if v is a warm start for yp in the sense that ‘ i—'{g -1 H is suitably small, this implies

that the Markov chain’s output distribution v; approximates pp.

Since the target measure in one stage of simulated annealing is a warm start for that of the
next stage, such a guarantee allows one to inductively argue that simulated annealing succeeds at
sampling. We summarize this implication below.



Theorem 1.3 (Informal, see Theorem 4.13). If Pgy satisfies a weak Poincaré inequality with suitable
parameters for every B € [0,1], then simulated annealing succeeds at sampling from pp.

Localization schemes for weak Poincaré inequalities. We restrict to the following simple setting:
pp is a distribution on {£1}V. Let Py be the Glauber dynamics Markov chain where in a single step
from x, we pick a uniformly random coordinate i ~ [N], and toggle x; with probability:

pr (x¥7)
pr () + pp (x®7) 7

A special case of the localization schemes framework is the spectral independence framework of
Anari, Liu, and Oveis Gharan [ALOG21].

Theorem 1.4 ([AL20, ALOG21]). The following local-to-global principle reduces proving a Poincaré
inequality to establishing bounds on the spectrum of influence matrices. Suppose for every S C [N|, and
every pinning xgs of coordinates in S, the spectral norm of its influence matrix Y ., is at most «, then
the Glauber dynamics chain satisfies a n=C\®)-Poincaré inequality. Here, the influence matrix ¥s . is an
(n—|S|) x (n —|S|) matrix indexed by vertices v ¢ S, where

¥s . [a,b] = Pr[x, = +1|x, = +1] — Pr[x, = —1[x; = +1].

While the above theorem has been influential and useful in proving mixing time bounds for a
variety of Markov chains relevant to sampling combinatorial structures, the “for every” requirement
in the above theorem is quite punishing in average-case settings. For example, in the presence of
metastable states, Py does not satisfy a Poincaré inequality, but may nevertheless satisfy a weak
Poincaré inequality. In such cases, there are choices of S and xs for which ¥ . has large spectral
norm, and the above statement has no implications for the mixing time of Py.

We give a general local-to-global principle to prove weak Poincaré inequalities. A one-line
summary of this local-to-global principle is:

Bounded influence over all pinnings implies a Poincaré inequality.
An analogous summary of the local-to-global principle in the present paper is:
Bounded influencce over typical pinnings implies a weak Poincaré inequality.

To give a more concrete instantiation of our message, our result implies a “softer” version of
Theorem 1.4, tolerant to some “bad” pinnings, which we state below.

Theorem 1.5 (Special case of Lemma 6.8 and Remark 6.9). Let iy, ..., in be a random permutation of
[N], let S := {iy,...,it}, and let x ~ pp. Suppose with probability 1 — € over the randomness of x and
the permutation iy, . .., in, we have that for every t € [N|, the influence matrix Y, xs, has spectral norm

bounded by w. Then, Py satisfies a (n=°®), O(¢))-weak Poincaré inequality.

Remark 1.6. The reader should think of the spectral norm of ¥, +, as quantifying how much
variance of the distribution pp|xs, is “explained” by revealing x;,, ,.



Remark 1.7. Theorem 1.5 holds at a more general level, for a large family of localization schemes;
see [CE22] for examples of localization schemes and further discussion. The localization scheme at
play in the above local-to-global principle is process of revealing coordinates of a Gibbs sample x in
random order.

In our main application of sampling from a spherical spin glass using simulated annealing
of Langevin diffusion, we consider a different localization scheme, stochastic localization, where
the revealed information at time t is y; = tx + B; where (B;):>o is a standard Brownian motion.
Analyzing this localization scheme requires studying exponential tilts rather than pinnings of up.
The analogous local-to-global principle in this setting is:

Bounded covariance over typical exponential tilts implies a weak Poincaré inequality.

We defer a technical discussion to Section 2, and refer to Lemma 6.8 and Remark 6.9 for a formal
statement.

1.2 Sampling from spherical spin glasses

We now state our main results for sampling from spherical spin glasses. We will encode the
coefficients 7, ..., yp, in (1) into the mixture function {(q) = ZZ*:Z
B in (1) can of course be absorbed into the 7,, so we can state thresholds directly in terms of the

function ¢. Physics heuristics [CHS93] suggest that Glauber dynamics and Langevin diffusion, with

'y’zgqp . Note that the parameter

random initialization, sample from yy with vanishing total variation error under the following
condition. Note that this and the below conditions take the form of an upper bound on ¢ or its
derivatives, and therefore demarcate a region of sufficiently high temperature.

&'(g) < 7 z forallg € (0,1). (Non-shattering)
Recent work by one of the authors, Montanari, and Pham [HMP24] gives an algorithm based on
simulating Eldan’s stochastic localization process [Eld13, E1d20] (see below), which samples from
un with vanishing total variation error under the following condition.

&"(q) < 5 forallg € [0,1). (SL)

o
(1-4q)
Note that this condition implies (Non-shattering), which can be seen by integrating the inequality.
[HMP24] also shows a matching hardness result, that for any strictly replica symmetric model (see
(Strict RS) below) not satisfying (SL), a generalized family of stochastic localization algorithms fails
to sample from p.

Our main result is that simulated annealing samples from yp in the same regime.

Theorem 1.8 (See Theorem 7.2). Under (SL), with probability at least 1 — e~ OWN®) over the randomness

of H, annealed Langevin dynamics produces a sample whose total variation distance to pp is at most
,Q(Nl/S)
e .

As alluded to in the above discussion, the main input to our framework is a high-probability
covariance bound on the random exponential tilts of the Gibbs measure encountered along the
stochastic localization process. Combined with our weak Poincaré inequality framework, this

5



implies that simulated annealing samples from the Gibbs measure. On the way to proving these
covariance bounds, we establish a high-probability covariance bound on all spherical spin glasses
in the (strictly) replica symmetric phase, a high-temperature phase where the model enjoys a certain
notion of correlation decay.

&"(0) <land &(q) +q +log(1—¢q) < Oforallg € (0,1). (Strict RS)

Theorem 1.9 (Informal, see Theorem 7.29). Under (Strict RS), with probability 1 — e~ UNY) over the
randomness of H, ||Cov (g )||op = O(1).

This is the first covariance bound to cover the entire replica symmetric phase with higher order
interactions, and we believe it is interesting in its own right. This result is sharp: in the complement
of the replica symmetric regime, arguing as in [AG24, Proposition 4.2] shows that E||Cov(ix) ||op is
diverging, of order Q(\/N ).

The relation between (SL) and (Strict RS) is as follows. First, (Strict RS) follows from (SL) by
integrating twice. Second, (SL) is equivalent to the condition that random exponential tilts of yy
of any magnitude are typically replica symmetric. This is needed for the algorithmic stochastic
localization approach of [HMP24], and arises in the current work (where stochastic localization
appears as an analysis tool, rather than as an algorithm) for a similar reason, see Remark 7.4.

The connection from Theorem 1.9 to high-probability covariance bounds on the tilted measures
encountered along the localization process relies on a reduction developed in [HMP24]. This
reduction implies that typically, the vast majority of the mass of these tilted measures live near
a certain codimension-2 band passing through a TAP fixed point, which behaves like a spin glass
in two fewer dimensions. The proof of Theorem 1.9 also builds on tools developed in [HMP24],
and by one of the authors and Sellke in [FHS23], which together provide high-precision control of
partition functions in the replica symmetric regime.

On the other hand, our approach also leads to several improvements over earlier results. First,
we obtain a sampler with total variation error e~ (N %) with probability 1 — e~ (N %), whereas
[HMP24] obtains total variation error N~ ¢ with probability 1 — N~¢, for small constant e. Our total
variation error is close to the best possible, as beyond the uniqueness threshold, at least a e OW)
fraction of pp is typically trapped in metastable states [A]24], which are hard to reach. Moreover,
there is no longer a need to encode a mean estimator for the stochastic localization process (see
below) directly in the algorithm; running a natural Markov chain is sufficient.

More conceptually, our work gives the first analysis of a Markov chain for this problem that
“sees” the benignness of a random initialization and overcomes the uniqueness threshold.

1.3 Weak Poincaré inequalities beyond annealing

The discussion thus far has been focused on proving mixing time bounds for Markov chains
initialized at warm starts. In fact, our framework extends beyond this and can be used to prove
rapid mixing of a Markov chain initialized at a distribution that “sees” the different components of
the target distribution. For instance, consider the simple scenario where the target distribution 77 is
a mixture of two disconnected component distributions, each of which satisfies a (true) Poincaré
inequality. The disconnectedness means that the full distribution 77 does not satisfy a true Poincaré
inequality. However, if we initialize at a distribution that splits its mass equally between the two
components, we would expect a Markov chain to rapidly mix to the target distribution.

6



How does one convert this belief to a (generalizable) proof? The key is that while the distribution
may not satisfy a Poincaré inequality for all functions, a variant of such an inequality does hold for
functions encountered along the trajectory of the Markov chain. More concretely, we may prove
the following theorem.

Theorem 1.10 (Informal, see Theorem 4.6). Consider the trajectory (v;)¢>o of a Markov chain with
stationary distribution 7, initialized at a distribution vo. Suppose that for all s < T,

d]/s dVS dVS
8(d7‘c’d7‘c> /pPI< alr [dn} 5>'

X (vr|m) < e 2T )2 (vl 7r) + 6.

Then,

We remark that our earlier equation (2) is a near-immediate consequence of the above. Returning
to the above example with two disconnected components, if v placed exactly half its mass on each
of the two components, the error J can be taken to be 0.

For our first application in Section 5, we use this picture of how the initialization can capture
“symmetries” in the distribution.

Sampling from mixtures of log-concave distributions with advice. An example of a distribution
where we can take advantage of “symmetries” is the following. Suppose we have a distribution 7
which is a mixture of K distributions

K
= Z pi7ti,
i=1

each of which is well-connected (e.g., satisfies a Poincaré inequality). We do not expect a Markov
chain to rapidly mix to 7t from a worst-case initialization. Does the scenario change if we initialize
more cleverly? To be concrete, suppose we are given m samples x1, ..., X, from 77, and initialize
our Markov chain at the empirical distribution Y ; dy,. If the component measures (7;) are “far
apart” and do not interact with each other, we would expect the Markov chain to rapidly mix from
this initialization if the fraction of points in each cluster is (approximately) equal to the correct
fraction p;. On the other hand, if the component measures were very close together, we would
expect their mixture to also satisfy a Poincaré inequality.

However, it is unclear how to translate this intuition to a proof. In previous work [KV23],
sampling guarantees are provided for this algorithm, but the running time has a doubly exponential
dependence on the number of components K. Our second illustration of weak Poincaré inequalities
provides high-probability sampling guarantees for this problem, by running Langevin diffusion for
time that is polynomial in all parameters involved. We refer the reader to Section 5 for the details
of the theorem statement and its (self-contained) proof.

This problem is studied extensively in an independent work of Koehler, Lee, and Vuong [KLV24].
Motivated by the success of score matching methods in modern machine learning, they prove that
Langevin dynamics and Glauber dynamics converge to the stationary distribution when initialized
from the above empirical distribution under similar conditions to our setting, even if the Markov
chain updates come from a slightly perturbed distribution (i.e. if they were learned by a score
matching algorithm). They also use their techniques to give an efficient algorithm for learning
approximately low-rank Ising models.



1.4 Related work

Markov chain mixing and localization schemes. The first use of the local-to-global phenomenon
in mixing was in the work of [ALGV24] on establishing rapid mixing of the “basis exchange” walk
on bases of a matroid, which used the local-to-global theorem for simplicial complexes from [KO20].
Their approach was later formalized into the framework of spectral independence [ALOG21], which
was widely successful in resolving numerous problems in algorithmic sampling and counting; see
[Liu23] for a comprehensive literature survey.

In the world of sampling from continuous distributions, most recent progress on the KLS
conjecture on the Poincaré constant of isotropic log-concave distributions (see [LV24] and the recent
survey [KL24]) has employed Eldan’s stochastic localization [Eld13]. Later, stochastic localization
was used in the work of Eldan, Koehler, and Zeitouni [EKZ22] to analyze the Poincaré constant for
Glauber dynamics on Ising models. The seemingly unrelated techniques of spectral independence
and stochastic localization approaches to analyzing mixing times were unified under the framework
of localization schemes [CE22], which, as an application, also simplified the proof of [EKZ22].

Weak Poincaré inequalities. The study of weak Poincaré inequalities was initiated in the work
of Aida [Aid98] and Mathieu [Mat06] in the context of proving other functional inequalities. The
work of Rockner and Wang [RW01] observed the connection between a Markov chain satisfying a
weak Poincaré inequality, and rapid mixing from “sufficiently warm starts”. We refer the reader
to the monograph of Wang [Wan06, Chapter 4] for a comprehensive treatment of weak Poincaré
inequalities and their implications to mixing and concentration.

Weak Poincaré inequalities are also related to the notion of s-conductance, a weakened version of
conductance introduced in [LS93] which has been used frequently in the literature on sampling from
convex bodies (see [Che23, Section 7.4.2] for a textbook treatment). This connection is explained
in [GMTO06]. We also refer the reader to [CGGO07], which defines a notion of weak log-Sobolev
inequality and uses it to derive a rapid mixing result.

The work [AEGP23] gives a sampling algorithm for the ferromagnetic random-field Ising model
on a finite domain D C Z¢, which follows an approach of chaining warm starts similar to the
present work, inspired by convex body sampling literature [LS93]. [AEGP23] shows that in a
certain parameter regime, the Glauber dynamics for this model satisfy a weak Poincaré inequality.
They then construct an increasing sequence of sub-domains Dy C Dy C --- C Dy = D and show
that a sample from the model on D; can be converted to a warm start for the model on D;, 4. Since
the weak Poincaré inequality implies mixing from a warm start, this yields a sampling algorithm
based on running the Glauber dynamics on this increasing sequence of models.

The work [AJK*21] introduces a related notion of restricted modified log-Sobolev inequality,
which implies entropy contraction (without an additive error, in contrast to a weak Poincaré
inequality) for all warm starts. This is used to derive optimal mixing times for several Markov
chains.

Sampling from random initializations. The separation between worst-case mixing times and mix-
ing from a random initialization has been studied in a variety of other settings. [CDL"12, BGZ24]
characterize which product measure initializations enjoy rapid mixing in a temperature range
where worst-case mixing is exponential for the Curie-Weiss Potts model. Notably, as discussed in
[BGZ24, Section 1.3], their analysis also characterizes mixing from initializations constructed by



simulated annealing. [LS16, LS17] show that a uniform initialization halves the mixing time for
Glauber dynamics for the ferromagnetic Ising model on bounded degree graphs, such as the 1D
lattice. [GS22] introduces the notion of weak spatial mixing in a phase, and proves that Glauber
dynamics for the ferromagnetic Ising model on the 2D lattice has rapid mixing when initialized
uniformly at +1. [GS24] uses the same notion to study mixing from a similar random initialization
for a certain natural Markov chain for the random cluster model. [BNN24] show rapid mixing
for Glauber dynamics for the exponential random graph model when initialized from a carefully
chosen Erd6s-Rényi random graph.

Sampling from spherical spin glasses and algorithmic stochastic localization. There is a long
history of work studying Markov chain dynamics on spin glasses. An important line of work
[CHS93, CK93, BCKM98, BADG06, BAGJ20, CCM21, Sel24b] studies the Langevin dynamics for
spherical spin glasses on an N-independent time scale. While the Langevin dynamics do not mix
on this time scale, these works capture important statistics of the trajectory such as the energy
attained by the Langevin dynamics after a given time, and uncover deep phenomena such as aging.

Rapid mixing guarantees at sufficiently high temperature were obtained in [G]19] for the
Langevin dynamics for spherical spin glasses, and in [BB19, EKZ22, AJKT22, ABXY24, AJK 24,
AKV24] for the Glauber dynamics for the Sherrington-Kirkpatrick model [SK75] and Ising spin
glasses. These approaches show mixing from a worst-case initialization via a functional inequality.

Recently, [AMS22, AMS23a] introduced a new sampling algorithm based on simulating Eldan’s
stochastic localization scheme [Eld13, Eld20]. This approach has since been used in applications
such as Bayesian posterior sampling [MW23, MW24], and is closely related to the denoising diffu-
sions method in machine learning [SDWMG15, HJA20, SSDK "21] (see [Mon23] for details). The
resulting algorithm samples in a wider range of temperatures, though with the weaker guarantee
of vanishing Wasserstein rather than total variation error. The recent work [HMP24] improved this
guarantee to total variation, and the resulting algorithm succeeds to the same threshold (SL) as in
the present work.

Within the algorithmic stochastic localization approach, the main task is to estimate the means
of a sequence of exponential tilts of the Gibbs measure, which appear as the drift process of a
stochastic differential equation parametrizing the localization process. In [AMS22], this is achieved
with an estimator based on approximate message passing (AMP), which is accurate to leading
order. [HMP24] develops an improved estimator with a suitable correction term, which improves
the algorithm’s guarantee from Wasserstein to total variation error.

Covariance bounds for spin glasses. There has been a great deal of recent work on covariance
bounds for spin glasses [BXY23, AG24, BSXY?24], in part due to the connection between covariance
bounds and functional inequalities developed in the localization schemes literature. In partic-
ular, [AG24, BSXY24] address the case of the Sherrington-Kirkpatrick (SK) model, and [BXY23]
addresses the SK model with external field.

1.5 Open problems

We conclude with several open problems.

Non-sampling guarantees for simulated annealing. While we initiate a study of simulated
annealing to attain sampling guarantees, one could ask how to analyze simulated annealing beyond



sampling. In recent work [LMR*24], three of the authors, Liu, and Raghavendra introduce the
framework of locally stationary distributions to analyze slow-mixing Markov chains, and leverage it
to obtain recovery guarantees for the spiked Wigner and stochastic block model inference problems.
We start by reiterating [LMR 24, Problems 1.20 and 1.21] — is simulated annealing computationally
optimal for random CSPs with planted solutions?

Further, consider the problem of optimizing the Hamiltonian (1) of the mixed p-spin model.
Historically, simulated annealing was one of the earliest algorithms developed for this problem
[CHKW?23]. The works [Mon21, Sub21, AMS21, Sel24a] develop algorithms that are optimal among
suitably Lipschitz algorithms [HHS22] and conjecturally among all efficient algorithms. The limiting
energy obtained by natural Markov chain dynamics is an long-standing question in its own right
[CK93], which was solved for pure models in [Sel24b] but is otherwise open. We ask:

Problem 1.11. What energy does simulated annealing obtain when run on the Hamiltonian (1)?

We refer the reader to [MRT04, FFRT21] and references therein for relevant discussion. We also
ask the following question, which seems instrumental to making progress towards the above.

Problem 1.12. How does a non-worst-case initialization (such as one constructed by simulated
annealing) affect the locally stationary distribution that is reached by a Markov chain?

Along similar lines, we have the following concrete question about understanding Markov
chains from non-worst-case initializations.

Worst-case combinatorial optimization via simulated annealing. The paradigm of solving a
semidefinite program and rounding its solution has been extremely successful at achieving optimal
approximation guarantees for a wide variety of combinatorial optimization problems, especially
constraint satisfaction problems [KKMOO07, Rag08].

However, on large families of instances (sparse ones for instance), the solutions produced by
these SDPs can be refined locally to improve the approximation ratio, but these improvements
do not match the corresponding hardness thresholds. For example, for the problem of Max Cut,
the classical SDP algorithm [GW95] gives an agw-approximation for agw ~ 0.878, and a local
refinement [HK22] produces an agw + Q (%)—approximation. On the other hand, it is (UG-)hard

[Tre01] to approximate the max-cut better than agw + O (%) .

Problem 1.13. Does a Markov chain initialized at the SDP solution attain a agw + () (%)_

approximation to the max-cut in a bounded degree graph?

Sampling from spin glasses up to the shattering threshold. It is conjectured that the Langevin
diffusion with uniform random initialization samples from spherical p-spin models for inverse
temperatures up to the shattering threshold (Non-shattering) [CHS93, CK93]. Similarly, this is
conjectured for the Glauber dynamics Markov chain for models over the hypercube {£1}" instead
of the sphere Sy, for an analogous shattering threshold. As a start, can we show such guarantees for
simulated annealing (as opposed to a fixed-temperature Markov chain from uniform initialization)?

Problem 1.14. Does simulated annealing sample from p-spin models up to the shattering threshold?

10



The failure of algorithmic stochastic localization beyond the (SL) condition [HMP24, Section 10]
suggests that ideas beyond our proof strategy are required to prove the above.

Simulated annealing in more general models. For sampling from the spherical p-spin model,
our results show that simulated annealing succeeds in the regime (SL) where algorithmic stochastic
localization succeeds. At the level of proofs, these methods are also closely related, as both revolve
around suitable control of the localization process: in the algorithmic stochastic localization ap-
proach, this is used to construct a mean estimator for the localized measures, and in our approach it
is used to bound the localized measures’ covariances. These tasks are closely linked; see Remark 7.4.

One question is whether simulated annealing succeeds in more general models. In particular,
samplers based on algorithmic stochastic localization have been developed for the Sherrington-
Kirkpatrick model in the replica symmetric regime [AMS22, Cel24], p-spin models over the hyper-
cube [AMS23a], and posteriors of spiked matrix models [MW23]. These samplers are proven to
have vanishing Wasserstein error, and sampling with vanishing total variation error remains an
open problem in these models. It would be interesting to show that simulated annealing achieves
this. More speculatively, we may ask if there is a general reduction from a sampling guarantee for
algorithmic stochastic localization to one for simulated annealing.

#BIS. A major open problem in the field of approximate counting is settling the complexity of
#BIS: where the algorithmic task is to approximate the number of independent sets in a bipartite
graph. So far, algorithmic progress for this problem has been limited to restricted classes of graphs,
such as lattices & tori [HPR19], and expander graphs [JKP20]. Numerous interesting approximate
counting problems have been shown to be #BIS-hard [CGM12, GJ12, CGG 16, GSVY16]. While
vanilla Glauber dynamics fails at the corresponding sampling task, it is plausible that a variant of
simulated annealing succeeds.

Problem 1.15. Does (a simple variant of) simulated annealing succeed at sampling a uniformly
random independent set in a bipartite graph?

Structural guarantees from weak Poincaré inequalities. According to physics heuristics, the
Gibbs measure of a spherical mixed p-spin glass between Buniq and Bghatter cOnsists of one main
cluster accounting for nearly all the mass, and metastable states with exponentially small mass that
are poorly connected to the main cluster and each other. We do not prove this picture, but the weak
Poincaré inequality we obtain (up to Bgr) is sufficient to imply a sampling guarantee for simulated
annealing. One open direction is to show that the above picture holds, and that the main cluster
satisfies a genuine Poincaré inequality. More generally, one may ask:

Problem 1.16. If a distribution satisfies a weak Poincaré inequality, is it TV-close to a distribution
satisfying a true Poincaré inequality?

We note that Lemmas 4.10 and A.4 show a converse of this statement, that if we perturb a
distribution satisfying a true Poincaré inequality (for the Langevin diffusion or Glauber dynamics
Markov chains), the resulting distribution satisfies a weak Poincaré inequality.

1.6 Organization

In Section 2, we give a technical overview of how we use weak Poincaré inequalities to analyze
simulated annealing for our main application of sampling from spherical p-spin distributions.
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In Section 3, we cover some basic preliminaries that will be useful. Then, in Section 4, we
formally define weak functional inequalities and establish some of their basic properties.

In Section 5, we demonstrate the effectiveness of this framework by showing how to sample
from a mixture of distributions satisfying Poincaré inequalities from data-based initializations.

Our main application to spherical p-spin models spans Sections 6 to 8, and requires more
background in stochastic localization and spin glass theory. In Section 6, we review some basic
properties of stochastic localization and show how to adapt the framework of localization schemes
from [CE22] to prove weak functional inequalities. Then, in Section 7, we initiate the discussion of
weak Poincaré inequalities for spherical p-spin models. To assist the reader in understanding the
proof of a weak Poincaré inequality, we provide a separate technical overview in Subsection 7.1.
The rest of Section 7 reduces the proof to proving high-probability covariance bounds for strictly
replica-symmetric models with small external field, which is then established in Section 8.

Acknowledgements. BH is extremely grateful to Andrea Montanari and Huy Tuan Pham for
early discussions on this problem, and to Ahmed El Alaoui, Sinho Chewi, and Mark Sellke for
enlightening conversations. We would also like to thank Sitan Chen, Jason Gaitonde, Kuikui Liu,
and Francisco Pernice for insightful discussions. We would like to thank Thiago Bergamaschi for
pointing out an error in an application to the ferromagnetic Potts model in an earlier version of this

paper.

2 Technical overview

Let H be a Hamiltonian on state space (), and let uy be its Gibbs distribution. Our goal in this
section is to describe our strategy to prove that simulated annealing succeeds at sampling. In our
application, () is the scaled sphere Sy := VN -8N-1 and ug comes with an associated Markov
chain known as Langevin diffusion, which we denote with Pp. For ease of exposition, we restrict the
discussion to this setting, though much of it holds in a more general setting.

Definition 2.1 (Simulated annealing, informal). Initialize at the uniform distribution on Sy (which
is equal to p), and for each i € [m], run P, ;, for time T.

For the sequel, we abbreviate P. ;; and i ; ;; as P; and y;, and we use P;; to denote running P;
for time t. The strategy to prove that simulated annealing succeeds at sampling is to establish a
weak Poincaré inequality for P; for all i.

Let L be the infinitesimal generator of P;. For functions f, g : (O — R, we define the Dirichlet

form E(f,8) as By [fLg].

Remark 2.2. In the case of Langevin diffusion for a distribution 77, the Dirichlet form can be
evaluated as

E(f,8) =Eu(Vf,Vg),

where V denotes the Euclidean gradient if 7t is supported on RY, and the Riemannian gradient on
Sn if 7 is supported on Sy.

As discussed in Section 1, we say a Markov chain satisfies a weak Poincaré inequality with
parameters (C, ¢) if

E(f,f) = C- Var[f] —¢- ||f—Ef||§o—€-SlelgIIVf(X)HZ/
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which implies the following mixing result Theorem 4.6 for the chi-squared divergence; see also
[RWO01, Theorem 2.1]. Defining v; as the distribution after running the Markov chain for time ¢
from initial distribution vy, we have

2
+¢€-sup

00 xeQ)

d1/0
d,’l/li

dl/o

2
-1 d]/ll (X)

v

X (vellui) < exp(—Ct) - x> (vollpi) +¢-

Analyzing simulated annealing with weak Poincaré inequalities. To see why the above state-
ment plays well with simulated annealing, imagine plugging in initialization vy = y;_;. By selecting

the number of annealing steps m = poly(N), we can ensure ’ % —1 Hoo and sup, ., HVS—;?(JC) H
are O(1). The guarantee after running the Markov chain for some sufficiently large polynomial
time T is then

X2 (Pyrpicallui) < O(e),

which in particular implies

drv(P; i1, pi) < O(Ve).

When we combine the above with the data processing inequality, we then get the following
guarantee for vy, v := Py, 1 - - - P, 7P; TV, the distribution that simulated annealing samples from.

Aty (Pu,t - Prrpo, hm) < drv (P, -+ - Pr,rio, Pnttm—1) + d1v (P, THm—1, Hm)
<drv(Pp—11 " po, Pm—1) + O(Ve) .

Applying the above inequality m times tells us that dry (Vu,1, m) < O(y/€ - m).
We now turn our attention to the proof technique for showing a weak Poincaré inequality.

How to prove weak Poincaré inequalities. Suppose our goal is to prove a weak Poincaré inequal-
ity for a measure 71. The high-level strategy in the localization schemes approach for proving a
weak Poincaré inequality is to design a measure decomposition of 7t: for some mixture distribution p,
express 7T as E;,7T;. Refer to Subsection 3.1 for a brief review of measure decompositions. Once
we have a measure decomposition in hand, establishing the following simple set of inequalities
forms the crux of the argument. Let f be a function such that E,f = 1.

1. Conservation of Dirichlet form.

En(f1f) 2 Banplr. (f, f) -

In the case of Langevin diffusion, this is an equality, and in the case of Glauber dynamics, the
inequality is true by a generic concavity argument; see, e.g. [AJK 22, Page 19] or [LMRW24,
Page 5].

2. Weak Poincaré inequality for good component measures.
BpCr.(f,f) > C - BanpVare [f] - 1]z “good”] —el|f = 1] ¢ — €| Vf] .

where the “good” 7t are those which satisfy a (¢, ¢)-weak Poincaré inequality. This inequality
follows from the nonnegativity of norms and Dirichlet forms.

13



3. Approximate conservation of variance.
E. ,Vary, [f] > a - Varg[f].

This is one of the parts that depends nontrivially on 77 and the decomposition p, and we
discuss the general proof strategy for this portion based on localization schemes.

4. High-probability goodness of component measures.
Pr.. [z “good”] > 1 —ce.

This part also requires analyzing the measure decomposition we design. Ideally, the measure
decomposition presents us with “simpler” measures than 7 itself.

Once we have the above inequalities at hand, we get a (c«, 2¢)-weak Poincaré inequality; see
Lemma 4.11 for details.

How to construct a good measure decomposition. Henceforth, we restrict our attention to the
case where m = upy, the Gibbs distribution for a spherical mixed p-spin glass model. In the
discussion below, we fix H as a typical Hamiltonian, and drop the phrase “with high probability”
for events that occur with high probability over the randomness of H.

To construct our measure decomposition, we rely on Eldan’s stochastic localization [Eld13].
Our inspiration is the use of stochastic localization as a tool for measure decomposition for proving
Poincaré inequalities in the work of Chen and Eldan [CE22]. Stochastic localization is a measure-
valued random process (}i;)=0 described by:

() o exp (%) = 31417 i),

where y; = 0 + B; where 0 ~ up and (B;);>0 is a standard Brownian motion; see [AM22a, Theorem
2] for a proof of why the above description of stochastic localization is equivalent to the more
traditional definition via a stochastic differential equation that y; obeys.

We run stochastic localization up to a stopping time 7, defined as

T:=min{t:0<t < T, |[Cov(ys)|| > Kort =T},

where T is chosen as a sufficiently large constant, independent of N. We impose the constraint on
the covariance matrix as it is relevant to satisfying approximate conservation of variance: [CE22,
Eq. (20)] proves that a measure decomposition based on stochastic localization run for time at most
T satisfies approximate conservation of variance with parameter a = exp(—KT) if [[Cov (), is
bounded by K almost surely. Hence, by construction, we automatically ensure that our measure
decomposition satisfies approximate conservation of variance.

For the measure decomposition to ultimately be useful, we also need to argue that the compo-
nent measures satisfy a weak Poincaré inequality with high probability. Building on technical results
in Huang, Montanari, and Pham [HMP24, Section 9.2], we show that the stochastic localization
process run up to time T starting at yp gives a distribution satisfying an (Q(1),exp(—Q(n)))-
weak Poincaré inequality with probability 1 — exp(—Q)(n)) over the randomness of the stochastic

14



localization path; see Lemma 7.7 for details. Unfortunately, in the situation where the stochastic lo-
calization process stops before T, we do not have a simple way to show a weak Poincaré inequality,
and for our analysis, treat z arising from early stopping as “bad”.

Thus, we have: Pr.,[z “good”] > 1 —exp(—Q(n)) — Pr[t < T]. To bound Pr[t < T, it is
sufficient to prove a high-probability covariance norm bound on the entire stochastic localization
path for 0 < t < T. Most of the technical work in this paper is devoted to proving this covariance
norm bound.

(')

Theorem 2.3 (Informal version of Lemma 7.6). For a typical H, with probability 1 — e~ over the

randomness of the stochastic localization path, we have ||Cov () ||,, < K.

The proof of the covariance bound spans Sections 7 and 8; we give a detailed technical overview
of how it is proved in Subsection 7.1.

3 Preliminaries

Notation
» We use Sy to denote the scaled (N — 1)-sphere, v/N - SN~1.
* We use p to denote the uniform measure over Sy.
e Given oy, 03 € Sy, we use R(+, -) to denote the normalized inner product (i.e. the overlap)

{o1,02)

R(oy, 07) == N

e Foraninterval I C [—1,1] and x € Sy, define Band(x, I) := {c € Sy : R(0,x) € I}.

* We use c to denote small constants whose values may change from line to line, and C to
denote similarly fickle large constants.

e Let f : O — R be any function. We define osc(f) = sup f — inf f.

e Let f : O — R be a smooth function. If O C RY, then V f denotes its Euclidean gradient.
If O C Sy, then Vg, f denotes the Riemannian gradient on Sy. When the correct notion of
gradient is clear from context, by an abuse of notation we will suppress this distinction and
simply write V f.

3.1 Measure decompositions

Our framework for proving weak functional inequalities relies on the notion of a measure decom-
position.

Definition 3.1 (Measure decomposition). Let 77 be a distribution on RY. Let p be a mixture
distribution, also on RY, which indexes into a family of mixture components {7z, },cgn. We say
that (p, 7t;) is a measure decomposition for 7t if

T = EZ/\/pﬂz .
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One reason measure decompositions are useful is that they compose nicely with worst-case
functional inequalities, as shown in the following lemma.

Lemma 3.2 ([BB19, AJK*22, CE22]). Let 7t be a distribution over O C RN, and 7w = E. 7T, a measure
decomposition of 7t such that

e for all functions f, E.,Vary_[f] > CyarVary|f], and
* Every rt, satisfies a ppi-Poincaré inequality with respect to Langevin diffusion.
Then, 7t satisfies a ppiCvar-Poincaré inequality.

In Lemma 4.11, we will show an average-case relaxation of the above result, that 7t satisfies a
weak Poincaré inequality if most measures in the decomposition satisfy weak Poincaré inequalities.
Then, in Section 6, we construct explicit measure decompositions using the localization schemes
framework introduced in [CE22]. This will show weak Poincaré inequalities for our measures of
interest.

Besides proving functional inequalities, measure decompositions have also been directly used
for sampling and inference (see, e.g., [MW24, LMR " 24]).

3.2 Langevin diffusion

In this paper, we study Langevin diffusion on RN and the scaled sphere Sy. These definitions can
be directly generalized to the setting of Riemannian manifolds, but we do not comment further on
this.

Definition 3.3 (Langevin diffusion on RY). Let 7t be a distribution on RN with density at x propor-
tional to e~V () for some function V. The Langevin diffusion process with stationary distribution 7 is
the solution to the stochastic differential equation

dZ; = —VV(Z;)dt +v2dB;,
where (B;);>0 is a standard Brownian motion.

Definition 3.4 (Langevin diffusion on Sy). Let 7 be a distribution on Sy with d7r(x) o e=V(®) dp(x),
where V : Sy — R. The Langevin diffusion process with stationary distribution 7t is the solution
to the stochastic differential equation

dZ, = =V, V(Z,) dt + v2dB,,

where (B;)>0 is a standard spherical Brownian motion. (For a textbook introduction to spherical
Brownian motion, see [Hsu02].)

Fact 3.5 ([Che23, Example 1.2.17]). The Langevin diffusion SDE with stationary distribution 7t is

t—o0

reversible with respect to 7t. In particular, the ergodicity of the process implies that KL(Law (Z;) ||7t) —— 0.

Furthermore, it is well-known that Langevin diffusion on RY with respect to a strongly log-
concave stationary distribution converges rapidly.
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Definition 3.6. Let 7t be a distribution over RN with density proportional to e~V 7 is said to be
a-strongly log-concave if V is a-strongly convex, that is, V2V = al.

Fact 3.7 ([Che23, Theorem 1.2.24]). Let 7t be a distribution satisfying a log-Sobolev inequality with
constant prs, in that for any differentiable function f : RN — Rx,

Ex||VVfI? > prsEnt[f].
Then, if 1ty is the distribution at time t of Langevin diffusion,
KL(7t|| ) < KL(710||77)e P18,

Furthermore, a-strongly log-concave distributions 7t satisfy a log-Sobolev inequality with constant .

4 Weak functional inequalities

In this paper, we study continuous-time Markov chains.

Definition 4.1 (Markov semigroup). Let (X;);>o denote a continuous-time Markov process on state
space Q). Let (Py)¢>o be the associated Markov semigroup operator; P acts on functions f : QO — R
via P f (x) = E[f(X;)|Xo = x]. Throughout, we assume that the semigroup is reversible with respect
to stationary distribution 7r. Furthermore, let L denote the infinitesimal generator of P, i.e., P = e L,
For functions f, g : Q — R, we define the Dirichlet form as £(f,g) = Ex[fLg].

See e.g. [Che23, Section 1.2] for a textbook treatment. Of particular interest to us are the
two settings where the semigroup corresponds to a discrete-time Markov chain or the Langevin
diffusion defined in Subsection 3.2. In these cases, the Dirichlet form satisfies the following explicit
identities.

Fact 4.2 (Dirichlet form from discrete-time Markov chain). Let P be the transition matrix of a reversible
discrete-time Markov chain with stationary distribution 7t. We can define an associated continuous-time
semigroup operator (Py)i>o by setting L = I — P. The Dirichlet form for the continuous-time dynamics
satisfies

E(f,8) = BxnnBype(f(x) = f(y))(g(x) — g(y))
Here, for a probability distribution yu, we say x ~ u to denote a sample x from y, and we use y ~p x for a
single transition from x according to P.

Fact 4.3 (Dirichlet form for Langevin diffusion). We will need the following explicit identities for the
Dirichlet form for Langevin diffusion.

(1) When (P;)=o corresponds to Langevin diffusion on RN with stationary distribution 1, the Dirichlet
formis E(f,g) = Ex[(Vf,Vg)].
0
8

)t
(
(2) When (P})=0 corresponds to Langevin diffusion on Sy with stationary distribution 7t, the Dirichlet
formis E(f,g) = Eﬂ[<V5pfr V5pg>]-
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Definition 4.4. We say 7t satisfies a weak Poincaré inequality if for some error functional Error :
IRQO — IR>0 and op1 > 0,
1
Var,[f] < oo E(f, f) + Error(f).
Pl
Similarly, we say 7t satisfies a weak modified log-Sobolev inequality if for some error functional
Error : ]Rgo — Rypand prs =0,

1
Ent.[f] < — - &£(f,log f) + Error(f).
PLs
Theorem 4.5. Consider the trajectory (v;)i>o of a reversible continuous-time Markov chain with stationary
distribution 7t, initialized at the distribution vy, and suppose that 7t satisfies a weak MLSI with parameters
Error and prs. Fix T > 0, and set At to be the distribution on [0, T| with density At (s) = epfg?_ o efs,
Then,

KL(vr||7r) < e PSTKL(vo||77) + Esop, [Error(%)].
Proof. Let fo = gip‘}, and let f; = Pifp = % (this last equality holds due to reversibility). For ease
of notation, set Error; = Error(f;) for t > 0. Recalling that £(f;,log fi) = —%KL(vt ||77), the weak
MLSI says that

—&(fr,1og fi) + prs - KL(v¢||7r) — prs - Error; <0,

S0
d t
I (epLst -KL(v||7r) — pLs/ esError; ds> <0.
0
Therefore,
T
efisT . KL(vr|/m) — pLs/ ePrs°Errors ds < KL(vp||77),
0
and .
KL (vr||7r) < e PsTKL (v 7r) + pLs/ eP1s~TError.
0
Noting that Ar(s) = gprs% -efs® > p15eP1s(T) the above implies that
KL (vr| ) < e PSTKL (v || 7t) + Es~a, [Errors],
as desired. ]

By essentially the same proof, we obtain the analogous result for weak Poincaré inequalities.

Theorem 4.6. Consider the trajectory (v)i>o of a (continuous-time) Markov chain with stationary dis-
tribution 7, initialized at the distribution vy, and suppose that 7 satisfies a weak Poincaré inequality
with parameters Error and pp;. Fix T > 0, and set At to be the distribution on [0, T] with density

2pp1 2
_ e S
Ar(s) = o - €. Then,

)(z(vTHn) < e_2PPIT)(2(VoH7T) +Eson, [Error(%)].

For the analysis of the annealed Langevin dynamics, we will also require the following definition.
For f : O — R, let osc(f) = sup(f) —inf(f), and let V f denote the Riemannian gradient.
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Definition 4.7 (Weak functional inequalities for Langevin). We say a distribution 7z on Q C RN or
Q) C Sy satisfies a (ppy, €)-weak Poincaré inequality if for all differentiable functions f,

Varo{f] € £ (f,f) e (ose(f)? + sup | VD)

xeQ)

Similarly, we say 7t satisfies a (pLs, €)-weak modified log-Sobolev inequality if for all differentiable
functions f,

Ent[f] < - E(f log f) + & (ose(v/[)* + sup | Vf]).

L xeQ)

Remark 4.8. As mentioned in the beginning of this section, by replacing the Riemannian gradient
with the discrete gradient, an analogous theory can be developed for annealed Glauber dynamics;
see Definition A.1.

Remark 4.9. A weak Poincaré inequality with sufficiently good parameters implies a true Poincaré
inequality. Indeed, any low conductance cut limits on the region of valid (ppy, €). Hence, by Cheeger,
one can conclude that Langevin satisfies a true Poincaré inequality, with some loss in parameters.

We shall typically use weak Poincaré inequalities with functions f that have expectation 1,
where we bound osc(f) < 2||f — 1/|c-
4.1 Properties of weak functional inequalities

In this section, we state some crucial properties of weak functional inequalities for Langevin
diffusion on RN or Sy. With minor modifications, the same results hold for Glauber dynamics on
finite state spaces; see Appendix A for formal details.

Lemma 4.10. Let 7t be a distribution on RN or Sy satisfying a ppj-Poincaré inequality for Langevin
diffusion, and 7t a distribution such that dry (7, ') < 8. Then, 71U’ satisfies a (ppl, 5 max(pp;, 1)) -weak
Poincaré inequality for Langevin diffusion.

Proof. There exists a coupling C of (7, r’) such that for (x, x") ~ C, Pr[x # x'] < ¢. Thus,

Ex(f, f) = Ex|| VS|
> E||Vf|* - sup || VF|?
> pprVar,[f] — dsup | Vf|*.

Let I = [inf f,sup f]. Note that Var,[f] = inf,c; E;[(f — a)?]. Foreacha € I,
Ex[(f —a)%] > Ex[(f —a)?] =&~ osc(f)?,

and therefore
Var,[f] > Vary[f] — & - osc(f)>. (3)

Combining with the above shows

Ex(f,f) = priVar[f] = 6 (prr - osc(f)? +sup | Vf|I*) . =
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As foreshadowed previously, measure decompositions compose well with weak functional
inequalities. Indeed, the following lemma can be viewed as a relaxation of the setup to prove
genuine functional inequalities (cf. Lemma 3.2).

Lemma 4.11. Let 77 be a distribution over RN or Sy, and 7 = E.~ 7T, a measure decomposition of 7t such
that

e for all functions f, E.,Vary, [f] > CyaVar,|[f], and

* with probability 1 — n over z ~ p, Tt satisfies a (ppi, 6)-weak Poincaré inequality with respect to
Langevin diffusion.

Then, 7t satisfies a (pplCVar, +a'7> -weak Poincaré inequality.

Proof. Let us say that z is good if 7t; satisfies a weak Poincaré inequality, and f be a function. Then,

En(f, f) = BanpEr.(f, f)
2 EzpEr, (f, f)1zis good
> Ezpop1Vars, [f]1z i good — dpp1 - (0sc(f)? + sup |V £]%)
= Ez~ppprVary, [f] — dppr - (osc(f) +sup ||Vf||2) — Ezppp1Vary, [f112 s not good
opiEz~pVary, [f] — (8pp1 +1pp1) - (0se(f)? +sup |V £]|%)
Cvarppi Varty[f] — (8pp1 + pp1) - (0sc(f)* +sup |V £||?).

The desired follows. U

>
>

4.2 Weak Poincaré inequalities and annealed Markov chains

The notion of weak functional inequalities defined in Definition 4.7 can be naturally applied in the
context of simulated annealing, which we now define.

Definition 4.12 (Annealing scheme). Let H be a Hamiltonian over (), and (yig)g>0 the class of
distributions over Q with pg(0) o efH (7). For each B < Bo, let P = Pg be a (reversible and ergodic)
Markov chain with stationary distribution .

An (inverse) temperature schedule is any function B : R>9 — R>o. An annealing scheme A is the
time-inhomogeneous Markov chain such that at time , one applies the Markov chain Ppg).

Of interest is the temperature schedule of the form t — J - | & |, with the chain being run for
time T - (% +1>.

Theorem 4.13. Let T, 6 > 0 such that kg == 5 2 is an integer. Suppose that for each B = ko for 0 < k < ko,
pp satisfies a (pp1, €)-weak Poincaré mequalzty for Pg. Consider the annealing scheme given by schedule

t v & | & |, run for total time T - <% + 1). Let v be the output distribution of this annealing scheme.
Then,

1/2
drv (v, pig,) < io [(1+5sup||VHy|) XlIHle _ 1 }.o(eprmTH) .

Remark 4.14. Setting ¢ = 0 and § = B¢ matches the guarantees of [CE22] (after applying Pinsker’s
inequality).
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Proof. We shall prove the above using a simple inductive argument — our goal will be to show
that initialized at yi4, the Pg, s Markov chain run for time T yields a distribution sufficiently close
(in total variation distance) to g, 5. The total variation distance between the distribution that the
annealed Markov chain outputs and the true distribution g, is then upper bounded by the sum of
these total variation errors.

Let v("X) be the distribution obtained by running the annealed Markov chain initialized with i,

r,k)

until inverse temperature ké. In particular, v corresponds to the result of running our annealed

Markov chain for T(k — r) time, and v*¥) = pi5. We are interested in bounding dtv (V(O'kO), 1 50).
We have
dTV V(O,ko)/ ‘u — dTV v(kofllkO), l’l + dTV U(I’*l,ko)/ V‘B — dTV V(V,ko)/ ]’lﬁ
(9] = (1) (a9, 1) 1)
<dty (V(ko_l’kO), ]/1,50) + )Y dw (V(r_l’ko),v(r’ko)) (Triangle inequality)
1§7’<k0—1
<dty (V(kofl’ko), yﬁ()) + ) dw (v(rfl"), 1/("’)) (Data processing)
1<r<ko—l
= ) dw (V(r_l’r), ,141’(5)~

1<T<k0

We now turn to controlling the error functional osc(f)2 + sup ||V f||*. Fix an arbitrary B, and set f
to be the likelihood ratio d%is‘ Then,

e—0H
If = o < || g0 — 1
Hp+o 0
e oH _1 1
SE e—0H + E., e°H 1
Hp+é 00 Hp+o
S| Hl| o S| H||oo
e!IHl —1+e” : _1\2.(625”}1”00_1).
e lH]le e 9llH]le

Hence, osc(f) < 4 - (e?IHl= —1). Next, a simple computation yields

5675H
V£l = m“VHH

Hp+o

<26 - Xl W H|,

so we have sup ||V f|| < 26 - eXIHl~ sup || VH|.
Since each 1, satisfies a (ppy, €)-weak Poincaré inequality, Theorem 4.6 with the above calcula-
tion implies that

2

dry (V(Fm, Vns) <X (V(rfl’r) Hl%)

Lo 2T 52 (V(r—1)5||]’lrf5> te- (16(eXIHle — 12 4 4(5eX 1Ml sup |V H||)?)
< (16(625\|H\|oo _ 1)2 _|_4((5€25HHH00 sup HVHH)Z) (e—meT +€> .

Plugging this back into the earlier sequence of equations completes the proof. O
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Remark 4.15. While the proof above has been stated for the annealing scheme where at time ¢
the Hamiltonian is of the form o — B(t) - H(c), the proof immediately extends to essentially any
annealing scheme that changes the Hamiltonian “slowly”, in that if H; is the Hamiltonian at time ¢,
||HiT — Hil|oo < 0 for all . A concrete example of such a scheme that might work better than the
vanilla annealing is that which at time ¢ has as Hamiltonian ¢ — H(B(f) - o).

5 Vignette: Sampling from mixture models with advice
We are interested in the following question.

Let 7t be a distribution over RN with density proportional to e~". Given oracle access
to the gradient V'V, when is it possible to efficiently produce samples that are close (in
total variation distance) to 7t?

We begin with an overview of existing results towards the above question. Recall from Fact 3.7
that for distributions satisfying a Poincaré inequality, such as strongly log-concave distributions,
Langevin diffusion enjoys rapid mixing. Beyond this setting, however, very little is known.
[BCE 22, CWZZ24] prove certain “local mixing” guarantees for Langevin diffusion on non-log-
concave distributions, but these do immediately not translate to sampling guarantees. The works
[GLR18, LRG18, GTC24] use Langevin diffusion-based algorithms to sample from mixtures of
log-concave distributions. Furthermore, the first of these papers proves that it is hard to sample
from a mixture of two Gaussian distributions with distinct covariance matrices given access to just
the gradient VV.

In [KV23], the first theoretical guarantees are provided for a new model designed to circumvent
this issue, where in addition to being given access to the gradient V'V, we are also given “advice”
in the form of m samples from the distribution (also see [NHH "20] and [Hin10, GLZ" 18, XLZW16]
for related discussion). In particular, they show that when the stationary distribution is a mixture of
constantly many strongly log-concave distributions, Langevin diffusion initialized at the empirical
measure on the advice gets close to the stationary distribution. However, their dependence on
the number of components K is doubly exponential. The main result in this section improves the
doubly exponential dependence to a polynomial one for any mixture of distributions satisfying
Poincaré inequalities. Similar results are obtained by Koehler, Lee, & Vuong [KLV24].

Theorem 5.1. Let ¢,6 € (0,1), and let 7t a mixture

K
=) piT
i=1

of distributions (71;)K |, where each m; satisfies a Poincaré inequality with constant (at least) ppy. Further
assume that p; > p. for all i. Let vy be a random distribution over RN such that Evy = 7, in that for any
measurable subset A of RN, Evp(A) = 7t(A). Set

w=o (1)

p«€
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Let vy, ..., vy be iid draws from vy, and v the uniform mixture over the (v;)" . Further suppose that with
probability at least 1 — 6, x*(vi|| 7t) < M. Denoting by ur the distribution attained by running Langevin
diffusion for time T initialized v, it holds that

Pr [’ (urllm) <e] >1-0(),
for T =0Q ( o 108 (%)), where the probability is over the draws of v;.

Remark 5.2. One should think of vy as being the point mass distribution supported on a (random)
sample drawn from 7. Alternatively, one can think of vy as being the distribution obtained by
drawing a sample x( according to 77, then running Langevin diffusion for a short amount of time —
doing this would make the x?-divergence x*(vp||7) finite. We also remark that a version of this
proof goes through if we have that each 7; satisfies a log-Sobolev inequality instead of a Poincaré
inequality, working with KL divergences instead.

Proof of Theorem 5.1. The idea of the proof will be to show that up to some additive error depending
on the samples, 7t does satisfy a Poincaré inequality with respect to the distributions along the
path of Langevin diffusion initialized at the empirical distribution. This error corresponds to how
imbalanced the samples are in terms of the mixture weights — a straightforward concentration
argument using Bernstein’s inequality then shows that this error is small, so the x? divergence
essentially decays exponentially fast, as if 77 satisfied a true Poincaré inequality.

Let f; be the Radon-Nikodym derivative of j; (obtained by running Langevin diffusion initial-
ized at v) with respect to 7. By definition, we have

X2 (uell) = EHUtZ] -
—ZP: mlff] —1)

= ; piVary [fi] + Y pi (Bx[fi)* — 1)

i=1

Because each 7; satisfies a Poincaré inequality, the first term is bounded as

):PzVarn,ft\ szEmHVﬂHZ fEnIIVftHZ-

Consequently,

K
Pl < pl E VAP + Y pi (B2 1). )

i=1

Theorem 4.6 then yields that

K
XZ(VTHTE> < XZ(VOHH) 'eime + ESNAT [Z pi (Em [ft]z - 1)]
i=1

K

ZP:‘ (Em [ft]z - 1)] :

i=1

< Me 5T 4 Eq o,
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Above, we use that because the KL divergence to 7t of each of the v; is at most M, so is that of the
mixture yo = v.
To conclude, we shall establish tail bounds on

EsA, [sz mlfs)? = )]-

For1l <j<m,let fs(j ) be the Radon-Nikodym derivative of ygj ) with respect to 77, where ‘ugj ) is the
distribution obtained by running Langevin diffusion for time s initialized at v;. It is not difficult to
see that f; = =+ Yt fs(j ),

First, for fixed s and j, we use the fact that the (Ez| fs(j )]) j are independent mean 1 random
variables, with Hoeffding’s inequality, to get tail bounds for E.[f;]> — 1. We may use this to
bound a certain Orlicz norm of this random variable — this bound on the norm also transfers
to Esoa, {Zf;l pi (B [fs]* — 1)} as it is a convex combination of random variables with bounded
Orlicz norm. This immediately yields the desired tail bound.

Fix s and i. To start, we have the almost sure bounds

1 1

(1)
- 7E - r 7r, p 7'[, s = 0.
P« Px ; prE U

Note that because the expected v; is equal to 71, E,,Er, [fS] | = 1 for any j. Furthermore, because

E. [ fs(j )} is a mean 1 random variable which is bounded in [O, i} , its variance is at most i (see

.
< 2exp (—mf 1t> )

Pr[|Eq[fs)* — 1| > t] <Pr []Emfs —1] >

e.g. [BDOO]). Bernstein’s inequality implies that

e, ]

Pr[[Eqfi — 1| > 1] [

Thus, for any t > 0,

t
Tewv)

2
(st
< 2exp _ P \LtVE
8 1+ 1+\/
Now, consider the Orlicz norm || - || associated to the above family of tail bounds. As mentioned

earlier, standard machinery may be used to go from the above tail bounds to a bound on the norm

B T pi (B A2 = 1) |
Translating this back to a tail bound, we get that

2
€ mp€
-1 < _ < 0.
[ >2]\2exp< 10 >\5

Conditioning on the above event not happening, we get that

| B [fs]* — 1 v Convexity of the norm yields the same bound on ‘

s~Ar sz ( nl[fs - 1)

e 3
X (nrll) <X (pollr) -0+ 5 < e,

as desired. O
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6 Stopped localization schemes

6.1 Localization schemes

We review some basic notions for the localization schemes framework introduced in [CE22].

Definition 6.1 (Linear-tilt localization scheme). Let i = g be a probability measure, (yt);cz., be a
localization process. A linear-tilt localization scheme is one where y; is defined by

i1 (x) = pe(x) (L4 (x —m(pe), Zt))
where Z; is a random variable with E[Z;|y;] = 0 and m(y;) denotes the mean of ;.

For our main application to p-spin models, we will focus on a continuous-time version of
linear-tilt localization known as stochastic localization [Eld13].

Definition 6.2 (Stochastic localization). Let u be a probability measure on () C RY, (Bt)=0 be a
standard Brownian motion on IRN. The stochastic localization process with driving matrix (C;)s=0
is a localization process (it)=0 with py = p and

pi(x) o po(x) exp (=7 (x, Zex) + (v, %)),
where ¥; = fot C?dsand y; = fot C?m(ps) ds + Cs dBs.

A crucial property of these localization schemes is that establishing (approximate) conservation
of variance reduces to bounding the covariance matrices of the intermediate distributions y;.

Lemma 6.3 (Conservation of variance for linear-tilt [CE22, Claim 22]). Let (yt)icz., be a linear-tilt
localization process. Suppose that for all t < T we have

HCOV(Zt\Vt)l/Z - Cov(pu) - COV(ZtWt)l/ZHop s K

where Ky € [0,1]. Then for any function ¢,

Tfl
EVar;,T

Var,[¢ t:O

Lemma 6.4 (Conservation of variance for stochastic localization). Let (i;);=0 be a stochastic localization
process with driving matrix (Cy)¢=o. Suppose that for all t < T we have

|12 covu - 12| <k

where K; € [0,1]. Then for any function ¢,

EVar,, [¢] S o Jo Kedt
Var,[¢]
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6.2 Proving weak Poincaré inequalities using stopped localization schemes

To apply Theorem 4.13, we required weak Poincaré inequalities for the measures of interest. To
show these, we next introduce a generic tool to prove these using Lemma 4.11, building on the
localization schemes framework introduced in Subsection 6.1. Let u be a distribution. Using a
localization scheme, we would like to design a measure decomposition y = E.~ . such that

e for all functions f, Vary[f] < CyaEz~pVary, [f], and
e with probability 1 — 57 over z ~ p, 7, satisfies a (ppy, 6)-weak Poincaré inequality.

One way to ensure the first condition — approximate conservation of variance — is to simply
stop the localization scheme whenever it fails to hold. Indeed, the following lemma immediately
follows from Lemma 6.3.

Lemma 6.5. Let i = g be a measure, and let (y1)scz.., be a linear-tilt localization process defined by

prn(x) = pe(x) (14 (x —m(p), Z))

for some random variable Z; with E[Z;|us] = 0. Let T > 0 be an arbitrary stopping time and 0 < K; < 1
foreach t > 0, and consider the stopping time

v = Aint{ [ Covizm) - Coviun) - oz > &}
> op

Then, for any function ¢,

EVar,_[¢]
—_— > 1—K;).
Var, [¢] g( t)

Similarly, we have the following lemma for stochastic localization, which follows from Lemma 6.4.

Lemma 6.6. Let yu = ug be a measure, and (uy)s>o be a stochastic localization process with driving matrix
(Ct)i=0. Let T, K > 0 be constant parameters, and consider the stopping time

>1<}.
op

T

Then,
EVar,, @ S o~ TK
Var, [¢]

Remark 6.7. The localization process in the above lemmas can depend on ¢, and need not be a
linear-tilt localization. The more general requirement is that

E [Vary,, [¢]|p] 1 d
> - .= S K
Vary, [¢] > ke or Vary, [¢] dSE [Vary, (@] | ] > K

s=t

This can always be achieved by stopping the localization process whenever these conditions fail to
hold.

With these elements in hand, we now show how to prove a weak Poincaré inequality using
stopped localization schemes.
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Lemma 6.8. Let u = o be a measure, and (y; )10 be a stochastic localization process with driving
matrix (C¢)i>o. Let T,K > 0 be constant parameters. Suppose that with probability 1 — 1y, it holds

that HC}/2 - Cov (i) - C}/ZHOP < K forallt € [0,T]. Further suppose that with probability 1 — 13,

ur satisfies a (ppr, 8)-weak Poincaré inequality. Then, u satisfies a (ppre™ X, e™® (6 + 11 + 172) ) -weak
Poincaré inequality.

Proof. Asin Lemma 6.6, define the stopping time

SN

>1<}.
op

Consider the measure decomposition ¢ = Eu.. By Lemma 6.6, this decomposition is variance-
conserving with parameter e X. By the hypothesis of the lemma, T = T with probability 1 — 73,
and y; satisfies a weak Poincaré inequality with probability 1 — 7,. Consequently, . satisfies a
weak Poincaré inequality with probability at least 1 — 777 — 772. Lemma 4.11 completes the proof. []

Remark 6.9. An analogous lemma to the above holds if (yi)tcz., is any linear-tilt localization
process.

While it will not be used in this paper, we note that a similar method proves a weak Poincaré
inequality for a natural Markov chain associated to a localization scheme. This includes for example
the restricted Gaussian dynamics; see [CE22] for several other examples.

Lemma 6.10. Let y = pg be a measure, and (y;)i>o be a stochastic localization process with driving
matrix (Ct)i>0. Let T,K > 0 be constant parameters. Consider the Markov chain P given by Py, =

E [%} . Define the stopping time

S E——

>1<}.
op

If T = T with probability at least 1 — 6, then P satisfies a (e~ X, 5¢™X)-weak Poincaré inequality.

Proof. For the Markov chain P, the Dirichlet form is given by Ep(f, f) = EVar,,[f] (see, e.g., [CE22,
Proposition 19]). We then have the chain of inequalities

EVar,, [f] > EVar,, [f] — dosc(f)?

>
> e "®Var,, [f] — dosc(f)*.
The first inequality here is immediate since

EVar, [f] — EVar,, [f] = EVar,, [f]1.r < osc(f)*Pr[t # T).

The second inequality follows from Lemma 6.4. O

Remark 6.11. As in Remark 6.7, the above lemma can be generalized to localization schemes other
than stochastic localization.
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7 Sampling from spherical p-spin models

In this section, we prove that simulated annealing samples from spherical spin glass models for
models satisfying (SL). Recall that Sy = V/N -SN-1 For Y2,%3,--+,Yp, = 0, the mixed p-spin
Hamiltonian Hy : Sy — R is defined by

N

Y
Hy(0) = Z N(Tpl)/z ' Z 8ty Tiy *** iy 5)

p=2 i10sip=

foriid. samples g;, ; from A(0,1). This is the gaussian process on RN with covariance
EHy(c") - Hy(0?) = N-&(R(c,0)),
P

where we recall the mixture function ¢ is defined by ¢(s) = szz ’y%s” . The algorithm we will study
is the following simple annealing scheme for Langevin diffusion.

Definition 7.1 (Annealed Langevin diffusion). Let éy, Ty > 0 be parameters possibly depending
on N. For any B > 0, let g := pgp,, where Hy is the p-spin Hamiltonian. Annealed Langevin
diffusion is the annealing scheme A where B(t) = dn[t/Tn| and Py is the Langevin semigroup
operator for Gibbs distribution p4. In words, A keeps B constant for time Ty and then increments

Theorem 7.2. Let Hy be a mixed p-spin Hamiltonian whose mixture function ¢ satisfies (SL), which we
recall below:

&' (q) < (1_1q)zfor allg € [0,1).

Let y be the associated Gibbs measure over the scaled sphere Sy, with

du() ecexp(Hn(0)) dp(0).

With probability 1 — e=N "> over the randomness of Hy, the following holds. For some parameters éy =
O(N=%3), Ty = Q(N/5), the output measure v of the the annealed Langevin diffusion scheme with these
parameters satisfies

dryv(v, p) < e N

N can be improved to eV, matching the fact that a e=©(N)

Remark 7.3. We expect that the error e~
fraction of the Gibbs measure is typically trapped in metastable states between the uniqueness and

shattering thresholds [A]24]. However, we will not pursue this improvement in this paper.

Remark 7.4. The condition (SL) is a fundamental barrier for stochastic localization, both as an
algorithm and a proof technique. As was essentially shown in [HMP24, Section 10], for models
satisfying (Strict RS) but not (SL), the means m(j;) along the localization process do not move
stably, in the sense that there exist time intervals of width o(1) in which m(y;) moves by Q(N'/2).
(The condition (Strict RS) is an artifact of the proof, and it is expected that the mean continues to
move non-stably beyond the regime (Strict RS)). In the setting of [[HMP24], this implies that their
algorithmic simulation of the localization process fails, because approximate message passing will
not estimate the mean at some times. In our setting, this implies that the covariance Cov(};), which
arises as the derivative of m(y;), is genuinely not bounded in operator norm at some times, and
thus the main input to our framework does not hold.
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Remark 7.5. While the result above is stated for the continuous time Langevin diffusion, the results
therein can be adapted to the discretized Langevin Monte Carlo algorithm using standard tools, a
la [Che23, Part II], to obtain a polynomial time sampling algorithm.

To prove the above, we shall use Theorem 4.13 in conjunction with Lemma 6.8. For the remainder
of this section, let (7y,),>2 be a sequence of weights such that the associated mixture function ¢
satisfies the condition (SL).

Notation (Measure decomposition for p-spin models). Let g, = po. For a large constant time T,
let (u¢)o<t<t be the stochastic localization process with driving matrix Id (see Definition 6.2).

Lemma 7.6 (Covariance bound on stochastic localization path). There exist constants c, K, depending
only on &, such that for any constant T > 0 the following holds with probability at least 1 — =N v
randomness of Hy. If (¢ )o<i<T is the (random) trajectory of stochastic localization initialized at po = pm,,
with probability 1 — e~*N"", || Cov () lop < Kforall 0 <t < T. In other words,

over the

_ 1/5 _ 1/5
Pry,, [Pr( \Hy [HCov(yt)Hop <Kforall0 < t < T} >1—e N } >1—e N,

Ht

Lemma 7.7 (Weak Poincaré inequality for endpoint distributions). There exists a constant T depending
only on & such that the following holds with probability at least 1 — e~N over the randommness of Hy. With
probability at least 1 — e~N, the (random) measure ur satisfies a (c,e~N)-weak Poincaré inequality. In
other words,

Pry,, {PryT‘HN [yT satisfies a (c, e N )-weak Poincaré inequulity] >1- e’CN} >1—e N,

Let us first see how these two lemmas imply the main theorem.

Proof of Theorem 7.2. Fix some 0 < B < 1. Note that the Hamiltonian fHy has mixture function
Zg(s) = &(B%s), and if ¢ satisfies (SL) then g does as well. Plugging in Lemmas 7.6 and 7.7

—cNV/5 ch1/5>

into Lemma 6.8 implies that with probability at least 1 — e , UpH, satisfies a (c, e -weak

Poincaré inequality. A union bound implies that with probability 1 — e~N % for all B encountered

along the annealing schedule, 13y, satisfies a c,e_CNl/5 -weak Poincaré inequality.
g g MpHy q y

By [HS22, Proposition 2.3], with probability 1 — e~N, || V Hy||c = O(v/N). The same argument
implies that with probability 1 — e =N, || Hy||c = O(N). With probability 1 — e~N '* all three of
these events occur, and Theorem 4.13 completes the proof. O

We conclude this subsection by proving Lemma 7.7.

Proof of Lemma 7.7. Let dp(0) o« efN1(@) do for Hy r(0) = Hy(0) + (y,0). Let

Sn(y) = {oc € Sy : R(y,0) > 0}.

Let U € RN*(N=1) be a matrix whose columns are an orthonormal basis of the orthogonal comple-
ment of y. Let §j = v/ Ny/||y|| be y (which is a.s. nonzero) scaled to length v/N, and define the map
oy(p) : RN — Sn(y) by ~

y+Up

7P = VI+R(p,p)
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This is the inverse of the map that first stereographically projects Sy(y) from the origin to y +
URN!, the plane tangent to Sy at #, and then maps the resulting point to coordinates given by U
Leteg = 0.1,and A = {p € RN"!: ||p||*> < 9N}, and note that

0y(A) ={ceSn:R(c,y) = (1+¢e)" 12y

is a spherical cap around ¥. Let A’ := ¢, (A). By arguments in [HMP24, Subsection 9.2], there exists
a measure v (denoted VZrOJ ', see Eq. 2.10 therein) such that the following holds with probability

1—e N,
* The push-forward of v 4 through oy coincides with (1) 4. (Lemma 9.5 therein.)

o ur(A’) =1—e N, (Lemma 9.6 therein states this with 1 — oy (1) in place of 1 — e~“N, but the
proof implies bound 1 — e~V as this is the bound given by Proposition 5.12 used therein.)

e v(A) =1—e N, (Corollary 9.7 therein, modulo the same issue of 1 — oy (1) versus 1 — e~V

which is addressed the same way:.)
e vis ()(1)-strongly log-concave. (Proposition 9.8 therein.)

By the well-known Bakry-Emery condition (see, e.g., [Che23, Section 1.2.3]), on this event v satisfies
a ppr-Poincaré inequality for some pp; = Q(1). We will transfer this inequality to a (ppr, e~V )-weak
Poincaré inequality for 7. Consider a smooth test function f : Sy — Rand let f : R¥N"! — Rbe
defined by f = f oy, Since drv (pr, (41)|a/) = N and dry (v,v)4) = N, and osc(f") < osc(f),
arguing as in (3) shows
Var,, (f) < Var(yT)‘A/ (f) +e Nosc(f)
= Var, , (f) + e Nosc(f)
< Var, (f) 4 2¢~Nosc(f).

By the Poincaré inequality for v and the definition of the Dirichlet form for Langevin diffusion,

Varv(f) X P (f f) - EV[HVfH ]

By [HMP24, Proof of Lemma 9.5], the map o, has ]acoblan Jo, satisfying ||Jo, [|op < 1, and thus for
allp € RN71,
IVf() = IV (foay) (o)l <V f(oy(p))]l

It follows that

E (I VFI? < By IV AP +e N sup | Vf?
< B, [IVFIP] 4+ e~ N sup |V £]2
<Ep[[I V7] +2eV sup | V£|]*
Combining the above shows

Vary, () < o8 (f,f) + 20 (osc<f> +osup r|Vf||2) |

The result follows by adjusting c. O
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7.1 Technical overview for covariance bounds

The proof of the main theorem has boiled down to Lemma 7.6 — we now give a high-level overview
of our proof strategy for this. We wish to show that with very high probability (1 — e~ %)), the
covariance is bounded along the entire path ()o<¢<T Of stochastic localization. By performing a
union bound over time and a standard perturbation argument, it suffices to show that for a fixed
time t € [0, T|, 4t has bounded covariance with very high probability.

To do this, we recall an alternate view of stochastic localization [AM22b]. The measure at time ¢
of stochastic localization (with the identity driving matrix) is given as follows. First, draw o ~ pp,,
and independently g ~ N (0, Iy). Then, y; has the same law as y Hy tor-/ig? in that

Mt io+vig (@) o oxp (Hn (@) + (tr +V1g,3) ).

As written, the covariance of this distribution is difficult to analyze — the sample ¢ has very
complicated correlations with the disorder of the Hamiltonian Hy, making it intractable.

The planting trick. To deal with this, we will use the planting trick introduced by Achlioptas
and Coja-Oghlan [ACOO08]. The application of this method in the context of stochastic localization
is by now standard [AMS22, AMS23b, HMP24], and we review the main ideas for the reader’s
convenience.

Definition 7.8 (Planted p-spin model). The planted measure y,, is a joint law over a Hamiltonian
Hy and a spike x € Sy given by

dl”P'(HN' x) & exp (HN(x)) : dP(x) : dynull(HN);

where p is the uniform measure over Sy and iy is the law over p-spin Hamiltonians with mixture
function ¢. We frequently abuse notation to let yi,(Hy) denote the marginal of yp on Hy.

To provide further intuition for the above definition, consider the following alternate sampling
interpretation of the planted model, which describes the distribution of x conditioned on Hy.

Fact 7.9. Consider the following inference problem. We start by sampling the spike x ~ Sy, sample GP) as
a rank-p tensor with iid N'(0, 1) entries for p > 2, and for each p let M(P) = —G(P) 4 N(i”l)/zxw.

Then, the posterior on x after observing the tensors (M) p>2 is of the form p(x = o | (M)
exp(Hn (o)), where

_ Tp (p) ~®
Hy(o) = (M'\P), P,
p§2 N(p—1)/2

Then, the joint law of (Hn, x) is pip.

The above says that conditioned on Hy, the distribution of x (according to ) is simply
distributed as a sample according to yp,,. That is, the spike x resulting in a Hamiltonian Hy ~ py,
is exchangeable with a sample from p .

The latter of these interpretations will be very useful for us. When dealing with the measure
at time ¢ of stochastic localization applied to the p-spin model, the primary issue was that it was
unclear how to deal with the sample ¢ drawn from the Gibbs distribution. However, if we could
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work with the planted p-spin model, this issue would be absent. Indeed, the exchangability of the
spike and a sample implies that the law of y; applied to the planted model is given by

Mt iarvig @) o< exp (Hn (@) + (tx+Vig,0) ),

where x is the spike hidden in Hy. This decouples the randomness of the external field tx + /tg
and the disorder of the Hamiltonian Hy that arises from the Gaussians (G () )p>2-

As was shown in [HMP24, Corollary 3.5] and recalled just below, the planted and null models
are mutually contiguous. Thus high-probability statements from one model transfer to the other,
and it suffices to study the planted model.

For all models satisfying (Strict RS), the measures pn(Hn) and pp i (Hy) from Defini-
tion 7.8 are mutually contiguous, i.e., for any sequence of events €y, pnui(En) — 0
whenever i, (En) — 0.

The transfer from the p-spin model to the planted model may then be carried out by setting
En=<{Hy:Pr o~ HCOV U || > K| < E_CNUS .
{ PNTYS 10 (st > K]

This event is very complicated in the null model, but exchangeability makes it tractable in the
planted model. In the actual proof, we will require a stronger (quantitative) version of mutual
contiguity; see Proposition 7.16 for details.

Now, we must understand what the Hamiltonian in the planted model looks like conditioned
on the spike.

Fact 7.10. Consider the following process: sample x ~ Sy, Hy ~ tnun, and define Hy by Hy(0) =
Hn(0) + N - &(R(x,0)). Then, the joint law of (Hy, x) is pip.

Consequently, our goal is to bound the covariance of the distribution
u(0) o< exp (ﬁN(U) +N-G(R(x,0))+ (tx + ﬁg,a)) .

for Hy ~ tnu With mixture function ¢. Now, define &; by §:(s) = {(s) + ts, and extend the
definition of the p-spin model (5) to allow a random linear term. Then,

pe(0) exp | Hy(o) + N - &(R(x,0)) |,

Hy (o)

where H Nt ~ Mnull With mixture function ¢;.

The TAP planted model. We now turn to controlling the covariance matrix of these models. As
we will see below, it is relatively easier to bound the covariance matrix (in fact, the second moment
matrix) of a model with zero or small external field. However, for any time t > 0, Hy; has an
external field. We will use a method developed in [HMP24] to reduce to the case of a model with
zero or small external field.
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Let m'"™¢ = m(p;). The main intuition of this reduction is that the Gibbs measure concentrates
near a codimension-2 band passing through m'¢ and orthogonal to m*™¢ and x, and furthermore
the model on this band is essentially a replica symmetric model with no external field. Moreover, one
expects that both R(m™¢, m'™¢) and R(m'™ ¢, x) concentrate near a value q. = g.(t) defined by
&g.) = 1

However, m'™€ is a complicated function of Hy , so it is a priori difficult to reason about the
joint distribution of (m*'™¢, Hy ;). Thus, this reduction is formally carried out by conditioning on a

TAP fixed point m™P, which will serve as a proxy for m'™. Define the TAP free energy

true

Frap(m) = Hy¢(m) + g -0(R(m,m)) + glog(l — R(m,m)),

where
0(s) = ¢(1) —&(s) — (1 —s)&'(s).

As shown in [HMP24], for sufficiently small constant : > 0, with probability 1 — e N Frap has a
TAP in the region S, defined by R(m, m), R(m,x) € [q. — 1,4« + 1]. Due to
the existence and uniqueness of m™F, it becomes possible to relate Hy s to a “TAP-planted model”
where one samples m ™ P first, and then samples Hy ; conditional on ¥V Frap(m) = 0:

unique critical point m

Lemma 7.11 (See Lemma 7.21; essentially due to [HMP24]). For any small constant 1 > 0, the following
holds. For any Hy ;-measurable event £, if

sup Pr(E|VFrap(m™F) =0) — 0,

mTAPES,
then Pr(€) — 0.

Crucially, the conditional law of Hy; in the TAP-planted model is very tractable, as (for a
fixed m"P) V Frap (mTAP) = 0 amounts to a linear constraint on the Gaussian process Hy ;. The
resulting explicit conditional law of Hy ; is described in Lemma 7.23.

Remark 7.12. While it will not be relevant to our purposes, [AMS22, AMS23b, HMP24] have shown
that m™P typically approximates m'™¢ well, in the sense that ||m*® — m™P||> = O(1), thereby

TAP

justifying the heuristic that m'~" is a proxy for m'"™e.

Remark 7.13. The idea of reducing to a TAP-planted model has also been used beyond the setting
of sampling from spherical spin glasses. In the recent work [Hua24], an analogous reduction is
used to obtain the capacity of the Ising perceptron. In this application, passage to the TAP-planted
model is used to tightly control a partition function rather than to bound a covariance matrix.

Consequently, we can now work within the TAP-planted model. Let Hrap denote the Hamilto-
nian Hy ; after conditioning on x and V Frap(mAP) = 0. As

Cov(Htp,) = EVNMHTAP (c—v)(o— V)T

for any v € RN (with equality at v = m'™®), it suffices to control the operator norm of

TAPY (¢ — m

EUNVHTAP (0. —m TAP)T‘
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Reduction to slices of the sphere. Next, to control the covariance, let us decompose the sphere
into codimension-2 slices

S(a,b) = {0’ €Sy :R(o,m) = <1 + &)R(m,m), R(o,x) = (1 + \;%)R(x,m)} ,
with the central slice centered at m = m"™P. Let y, ;, be the measure py,,, conditioned to lie in the
codimension-2 slice S(a, b).
The concentration of the Gibbs measure described in the previous section implies that, viewed
as random variables of a sample o ~ pipy,,,, @ and b are well-concentrated around 0. Let v, ;, be the
center of S(a,b). The covariance of the distribution may be bounded as

Cov(y) R E(c —m)(c —m)"
= E(o0)Eompyy (0 = Vap + Vg — m)(0 — Vg + 00 —m)
= 2E(35)Eonpy (0 —vgp)(0 — Ua,b)T + 2E (51 (Vap — m) (Vg — m>T

= 2B (1) B (0 = 00) (0 = V)| + 2B (0O (a7 +17). (6)

One can interpret v, ; as explaining the variation within the slice originating from the m and x
directions. Hence, as alluded to in the previous discussion about the TAP planted model, the key
fact is that under j, j, the recentered sample o — v, ;, is a sample from a spherical spin glass in two
lower dimensions, as can be shown by calculating the covariance of the (conditioned) Gaussian
process Htap restricted to this slice. This verification is carried out in Corollary 7.26.

These codimension-2 models have the crucial property that the spherical spin glass on the slice
a = b = 0is a model satisfying (Strict RS) with no external field (i.e. degree-1 term), while nearby
slices have a small (random) external field of magnitude v/ a? + b?. In particular, the first term of
(6) requires bounding the second moment of a Gibbs sample from a strictly RS model with small
(random) external field. As a result, (6) would be bounded if we proved the following.

1. Let Hy be the Hamiltonian of a slightly generalized mixed p-spin model, where we allow the
mixture function ¢ to have a small linear term 14 (in our proofs we allow 'y% < N74/9), such
that the non-degree-1 part ¢ of ¢ satisfies (Strict RS). Then, with high probability,

By o0l =0 (1+7IN).
Much of Section 8 is dedicated to showing this.

2. The second moments of 4 and b are O(1). In fact, we will show in Lemma 7.37 that they are
essentially O(1)-subgaussian.

Let us start by explaining how to show subgaussianity.

Subgaussianity of a,b. The distribution v of (a,b) is given by

_ 2
v(a,b) e exp (log Zop + ¥log (1 — Hv;\IbH > + HTAP(va,b)> .

Here, the first term log Zu,b is the free energy of the (N — 2)-dimensional p-spin model y, ;, obtained
by restricting ., to the slice S(a, b) and rescaling the distribution to lie on Sy_». The second term
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is an effective decrement in the free energy caused by the radius of the sphere S(a, b) shrinking for
larger values of 2 and b. The third term is an effective increment in the free energy coming from the
energy of Hrap at the center of the slice S(a, b).

For a fixed (a, b), the only random quantities in the definition of v are the first and third terms.
In Theorem 7.29, proved in Section 8, we show that the first term may essentially be approximated
by a deterministic function of the mixture function of 5, at the cost of incurring a small O(1) error.
We do not elaborate on the details of this proof in the technical overview; it is similar to that used to
bound the covariance (which we explain shortly). The third term is similar, and is a deterministic
function plus a small Gaussian, whose variance is O(a? + b?).

Given these bounds, we may show that the distribution v is strongly log-concave at 0 with high
probability over the randomness of Htap. A simple perturbation argument then implies that v is
strongly log-concave in a macroscopic neighborhood of 0, implying subgaussianity.

Covariance bound for strictly RS models with small external fields. The covariance bound
has now boiled down to bounding || M||op, for M = Ey,, [co "] the second moment matrix of
model satisfying Eq. (Strict RS) with small external field. Note that M is a Hy-measurable random
variable.

The proof proceeds in two high level steps, which we carry out in Section 8.

1. We show using the second moment method that with positive probability over Hy, || M||,, is
bounded.

2. Using a much simpler argument, we can show that || M]|,, is essentially O(N ~1/10) Lipschitz

in the disorder. Hence, by gaussian concentration, it concentrates very well around its
expectation (which is O(1) by the positive probability bound).

Let us elaborate a bit more on the proof of the first point above. It turns out that, under the
condition (Strict RS) with small external field, the leading order contribution to M comes from the
degree-2 part of the Hamiltonian Hy (o) = % Y.i j &i,j0i0j. We will ultimately reduce the study
of the covariance matrix of yp, to that of yip, ,, and then show boundedness of Cov(jp, ,) using
random matrix theory. A similar strategy of isolating the degree-2 component of Hy was used to
study the partition function and magnetization of strictly RS models in [HMP24].

Degree-2 behavior. Let us discuss the typical behavior of the covariance of yy, ,. Define the
degree-2 Gibbs measure

dpy, (0)  exp(Hn () dp(0),
with corresponding partition function Zy, = [ exp(Hn2(0)) dp(0). This is the spherical Sherrington-
Kirkpatrick model with interaction matrix A = V2?Hy(0); note that A is a scaled GOE matrix.

Observe that if we shift A by a constant multiple of the identity yIdy, the measure does not change,
as it is supported on Sy. The crucial observation is the following:

For a careful choice of 7, the measure dy,,(0) « exp(—3(o, (vIdy — A)o)) dp(0)
looks like a Gaussian with covariance (yIdy — A) L.

In fact, we will see that it suffices to pick ¢ = 1+ ¢”(0). The typical value of ||x|3, where x ~
N(0,91dy — A)~L, is equal to Tr(yIdy — A)fl. By approximating this trace using the semicircle
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law for the eigenvalues of A and the explicit choice of y, we see that ||x ||§ ~ N, which justifies the
heuristic that this Gaussian approximates the spherical distribution g, ,.

For the above discussion to be well-defined, we require that yIdy — A is positive definite,
which can only occur if the maximum eigenvalue of A is bounded above by v = 1+ ¢”(0). By
standard concentration inequalities about the maximum eigenvalue of a GOE matrix, this holds
with a constant margin with exponentially good probability. Thus, at least for typical realizations
of Hy», the covariance will have bounded operator norm. To make this rigorous, we will use the
Laplace transform to precisely control the moments of the overlaps, as was previously done in
[BL16, HMP24].

Reduction to degree-2. Below, we give some justification for why one should expect to be able
to reduce to the degree-2 behavior. We will heuristically argue this by showing that the partition
function Zy is essentially controlled by the degree-2 portion.

To simplify the discussion, let us assume that we are in a 2 + p spin model, so that Hy () =
Hyno(0) 4 Hyp(0), where Hy (o) = ﬁ Zzl:],...,i,,:l 8iy,...i,i, * * * 0. The corresponding mixture
function decomposes as &(q) = v39* + §~2(q), so that §.2(q) = 734" corresponds to the non
degree-2 part of the mixture function. It turns out that, once we condition on Hy > (and hence the
value of Zy ), the full partition function Zy is essentially deterministic. Indeed, we will show in
Proposition 8.2 that with very high probability,

Zn ~ ZN 23N5~2(1)/2

To see why this is reasonable, let us consider the first two moments of Zy conditioned on the
degree-2 Hamiltonian Hy . Indeed, let E., denote expectation with respect to Hy,, conditioned
on Hy . Standard gaussian MGF calculations yield E.,Zy = eNe~2(1)/ ZZN,Z and

E.»[Z3] = ZZN’ZeN‘:ﬂ(l) /exp <N§N2(R((71,02))) dp®2(c,0?)
— (ENZZN)Z/exp <N’yf,R(al,c72)”> dp®?(ct, o).
At sufficiently high temperatures, the typical overlap behavior R(c?,¢?) < N~1/2, where ¢!, 02 are

iid draws from pp,,. This matches the overlap behavior at infinite temperature, where the Gibbs
distribution is uniform. Then, pretending that R(¢?!,¢0?) = ¢cN 172 for all ¢!, 02, we obtain that

E2[Z}] = (Ew2Zy)* exp <cp'y]20N1*P/2)‘

Since p > 3, it follows that, conditional on Hy », the conditional variance of Zy is tiny compared to
its conditional expectation. In summary, we see that the higher degree portions of the partition
function have negligible contributions to the fluctuations of Zy, so that the typical behavior of Zy
is controlled by Zy ».

Turning now to the covariance bound, we will control the (i, j)th covariance entry M;; =
J U'iO']‘eHN(U) dp(c). A crucial fact is that, by rotational invariance of the sphere and gaussians, we
can rotate to the eigenbasis of A = VZHy(0) so that A becomes diagonal. When A is diagonal, one

can in fact show that
1
2 2
E2[M})] < 15 (B2M;))?,
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where E.»M; ; can be interpreted as (up to normalization) the predicted (i, j)th covariance entry
by just looking at the degree-2 randomness; see Propositions 8.17 and 8.18 for details. It follows
that the Frobenius norm error of the true covariance compared to the degree-2 covariance is O(1).
Combined with the typical behavior of the degree-2 covariance being essentially the diagonal
matrix ((1+ ¢"(0))Idy — A)~1, we conclude an O(1) covariance bound for gy, .

Although this direct moment approach can be made rigorous at sufficiently high temperature,
it will not cover the entire regime (Strict RS) of our main theorem. To deal with this, we will use
the free energy typical truncation recently introduced by [HHS23]. The main idea is that, while pairs
o, 02 with overlap R(c!,0?) =< N~1/2 do not necessarily dominate the second moment E[Z?]
throughout the regime (Strict RS), there is a truncation Zy accounting for nearly all of Zy, whose
second moment is dominated by such pairs. We defer the details to the following sections.

7.2 Null models, planted models, and contiguity

As described in the technical overview, we will need a quantitative strengthening of contiguity
between the null and planted models. For convenience, let us restate the definition of the planted
model.

Definition 7.8 (Planted p-spin model). The planted measure y,, is a joint law over a Hamiltonian
Hy and a spike x € Sy given by

dppi(Hn, x) o< exp (Hn(x)) - do(x) - dpnun (Hn),

where p is the uniform measure over Sy and pny is the law over p-spin Hamiltonians with mixture
function ¢. We frequently abuse notation to let yi,(Hy) denote the marginal of i on Hy.

Remark 7.14 (Interpretation of planted model). Equivalently, the planted measure y, can be
described as follows.

¢ Sample x ~ Sy.
¢ Sample ﬁN ~ Unull-
e Define Hy by Hy(0) = Hx(0) + N - &(R(x,0)).

The following Bayesian interpretation of u, will make the planted model amenable to explicit
calculation. For (x, Hy) sampled from p,,, the posterior distribution x|Hy is described by the
density:

Aty (0) o exp(Hy (o)) dp(c)

Therefore, the distribution of (Hy, o) for o ~ pp, is identical to that of (Hy, x).

In order to show the probability bound of 1 — e~N"* in Lemma 7.6, we will prove the following
quantitative strengthening of mutual contiguity, under the following quantitative strict RS condition.
Note that, since the proof of Theorem 7.2 union bounds over poly(N) many values of , quantitative
control of the error in Lemma 7.6 is needed to carry out the proof.

Condition 7.15 (e-strict replica symmetry). We say ¢ is e-strictly replica symmetricif forall g € (0,1),

7 (E0) + 0+ log(1—9)) < /2. @
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Under this assumption, we prove the following quantitative contiguity result in Section 8.

Proposition 7.16 (Quantitative contiguity). Under Condition 7.15, there exists ¢ = c(g) > 0 such that
1

for any event &, if jp(E) = p, then pau(E) < e N3 | o

log %

p.

Thus, from now on, we work under the planted model. One reason the planted model is
easier to work with is because of the following lemma, which provides a simple description of the
distribution of y; (by describing the distribution of the external field at time t) in the planted model.

Lemma 7.17. Let y; be the distribution after running stochastic localization with the 1d driving matrix for
time t initialized at pp,,. Then y; arises as the Gibbs distribution of the Hamiltonian Hy ¢(o):

HN,t<U) = HN(O') + <]/t/0'> ’

where |
(Hn,ye) = (Hy, tx+V1g),

where x ~ Sy, Hy ~ ppi(+|x), and g ~ N (0,1dy).

Notation (ppi, ¢t(q), v(q)). We will use iy to denote the distribution of the pair (Hn, x), ¢:(q) =
¢(g) + tq to refer to the mixture function of Hy ;, and y(g) to refer to the function 4¢;(q).

In the subsequent sections, we will prove a high probability covariance bound for y; at a fixed
time t under the planted model.

Lemma 7.18. There exist universal constants ¢, T, K, such that for any t € [0, T|], with probability at least
1—e~N"" over the randomness of Hy drawn from iy ¢, we have ||Cov ()| < K.

We now have all the necessary ingredients to prove the covariance bound along the entire
localization path for the null model.

Proof of Lemma 7.6. Define T as the discrete set {iT/5:1<i<1/6,i € Z} for § = N~1%. We will
prove:

PI‘HN [Pr(yt

)| {HCov(yt)H op < Kforallt € T} >1- e_CNl/S] >1—e N,

A simple continuity argument can be used to derive the desired statement from the above. By
taking a union bound over all elements of 7, along with Proposition 7.16 and Lemma 7.18, we can
conclude:

Epy Pri,, ) my |:HCOV(]lt)H op > Kforsomet € T} e 2N

e

The resulting statement then follows from Markov’s inequality on the random variable

Priy 11y | €OV (jur)|| o > K for some t € T O
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7.3 TAP planted models

In this section, we formally introduce the TAP planted model and relate it to the planted model
from the previous section.

Definition 7.19. Let Hy be a planted Hamiltonian with mixture function ¢, and define

0(s) = ¢(1) = &(s) = (1 =9)¢'(s).
The associated TAP free energy is defined by

Frap(m) = Hy(m) + % -0 (R(m,m)) + g -log (1 — R(m,m)).

While the TAP free energy is interesting for a multitude of reasons, we will be interested in it
because its fixed points provide a good proxy for the mean. Furthermore, the linearity of the TAP
free energy in the Gaussian coefficients of the Hamiltonian provides certain desirable properties
(that using the true mean would not allow).

Fact 7.20 (([HMP24, Fact 4.2]). Let { be a mixture function satisfying the condition (SL). Forany t € [0, 00),
let &i(q) = ¢(q) + tq. Then there is a unique solution in [0,1), which we denote g, = q.(t), to

g+
(;d x) = .

Lemma 7.21. For any K > 0, sufficiently small (constant) 1 > 0 and x € Sy:
Pr;'ipl/t {HCOV(VHN,t)Hop > K:|

< C- sup Pr]/lpl,t|x [HCOV(%HN,f)Hop 2 KA (c/‘l ’ V‘FTAP(H’I) =0
mes,

1/2
i| +2€_CN,

where
S, =8(x) = {m € RN : [R(m,m) — q.|,|R(m,x) — q.| < L},
and &, is the event that Frap has a unique critical point m™P in S, and that
Proupy, [R(cr, m"™P),R(c,x) € [+ — 1,9+ + 1]} >1—e N,

Proof. The above statement is effectively due to [HMP24, Propositions 4.4(d) and 4.5(a)]. For the
reader’s convenience, we include the steps to arriving at the above statement. For any event £ (and
in particular, for the event £ defined in [HMP24, Proposition 4.4]), we have:

Pr [HCOV(VHN,z)Hop > K} < Pr {HCOV(‘MHW)HOP >KAE /\5} +Pr[€] +Pr[E].

The desired statement follows by observing that Pr [E] L e N by [HMP24, Proposition 4.5(a)],
Pr [E] Le N by [HMP24, Proposition 4.4], and applying [HMP24, Proposition 4.4(d)] with X =

1|:HCOV(AMHN,¢)Hop 2K/\51] O

Lemma 7.21 reduces our task to studying the covariance matrix in a conditional planted model.

39



Notation (ytap, Htap, 9m, 4x). For x ~ Sy and m € RN, we consider the distribution UTAP x,m
of Hrap for Hrap ~ (ppit|x, V Frap(m) = 0). We use g, and g, to refer to R(m, m) and R(m, x)
respectively.

Lemma 7.22. Let x € Sy, let S, be as in Lemma 7.21, and let m € S,. Then for an absolute constant K > 0,
_~N1/5
PrHTAPNHTAP,x/m[HCOV(VHTAP)H = KA gl] Se N
Proof of Lemma 7.18. The statement is immediate from Lemmas 7.21 and 7.22. O

The rest of this section is dedicated to proving Lemma 7.22. As a first step, we determine the
law of the typical Hamiltonian sampled from prap. We prove the following lemma in Appendix B
— it follows by routine calculations, using the form of the law of a Gaussian process conditioned on
the value of a linear function of it. Recall that &;(q) = &(q) + tg.

Lemma 7.23. The law of Hamiltonian Htap ~ WTAP x,m is described by a Gaussian process (Hap (7))
defined by

oeSN

B Hrae(0) = NG (R(x,0)) = (1,0(0)) - 8(00) —~ ) 0 (0q) - =)

1
CH(R(m,0))G}(R(m, o)

%COV(HTAP(U’),HTAP (¢")) =& (R(c,0")) — R(o,0") o)
&t (qm) /
+ 7’(qm)§‘;(qm)7(R(m’ 0))y(R(m, ")),

where

For the proofs below, it will also be helpful to consider Hamiltonians with a linear term
representing an external field. For a sequence 71,72, ..., 7., consider the following generalization
of Hy from (5):

N
Y
Hy(o) = E N(Tpl)/z Z 8, ip¥iy *** iy (8)
p>1 iyeesip=1

This has mixture function

&s) =Y ma’-

p=1

We will write &1(s) = ¥_,>, 72g” for the part of & with degree at least 2, and extend Condition 7.15
p=>2Tp4 p g
to such ¢ as follows.

Condition 7.24 (e-strict replica symmetry). We say ¢ is e-strictly replica symmetric if 72 < N—4/5
and ¢..; satisfies Condition 7.15.
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7.4 Slices in TAP planted models

For succinctness, we shall fix x € Sy and m € S,(x), and use ptap to refer to the distribution
UTAP,x,m- For Htap ~ putap, we are interested in bounding the covariance of jif,,,. To reason about
I Hypp, We Write it as a mixture of distributions over (N — 2)-dimensional slices of Sy. For 4,b € R,
we define

S(a,b) == {ae Sy : R(o,m) = <1+\/aﬁ)qm, R(o,x) = <1+\/bﬁ>qx} .

Let r, ; refer to the radius of this slice, which is equal to

2 2 2

a Gmq% a—b>

= \/1l—-gull+—| — .
ok \/ 7 ( VN> qm_qgc(\/N

Note in particular that

2 2 _p\2 2
() e () 7m0 0m) <9>

We refer to the uniform distribution on this slice as p, 5, and the partition function on the slice as

Zap = Egnp,, exp(Hrap(0)) -

With this definition, the partition function of the original Hamiltonian is given by
/ = AN / Za,bré\,]b_‘Ld(a,b)

for some fixed number Ay depending only on N.

Remark 7.25. To see why we scale by r,ﬁ\fb_ 4 observe that when Hyap is the constant-0 Hamiltonian,
the resulting distribution on the sphere should be uniform. The distribution restricted to each slice
must also be uniform. However, not all slices are weighted equally — slice that have smaller radii
must be downweighted accordingly, with this weighting proportional to ré\fb_ 4 for S(a, b).!

Use v to refer to the distribution over (a,b) where dv(a, b) « Z,,rN,*d(a,b), and p, to refer
to the distribution py,,, restricted to S(a,b). Now, we can write yp,, as the following mixture:

HHrap = E(a,b)wvﬂu,b'

We will need coarse understanding of the tails of v, and fine understanding of the distribution
Hap for small 2 and b.
Now, let us probe the distribution p .

dptap v _  exp(Hrar(0))
doap Esp,, exp(Hrap(0))

Since S(a, b) can be naturally identified with Sy_», the first step to understanding y,, ; is to express
it as a p-spin model on Sy_». To do so, we will verify that some Hamiltonian that gives rise to y,

1 The constant of proportionality here is something depending only on N.
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has a mixture function that is given by a polynomial in the overlap. We can write any ¢ € S(a, b)

o =VN-0(a,b)+1/1— |v(a,b)]|*o,

Tap

as:

for o, € Sy orthogonal to m and x, and for v(a, b) in the span of m and x. Let Q be an isometric
linear transformation that maps Sy_» to Sy L {m, x}. We can write Hyap(0) = Htap(v(a,b) +
7,5QT) (Where T € Sy_3). The following is a consequence of Lemma 7.23, and is proved in
Appendix B.

Corollary 7.26. For a fixed choice of a and b, the Gaussian process (Hrap(v(a,b) +1,,Q7)) is
described by the following law.

TESN 2

* Let H,}, be a spherical p-spin Hamiltonian with mixture function ¢, given by:

Biti(am (14 22))

ap(s) = Gr([0(a, D)1 + 72ps) = & (llo@ b)) ?) =

2
& ((1+ 5 ) y ] 2
* LetVia ) =& (lle(e)”) = e, b))* ((;<§Z>)q ) + onsti 7 (1 ) m)

The law of Hrap (v(a, b) + 1,,Q) is the same as that of H, ,(T) + VN - 84 p + Epupae Hrap (0(a,b) + 1,,Q7)
where g, is a centered Gaussian of variance V (a, b) independent of H, .

Now, Hrap is described by the collection (H,j, $4.p) b This is not an independent collection of
random variables. The only structural properties of this collection we will use are:

* Foreacha,b € R, we have H,; and g, are independent.

~ ~ . . . 4 4
¢ Forany a,b, wehave g, = 0,0 + a5, Where g, ; is a centered Gaussian of variance O (“ th ) .

N2
We will first give an explicit form for v(a, b).

Fact 7.27. We have
— bg? b—a
N o b) —m. (14 =Y | md x.( )
o VN@m—43))  dm—d \VN

Lemma 7.28. There exists ¢ = e(&) > 0 such that for all t > 0 and all |a|,|b] < eN'/10, the mixture
function ¢, defined in Corollary 7.26 (recall this implicitly depends on t) is e-strictly replica symmetric
(Condition 7.24).

Proof. We will first show ¢/ ,(0) < N —4/5_ We calculate:

ri Cilqm(1+ %~
& ,(0) = 2,2 ([o(a, b)[2) — = i ,( 5))
ét(qm)

(1o 202 o (F28))Hlon ()
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2
Here, the inequality follows from the fact that ||v(a,b)|* = qm (1 + ﬁ) +0 (“2#’2), ¢} is non-

decreasing, and rib < 1. Now, we have, using the O(1)-Lipschitzness of &},

200Gy, 242
amwmwﬂ:awm+awm-j;+o<”; )

and

2 2 12

a 2a a-+b

& (o (1) ) =+ 2 7 am) - hlam) + O (EH0) - ).

Thus ¢; ,(0) = O(#) Setting ¢ sufficiently small ensures ¢; ,(0) < N —4/5 Next, we show
(Cap)~1 satisfies Condition 7.15. Since ¢ satisfies (SL), there exists sufficiently small ¢ = ¢(&) such

that ¢’ (g) < ﬁ forallg € [0,1). Then,

(@) = (1 0@ )12) & (Iot@ b)1 >+ (1 - (e, )]2)q)

< (1- (@ b))?)’- e
S (1= le@ o)1 = (1= @, 2)]12)q)
1—e¢ 1

= < —E&.

(1—¢9)% = (1-9q)?

Integrating twice shows

1
(Zap)~1(q) +q+1log(1 - q) < Jeq’. O

We are now ready to bound Cov (i, ). First, recall that for any distribution u over RN and
any vector v € RN, we have Cov(yt) < Esy(0 — v)(0 — v) ". Thus it suffices to bound

oy (0~ m)(0—m)
= E(a,b)wanﬂ/b(‘T —v(a,b) +v(a,b) —m)(c —v(a,b) +v(a,b) — m)T
< 2E g1 B (0~ 0(8,6) (0 — 0(0,5)) 4 2E(g, (0(a, ) — ) (0(a,5) — m)

(10)

We will bound the spectral norm of each of the above terms below. We employ the following
statement for proving the desired bounds, proved in Section 8.

Theorem 7.29. Suppose € > 0, and ¢ is e-strictly replica symmetric (Condition 7.24). Then, there exist
¢ = c(e) and C = C(e) such that the following hold with probability 1 — e=N""|

(a) We have V2Hy(0) = (1 + ¢&"(0) — €2/8) Iy and

N¢(1) _ Ng"(0) _log(1—¢"(0)

log Zy == 4 2

£ logdet ((1+(0)) Iy — V2Hy(0)| < 1.

(b) The Gibbs measure satisfies ||Ey,, 00 |lop < C(1 4 73N).
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Bounding the first term. Observe that:
EUNVa,b (‘7 - U(a, b))(‘T - U(ar b))T = Vglea,bET~yHa’b TTTQL; .

Thus,

|Bompns (0= 0(a,0)) (0 = 0(a,0)) || = 72,

where the inequality follows from Lemma 7.28 and Theorem 7.29.
Our next goal is to control the fluctuations of (a, b). By definition, if Z, ; is the partition function
of the distribution with Hamiltonian H, , defined by H,;(7) = Htap(v(a,b) +1,,QT), we have

Bropy, 7T H <CR(1+a2+1). (1)

v(a,b) o exp (log Zaop + (N —4)logr,, + Ep Hrap(v(a, b)) + \FNgﬂ,h> . (12)

We will show that (a,b) ~ v, conditioned on |a|, |b] < eN/1° for ¢ as in Lemma 7.28, is subgaussian
with variance O(1). We will also show in Lemma 7.36 that v places very little mass outside the set
|al,|b| < eN/10,

Lemma 7.30. Let € be as in Lemma 7.28. On an event with probability 1 — e—eN'"", the following holds.
The density of (a,b) under v, conditioned on |a|, |b| < eN'/10, is given by

v(a,b) o exp <N E\a,b +VN Sab T Errorgb) + Errorfg + Aa,b) ,
where |A,p| < 1and

al gab( )

- &(1)
& 2

2

o

L B Hrap (v(a, b)) —

+logr,p + N

2
Gt (am (1+ 75
— I iogr2, — ailllota, b)) — 72, d c(;wm)m))

SARAGIE) (O fg oSty (7))

+€t<Qx<1+}>> ((, T <1—qm)i’(qm)+1_1qm>-

for the error terms

\_/

= N¢”, (0
Errorilg (logza,b - Nguéh(l) — ”L’Lb( ) + %logdet (1+¢],(0)Id — V*Hy(v (a,b)))) —4logr,y

and

: 0 1 17 2
b= o — 5 logdet ((1+¢,(0)ld — VHy(v(s,b)))

The above follows by expanding out all the terms in the expression (12) for the density of
v and evaluating the term log Z, , using Theorem 7.29, which applies because the models ¢,
for |a|, |b| < eN'/10 are e-strictly replica symmetric by Lemma 7.28. Because the conclusion of
Theorem 7.29 holds with probability 1 — =N 7 we may evaluate log Z, , over a 1/poly(N)-net of
such (a,b) via a union bound, and then infer the estimate for all such 4, b by a standard continuity
argument.
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Lemma 7.31. Vfa b =0.
" I(a,b)=(0,0)

Lemma 7.32. There exist constants 17,€ > 0 such that for all |a|, |b| < eV'N, NVZEM < —yld.
The above follow from routine calculations, which we defer to Appendix B.

Lemma 7.33. For every constant 1 > 0, there is a constant c such that with probability 1 — e~N, for all

a>+b’
a,b, we have |g,» — goo| <t NI

Lemma 7.34. With probability 1 —e~N'"*, ]Errorgllb)] = O(1) uniformly for all |a|,|b| < eN'/19, for e as
in Lemma 7.28.

Proof. We shall show this very high probability bound for a fixed 4, b. Constructing a net over the
relevant a4, b and performing a union bound over this net allows us to extend this to a uniform
bound for all 4, b; we omit the details. We may write the error term as

Error

NEw(1) o8 (1-8(0)
2

2
- w + %logdet ((1+&,(0)1d — V2H, 4(0)) + O(1).

Due to the bound on a and b, the above is O(1) with very high probability by Theorem 7.29(a). The
desideratum follows. O

M _,

,b Og le,b

2

) 2)] _
b~ Errorol0 =

Error

Lemma 7.35. For any sufficiently small 1 > 0, with probability at least 1 — =N,
O (1) forall a,b < INV/4,

We relegate the proof of the above to the appendix Appendix B. The idea of the proof is that the
Hessian VZH, ;(0) does not deviate too much for small variations in a, b — the first order terms in
the deviation end up being cancelled by the &7/, (0)/2 term, while the second order terms are O(1).

Lemma 7.36. Let &, be as in Lemma 7.21. With probability 1 — e N 1/5, either £, does not hold, or the
following holds. For € as in Lemma 7.28,

Pr(a,b)Ny [|a| < SNl/lo and |b‘ < 8Nl/lo} >1— E_CNI/S_
Proof. On the event £, we have
Priyp)~ [|a| > INV2 or |b| > tNl/z} <e N,

Thus, let
T = {(a,b) cR?: | € [SNl/lollNl/Z] or |b] € [€N1/10/1N1/2]}.

It suffices to show that Pr(, )., [(a,b) € T] <e™N " with probability 1 — e~V ' Recall the density
of (a,b) ~ v is given by (12), and that EZ,;, = eN%(1)/2, Thus, for E denoting expectation with
respect to the Zz,b alone,

E /T exp <log Zop+ (N —4)log 7, + Euppe Hrap (0(a, b)) + \/Nga,b> d(a,b)
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~ Né (1
= /Texp (NEa,b + éé( ) + \/Nga,b - 410g ra,b) d(a,b)
On the event in Lemma 7.33, we have, for any constant : > 0,

VNgu» < VNgoo + 1(a* + b?).

By Lemma 7.32,
NE,, < NEog — 17(a® 4 b%).

Combining shows that
NE,; + VNgup — 4logr,, < NEgo + VNgoo — E(a2 + %) +0(1).
Combining shows
E /T exp (log Zop+ (N —4)logr,p + Euppe Hrap (0(a, b)) + \/Nga,b> d(a,b)

geCNUSexp(NE + ()—i—\/»g >

—cNV3/2

and therefore with probability 1 — e over the Zl,b,

/Texp (108 Zop+ (N —4) 10g "o + Eurp Hrap (0(a, b)) + \/Nga,h> d(a,b)

On the other hand, Lemma 7.30 implies that with probability 1 — e~N v

log Zoo + (N — 4) log 700 + Ejrae Hrap (0(0,0)) + VNgo

N
= NEyo + gt( ) + v/ Ngop + Erroré}g + Error((fg +0(1),
and Lemma 7.34 implies |Error(()13| = O(1) with probability 1 — e~N ' Furthermore, Lemma 8.3

below implies that |Error(() )| < N/10 with probability 1 — e=*N"". Thus

log ZO,O + (N - ) log ro,0 + EVTAPHTAP(U(OI 0)) + \/NgO,O

> NEoo + —— ( ) VNgoy — 2N/,
and standard continuity arguments imply that for ' = {(a, b) : |a|, |b] < N~10},
/T/ exp (log Zap+ (N —4)logr,; + E;rpp Hrap(v(a, b)) + \/Ngarh> d(a,b)

28_3N1/1 p(NEoo+ ()+\F00>

Comparing with (13) implies the conclusion, after adjusting c. O
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Lemma 7.37. With probability 1 — e~°N "2 either &, does not hold or the following holds. There exists a
random variable X over R? (coupled with v) such that the following holds for (a,b) ~ v.

(a) With probability at least 1 — e=N'", X = (a,b).
(b) X has mean O(1) and is O(1)-subgaussian.

Proof. This is an immediate corollary of Lemmas 7.31 to 7.36, setting X to be the random variable
that is equal to (a,b) if |a|, |b| < eN'/10, and 0 otherwise. O

We are now finally prepared to bound Cov ().

Lemma 7.22. Let x € Sy, let S, be as in Lemma 7.21, and let m € S,. Then for an absolute constant K > 0,
_A71/5
PrHTAPNHTAP,x,m [HCOV(VHTAP) H = KA gl] <e N

Proof. Note that |a|, || < 2v/N almost surely. Let X be as in Lemma 7.37. This lemma implies that

_CNl/S

with probability at least 1 — e over the randomness of the Hamiltonian,

E(yp) [0 + 7] = E[[|X|]*] 4+ E(p)e [1[X # (a,0)](a” + b%)]
< O(1) + Pr(X # (a,b)) -8N = O(1).

Thus, by plugging in (11) along with this observation into (10), we get that the following holds
with probability at least 1 — e~N v

1Cov ()| < 2CE (4 )y (1 + 0% + b%) + || 2By )y (0(a, b) — m) (v(a,b) —m) " |

(ab
< O(1) + 2E(y 4y [[0(a, b) — m]|®
< O(1) + 2B (4 )y [O(a® + )]
<O(1). -

8 High-probability covariance bound of replica symmetric spherical
spin glass

In this section we prove the main technical input to the proofs in Subsection 7.4. This takes the
form of a high-probability bound on the partition function and covariance matrix (in fact, second
moment matrix) of a spherical spin glass in the replica symmetric phase.

In this section, we let Hy be defined as in (8), with a linear term corresponding to an external

field:
N

=Y Tp y
HN(U') = N(p—])/Z gi1,-~~/ip0i1 e Uip'
p=1 i1eip=1

We recall ¢.1(q) = Y2 ’y%,qp denotes the part of ¢ without the linear term, and let

Ea(q) =19+ Y 1a”
p=3

denote the part of ¢ excluding the degree 2 term.
The results in this section hold under the following condition, which we restate for reference.
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Condition 7.24 (e-strict replica symmetry). We say ¢ is e-strictly replica symmetric if 72 < N—4/5

and ¢.; satisfies Condition 7.15.

Throughout this section, we treat ¢ > 0 as a constant and let O;(1) denote a quantity bounded
depending on e.

Theorem 7.29. Suppose € > 0, and ¢ is e-strictly replica symmetric (Condition 7.24). Then, there exist
¢ = c(e) and C = C(e) such that the following hold with probability 1 — e=N""|

(a) We have V2Hy(0) = (1 + ¢&"(0) — €2/8) Iy and

N¢(1) _ Ng"(0) _log(1—¢"(0)

log Zy == 1 2

+ 3 logdet ((1+8(0)) Iy — V2Hy(0)| < 1.

(b) The Gibbs measure satisfies ||EHHN(7(7T lop < C(1+92N).

In the below proofs, we allow the constants ¢ and C to change from line to line, but they will
always be uniform in e. We always set C sufficiently large depending on ¢, and then c sufficiently
small depending on ¢, C.

Theorem 7.29 will be proved through the following pair of propositions. We introduce the
degree-2 Hamiltonian

N
1
Hya(0) = o5 Y0 8uia0idi = 5 (V2 Hy(0)0,0). (14)

i1,ip=1

Similarly let Hy ~2(0) = Hn(0) — Hn2(0) be the non degree-2 part of Hy(c). Define the degree-2
Gibbs measure and partition function by

_ exp(Hn2(0))

Zn o dp(0), ZNp = /SN exp(Hy(0)) dp(0).

d]’lHNQ (‘7)

Throughout this section, we will let E denote expectation with respect to the disorder coefficients

8i,..i,, while (-) denotes averaging with respect to ¢ ~ pp, (or several i.i.d. samples al,o?, ...

.....

from this measure). Similarly, let (-)» denote Gibbs average with respect to pip,,.
Note that V2Hy (0) depends on Hy only through Hy 5.

Proposition 8.1 (Concentration of degree-2 partition function; proved in Subsection 8.1). With
probability 1 — e~N over Hy , we have V?>Hy (0) < (14 ¢&"(0) — €2/8)Iy and

Ng"(0) _ log(1 —¢"(0))
2 2

log Zn 2 — + %log det ((1+¢"(0))I — V*Hn(0))| < 1/2.

The following is proved in Subsections 8.2 and 8.3.

cNV/

Proposition 8.2. There is a Hy »-measurable event with probability 1 — e~ * on which the following

holds with probability 1 — e~N % over Hy 2.

1. The partition functions Zy, Zn 2 satisfy




2. The Gibbs measure satisfies || (00 ") ||op < C(1 4 73N).
Proof of Theorem 7.29. Immediate from Propositions 8.1 and 8.2, since &(1) = &~»(1) + 2¢"(0). O
We also show the following concentration of the log determinant in Theorem 7.29.

Lemma 8.3 (Proved in Subsection 8.1). There exists a Hy p-measurable random variable X that the
following holds.

1. With probability 1 — e=N, X = log det((1+ ¢”(0))I — V?Hy(0)) — N¢g"(0)/2
2. X has mean O¢(1) and is O (1)-subgaussian.

This implies the quantitative contiguity between the planted and null models, which we restate
below for convenience.

Proposition 7.16 (Quantitative contiguity). Under Condition 7.15, there exists ¢ = c(e) > 0 such that
for any event £, if () = p, then unun (€) < e~N"* + ¢FV1*% 5,

Proof. Let 004 be intersection of the event in Theorem 7.29, the event
= logdet((1+¢"(0))I — VZHy(0)) — N¢&”(0)/2

from Lemma 8.3, and the event X < ¢, for some t > 0 to be determined. Then, after adjusting
¢ = c(¢) as necessary,

,unull(ggood) < e_CN1/5 + IP(X > t) < E_CN1/5 + e—c(t—%)i.
Note that log EZy = N¢(1)/2, while on the event Egpoq,

NE(1) = X +0:(1) _ N§(1) —t—¢
2 z > :

log Zn =

1 1
Thus EZZ—AT < exte) So,

EZ
,unull(g) ,unull( good + / 7N1 HN S 5 N ggood] d,upl(HN)
g e*CN1/5 + e*C(t c)+ + ez(t“rz)p
We then take t = 1 +, /11og %, so that this is bounded by

c
1
e_CN1/5 <1 e ,/ 10g )p

Further adjusting ¢ proves the desired bound. ]
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8.1 Concentration of degree-2 partition function

We write A = JV2Hy(0) = 7”(:;(0) M. 1t is straightforward to check that M is distributed as a
sample from GOE(N).

Fact 8.4. We have {"(0) <1—e.

Proof. Writing (7) as
G1(9) +q +1log(1 —q) < —&/2

and Taylor expanding around g = 0 implies the result. O
Fact 8.5. With probability 1 — e=N, V2Hn(0) < (1+¢&"(0) — €2/8)1.
Proof. With probability 1 — =N, we have Amax (M) < 2 + €2/8. Then,

/\max ((1 + é’//(()) — 52/8)[ _ VZHN(O)) > 1+ CN(O) . 82/8 . C”(O)(Z + 82/8)

= (1—4/8"(0))> —€*(1+1/¢"(0))/8
>e2/4—e2/4=0
by Fact 8.4. O

For v € (Amax(A), +00), define

G(y) = 7 — % log det(yI — A). (15)

Note that ,
/ _1_ = _ —1

is continuous and increasing, with lim, |, (1) G'(7) = —co and lim,; ;0 G'(7) = 1. Thus G’ has a
unique root v, in (Amax(A), +00). The following lemma is a consequence of [HMP24, Lemma 7.3],
which is proved by an analysis of a Laplace transform of the free energy also used in [BL16].

Lemma 8.6. With probability 1 — e~N over Hy »,

_ 2 _
Znp = (1+O(N79)) W(ze) N2 exp(NG(7+)). (16)
Proof. Recalling (14), we have
¢"(0)
Hya(o) = 5 (Mo, o),
and Fact 8.4 implies the factor 1/¢”(0) /2 is bounded away from 1/2. Then [HMP24, Lemma 7.3]
(with u = 0) implies the result. O

Define 79 = (1 + ¢”(0))/2. The next lemma shows that, although the variable 7, in (16) is
random, we may approximate it deterministically by 7.

Lemma 8.7. For sufficiently large C depending on e, and sufficiently small c depending on €, C, with
probability 1 — e~N the following holds for all y € [yo — N™1/2, 49 + N71/2].
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1. |G'(70)| < 1/(CVN).
G"(v) -1/3
2 laza=groy U S N7
Proof. Let dpsc(x) = 5=1[|x| < 2]v/4 — 22 dx denote Wigner’s semicircle law, and

1 2
it =1 )= a0 —avaone

C1+87(0) - 2/27(0)x
For k € [2], let
L= [ fix) dpcl)

We will show that with probability 1 — eV, for each k € [2],

G (70) — L (17)

1
<——.
CVN
Recall that M ~ GOE(N). For f : R — R, define the spectral trace
N
Tr f(M) =} f(Ai(M)).
i=1
Note that G (y9) = N1 - Tr f(M). Define
fr(x) = f(min(x,2 + €2/8)).

By the proof of Fact 8.5, 1+ &"(0) — 2/Z7(0)x > €2/8 for x < 2+ €2/8, 50 f; is O¢(1)-Lipschitz.
Moreover, Amax (M) < 2 + €2 /8 with probability 1 — =N, and on this event Tr fy(M) = Tr fi.(M).

By [GZ00, Lemma 1.2(b)], if we write M;; = V2/NZ;;, M;; = V1/NZ;;, then Tr fi,(M)
is a Oc(1)-Lipschitz function of the standard gaussians (Z;;)1<i<j<n. Thus Trﬁ{(M) is O¢(1)-
subgaussian, i.e.

P(| Tr fi (M) — ETr fi(M)| > t) < 2¢ /€

for some C = O(1). By [BY05, Theorem 1.1],
Tr f (M) — NL;

converges in distribution to a gaussian with mean and variance O,(1). Combined with subgaus-
sianity of Tr fx(M), this implies

[ETr fi(M) — NLi| = O¢(1).
It follows that (after possibly increasing C = O,(1)),
P(| Tr fi(M) — NLy| > t) < 2~ (-C3/C,
Thus

P(IGH — L] > t) < P(Tr fi(M) £ Tr fy(M)) +P(| Tr fy(M) — NLi| > Nt)

<
< N +2e—(Nt—C)2+/C'
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Plugging int = 1/(C VN ) proves (17). Next, direct calculations show L1 = 0, L, = . The

former directly implies conclusion (1), and the latter implies
2 1
G// _ < .
)T S evm

Moreover, on the probability 1 — =N event that Amax(M) < 2 +€2/8, GO (q) = O(1) for all
v € [y0 — N7Y2, 99 + N~1/2]. This implies the conclusion (2). O

2
1-¢"(0)

Lemma 8.3 is proved by the same method, and we present the proof here.

folo) = og 1+ €(0) = /" (0)x ).

An elementary calculation shows that
Loi= [ folx) dpsc(X) = &"(0)/2.
Proceeding as in the above proof, we have
log det <(1 +E(0))] — \/5”7(0)V2HN(0)> — Tt fo(M).

If we take fo(x) = fo(min(x,2 + €2/8)), then Tr fo(M) = Tr fo(M) with probability 1 — e~N. The

Proof of Lemma 8.3. Let

same proof shows Tr fo(M) is O,(1)-subgaussian, and
|ETr fo(M) — NLgo| = O¢(1).
Thus we may take X = Tr fo(M) — NLy = Tr fo(M) — N&"(0) /2. O

Proof of Proposition 8.1. The assertion V2Hy (0) =< (1+ &”(0) — €?/8)Iy is proved in Fact 8.5. Sup-
pose the events in Lemmas 8.6 and 8.7 occur. Since vy, is the solution to G’(vy,) = 0, we have
1-¢"(0) 1
— I < GI : < .
|f)/0 v ‘ | (’YO)| 2(1 _N,1/3) C\/N

So,

N 1 21+NV3 3
N[G(70) = G(7:)] < 5|70 — 714/ su G'(Y)< = L <=
G(70) = G(7:)l < 5 | Wemiwl/z};ﬁwm (V<& 1= 770) oF

Moreover, & (7o) /& (v+) = 1+ O(N~Y/3). Combining with Lemma 8.6 shows that, for some A
satisfying |A| < &,

2
G" (7o)

—-1/2
— (1 4+ O(N))e /1 — &(0)(2¢) N2 exp(Nryo) det (701 _ ;VZHN(O)>
= (1+O(N"9))e* /1 — &(0) exp(NE”(0)/2) det ((1+ &' (0))I — V2Hy(0)) /2.

Taking a logarithm and setting C sufficiently large concludes the proof. O

Zna = (1+O(N))e? (2¢) /% exp(NG(70))
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Finally, the following concentration estimates for samples from .y, , will be useful in the sequel.
This is proved similarly to [HMP24, Lemma 7.5], and we defer the proof to Appendix B.3.
Let vy, ...,vn denote the (unit) eigenvectors of V2H ~(0). These are well defined on the almost

sure event that all eigenvalues of V2Hy(0) have multiplicity 1.
Proposition 8.8. With probability 1 — e~“N over Hy 5, the following holds. Let o, ¢, 0 ~ pp,,, and let

W = (0,v;) forany i € [N], or W = {(c?,02) /+/N. Then:
1. Forany0 <t < NY5, P(|W| > t) < 3¢,
2. Forany k € 2IN, there exists Cy > 0 independent of N such that (WK, < Cp.

In particular, part (2) implies || (oo " )2|op < C.

8.2 Conditional positive probability bounds for non degree-2 part

In this subsection, we prove the following propositions, which establish a weaker version of
Proposition 8.2 with positive instead of high probability.

cNV

Proposition 8.9. There is a Hy >-measurable event with probability 1 — e~ * on which, with probability

1— N~V over Hy o,

ZN Nng(l) 115
1 _ _ .
6 ZN2 2 O(N )
Proposition 8.10. There is a Hy >-measurable event with probability 1 — p—cN1/5 o which, with probability
1/2 over Hy o,
ZN - P .
Zn 2eNE2(1)/2 - <

In conjunction with Propositions 8.8 and 8.9, the above immediately implies a positive probabil-
ity bound on the second moment matrix (oo ).

Both propositions rely on the following truncation to Zy developed in [HHS23], which allows
one to estimate Zy via the second moment method throughout the strictly RS regime. As shown
in the following lemma, this truncation does not significantly affect the first moment; at the same
time, it will force the second moment to be dominated by pairs of nearly-orthogonal points.

Lemma 8.11. The following holds for sufficiently small ¢ > 0 depending on e. Let

T = T(Hy) = {(7 €Syt / 1[|R(o, )| = N~ dp (1) < eNﬁ(l)/Zch“} .

SN

Then, we have:

E ; 1[o & T]e"™ (@ dp(0) < eNG(1)/2=cN'2 (18)
N
E : 1o & T]eH¥2(9) dp(o) < (NE(0)/4-cNVS (19)
E s 1[0'1 T, |R((71’0-2)’ < 3N2/5]6HNIZ(71)+HN(0'2) dp®2<0'1,(72> < eNg(l),CNl/SI 20)
E P N1[0,1 zT, ‘R(Ulz 0'2)‘ < 3N72/5]€HN/2(0-1)+HN(‘72) dp®2(0-1/0.2) < eN;‘(l)/2+Ng’/(Q)/4,CN1/5. (21)
N
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The proof of the above lemma is very similar to [[H523, Proposition 3.1] and [HMP24, Lemma
7.9], and we defer it to Appendix B.3. As a corollary, we can get control on the first two moments of
Z N with respect to the randomness in Hy ~». To this end, let E., denote expectation with respect
to H N,~2-

cNV/

Corollary 8.12. There is a Hy >-measurable event with probability 1 — e~ * on which the following

holds. For
T = T(Hy ) = {a € Sy : (1[|R(0, )| = N~2/5]eMv~2()), < eN€~z<1>/2*CN”5}, (22)
where the Gibbs average is with respect to T ~ (-)2, we have

E., <1[0 ¢ Tletn~2()

Ew (1" & T, |R(0",0%)| < BN"2/7Jetiale)thea(e)) o NE-a(1)=eN'

7

NE.(1)/2—cNV/5

N
x

E.» <1[U1 ¢ T,|R(ct,0?)| < 3N—2/5]6HN,N2((72)

Proof. By Proposition 8.1 and Lemma 8.3, with probability 1 — e~ N over H N2,

Ino > eN@‘”(O)/4—cN1/5/2'

On this event, for ¢ € T where T is as in Lemma 8.11,

(IR, 7)| = N2y — [ R, 1) > N3]0 dp(x)
N,2 JSN

< eNng(l)/Z—chw/z'

Here we recall &(1)/2 — &(0)/4 = &-5(1)/2. So, ¢ € T(Hn ~2,¢/2), where this denotes T defined
with ¢/2 in place of c. Therefore T C T(Hy 2,¢/2).

By Markov’s inequality and Lemma 8.11, with probability 1 — e~V Vo4

over Hy >,
E~2/ 1[(7 4 T]eHN(U) dp(U) < gNé(l)/2*3CN1/5/4
SN

On the intersection of these events,

E.» <1[0 ¢ T(HN,NZ;C/Z)]EHN’NZ(U)>2 <E.p <1[a ¢ T]eHNr~2(‘7)>

= 1EN2/ 1[o & T]e™() dp(0)
ZNp Sn

_ /
< eNE2(1)/2 cN! 5/4‘

2

The first conclusion follows by adjusting ¢, and the other two conclusions follow similarly. O

For the rest of this subsection, we condition on a realization of Hy, satisfying the following
good event.
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Definition 8.13. Let E; denote the Hy»-measurable event that the events in Proposition 8.8
and Corollary 8.12 hold. This occurs with probability 1 — e~V v

We can now prove Proposition 8.9.

Proof of Proposition 8.9. Let T be as in Corollary 8.12. We can write

N _ (pHua®)y, = Xy 4 X, (23)
ZN2
where
— 71, H L~ (U) = T)e! "~ (U)
X1 <1[(T S T]E N~2 >2/ X2 <1[U g T]E e >2'

We will show that that X5 is much smaller than E.» X; with high probability, and then control the
fluctuations of X;. For all ¢ € Sy, E;[eN~2(7)] = eNe-2(1)/2 5o Corollary 8.12 implies

(1— e N")eNE2()/2 < B, [X) < NE2(D/2, (24)
On the other hand, by Corollary 8.12 and Markov’s inequality, with probability 1 — e~ 212 oyer
HN,NZ/
X, < eNng(l)/Z—ch/S/Zl (25)
s0 Xo < e*CNw/zENzXl, as desired.
We now control the fluctuations of X; by estimating
Var,[X1] :== E2[X3] — Ew2[X1].
Then, for ¢!, 02 ~ pp,,,
ENQ[X%] —E., <1[01,0.2 e T]EHN,~2(01)+HN,~2(UZ)>2 <E., [Yl] + ENZ[YZ]z
where
— 1 2 < *2/5 HN,~2(01)+HN,~2(0'2)
Y, <1HR(0,0 )| < N~2/%e >2,
Y = (1[0 € T, R0, 0%)| > N2/3Jelin-ale)teale)) | (26)
By the definition of T and (24),
Eva[Ya] < Eay (10! € Tlethmale)) oNe-alll/2-eN o oNevalt) =o', 27)

We further calculate

Ea[1] = 2 (1R (6", 0%)| < N72/9eNe(Rieh))

Recall that in Theorem 7.29, we assumed 'y% < N~%/5, Thus, for IR <N —2/5,
&2(R) = iR+ O(R®) = O(N~%).

It follows that E,[Y;] < (1 + O(N—1/5))eNe~2(1),
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Combining the above estimates shows E.»[X?] < (14 O(N~1/%))eNe~2(1). Further combining

with the lower bound in (24) shows
Var,[X;] = O(N~1/%)eNe-2(1),
By Chebyshev’s inequality, with probability 1 — N~1/15/2,

’Xl — ENZ [Xl” = O(N71/15)6N6~2(1)/2

Union bounding with the event in (25), and recalling (24), we conclude that with probability

1— N71/15,
ZN

i (1+O(Nf1/15)>eNgN2(1)/2.
N2

The above proof also implies the following estimate, which will be useful in the sequel.

Corollary 8.14. On the event E (Definition 8.13), with probability 1 — e=N % over Hn ~2,
/IHR(UJ,O'Z)‘ > N—2/5}8HN((7])+HN(172) dp®2(0'1,0'2) < ZIZ\IZeN§N2(1)_CN1/5‘
Proof. Dividing through by ZZZ\,,Z, it suffices to show, for o1, 02 ~ HHy s

<1[|R((71, 0'2)’ P> N72/5]6HN~2(Ul)+HN,~2(f72)>2 < eNC~2(1)*CN1/5‘

The left-hand side is bounded by Y, 4 Y3, where Y; is as in (26) and

Y, = <1[U1 ¢ T eHN,Nz(al)+HN/~z(,72)> _ <1[U ¢ T eHN/N2(0)> < eHN/Nz((T)> _
2 2 2

By (27), Eo[Ya] < eNé~2()=eN"" By Corollary 8.12,
y y y

E., <1[(7 g T]eHN,~2(U)> < eNCNz(l)/chNl/SI EN2<€HN’N2(U)>2 < eNéNz(l)/Z.

2

So, the following estimates each hold with probability 1 — =N 12/4

over Hy »:
Y, < eNéNZ(l)—CNlﬁ/Z, <1[(7 ¢ T]eHN,~2(U)> < eNéNz(l)/2—36N1/5/4l
2

(efin~2(0)y, < eNE~2(1)/2+eNV5 /4.

2 X

The conclusion follows on the intersection of these events, after adjusting c.

O

O

We now turn to the proof of Proposition 8.10. By rotational invariance of gaussians, we may

assume V2Hy (0) is diagonal while keeping the law of Hy -, unchanged. For i,j € [N], define

X;j = <(Ti(7j (eHN/Nz(U)chsz(l)/z —1fi= ]-]> >2/

and note that this equals the (i, j) entry of the matrix appearing in Proposition 8.10. For ¢ € RN
and i € [N],leto.; € RN~ denote ¢ with coordinate i omitted. Similarly, for i # j,leto..;; € RN=2
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denote ¢ with coordinates i and j omitted, and by slight abuse of notation let ¢.;; = .. For
i,j € [N] (possibly with i = j) define analogously to T

T, = {0 €Sy : <1[|R(0’~i,j, Toij)| = 2N72/5]eHNf~Z(T)> < eN5~2(1)/Z’CN]/5} , (28)

2

where we recall the Gibbs average is with respect to T ~ (-),. Then define
Xi,j _ <1H0,i|’ ‘0,]‘ <logN,o € Ti,j]o'iaj (eHN,NZ(U')*N§~2(1)/2 _ 1[1‘ — ]]) >2

2N /%]

ii,j:< 61,161, 2], [0?] < Tog N, |R(c%, 02, )| <

0_10_]10_20_]2 <eHN/~2(‘71)_N€N2(1)/2 _ 1[1 — ]]) (eHN,Nz(UZ)—NCﬂ(l)/Z — 1[1 = ]]) > .
2

Note that XZ] is the contribution to X j coming from ¢!, 02 that are both not localized to coordinate
i or j and have small overlap. The followmg two lemmas reduce the task of controlling X?; t j

bounding ENZ}A(Z-,]-. They are proved by manipulating the typicality truncations T and Tl] similarly
to the proofs above; we defer these proofs to Appendix B.3.

Lemma 8.15. For each i,j € [N, with probability 1 — e=¢1°8"N over Hy 5,
~ —cl 2
X7 <2X7; +eclog N,
Lemma 8.16. For eachi,j € [N],
E“‘Ziiz,j < ENZ)?i,j + €7CN1/5.
We now turn to bounding the ENZJA(Z-,]-. This is achieved by the following pair of propositions.
Proposition 8.17. For any i € [N], we have E-»X;; < C(N94 + N1).
Proposition 8.18. For any distinct i,j € [N], we have sz)A(,-,]- <C(yf+N72).

Throughout the next two proofs (-)2 denotes expectation w.r.t. o!,0? ~ (-),, and we write
R =R(c',0?), R =R(c},,02,),and Rejj = R(c}, ., 02, ).

Tnijr Oif

Proof of Proposition 8.17. By direct calculation,
EX;; = EN2< [|o}], |o?| < log N, |R.i| < 2N~%/%]
(07 2(0B)? (Hiven(eh)-NE-a/2 _ 1) (ghtnoale®)-NE-a)/2 _1) >
2
= (1[|07, 07| <log N, [R.i| < 2N72/7)(o}2(o7)? (N2 ®) —1) ) .

In view of Proposition 8.8, ¢} and ¢? are subgaussian of scale O(1) and R is subgaussian of scale
O(N~1/2). We will see that the above integral is dominated by |¢}| < |¢?| < 1 and |R| < N"1/2,in
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which case Taylor expanding eN¢~2(R) shows this integral has the desired scale. Formally, we can

write the above integral as Yl( ) + Yl( ; ), where

i

Yii = (1lle}], 167 < log N, [Roif < 2N"210g N| (0 2(0)2 (M) ~1)),

Y = (1(j0}),0?] < log N,2N""21og N < |R.,| < 2N-2/%](0} (@2 )? (eNi-20) — 1) )

ii 5

are the contributions from |R..;| smaller and larger than 2N~1/?1log N.

We first address Yi( ) Note that on the event in the indicator in Y

i |R] < 3N~2/5. Thus, as
,Y% g N74/5’

N|&2(R)| < NYiR +O(NR®) = O(N~V/?).
It follows that ’eNCNZ — 1| < 1. Then, by Cauchy-Schwarz,

ii i

< [IR| = N~ 1/210gN]> /2<(a.1)2((7.2)2>

1 1

v < (1R > N7 2 10g NI (0] (07)?),

N

e—clog N | O(l) — e—clog N, (29)

where we have used Proposition 8.8(1) for the tail probability and Proposition 8.8(2) for the
coordinate moments.
Next we turn to Yl.( ). On the event in the indicator in Y |R| 3N~1/2log N, so

N|E-2(R)| < N93R + O(NR?®) = O(N~3/1%10g N),

where we recall 72 < N~%/°. Thus, Taylor expanding the exponential and &,

ii

Y :< [lot|, 107] < log N, |Re;| < 2N"?log N] (7 )*(07)?

(NZ2(R) + AN?2 5(R)* + N3¢ »(R)) > +O(N~%°10g® N)
2

:< [li |, |o7| <log N, |Ri| < 2N~"2log N](c})*(e7)?

1 1

(N(fle + 73R+ 7iRY) + 3N* (iR + 13R%)* + %N371R3> > +O(N " 1/1010g" N).
2

By exchangeability of (U'il, —a}l), (02, —(71-2), and (R.;, —R.;), all the odd degree in R terms vanish,

1 1
leaving

Y = IN294Q + (N73 + N*7393) Qu + IN?94Q + o(N7Y),

and where we have introduced the notation
Qu = (1[/071, 67| < log N, [R.| < 2N~/ 1og N] (¢} 2(0?)*R"),.
By Cauchy—Schwarz and Proposition 8.8, for each k € {2,4,6},

Qe < ((@)H(e)*). " (R¥)Y2 = o(N+2)

This implies Yéil) < C(Nvt + N71). Combining with the bound (29) on Yl(zz) implies the result. [
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Proof of Proposition 8.18. We calculate as above
2%,y < B-a(1(7]lof | 12 o] < log N [R-i;| < 2N 2/

0-10-]10-20-]28HN ~2(01)+Hn,~2(0%) = NGa(1) >
2

1[|c}|, |01] o?], |(T| log N, [R;j| <2N~ 28 gl gl o?o?eNe2(R)
i%i% »

Our strategy for evaluating this will be similar as above, except that because this integral contains

ololo?o? instead of (0})?(0?)?, we will need to expand the exponential more carefully to obtain

] ]
cancellations in these terms. Formally, we write the above integral as YZ.(}) + YZ.(]?) for

1
v} = (1llo}, o}1, 167, 107| < log N, |R-i| < 2N~"/2log Nlo}clceNe=(R)) |

2
Y _< (12, o2, 1671, [07] < log N,2N"?log N < |Reij| < 2N~%5Jo} o] oRo?eNe-2(R >>2.

Identically to the previous proof, on the event in the indicator in 1/1(]2) we have N|¢.»2(R)| =
O(N~1/5),s0eN ¢~2(R) < 2. Then, by Cauchy-Schwarz and Proposition 8.8,

Y1 <2 (1R > N"21og N]|o} o o?o?| )

- 1/4 1/4
2[R > N"10g NDY (0] (2)"), " ((e])!(eF)")
< 2e—Clog’N . 0(1)-0(1) = pclog’ N
To address Yé}), define A; = ¢}0?/N and A; = 0]1(7].2 /N, the contributions to R coming from the ith

and jth coordinate, respectively. Then, by exchangeability of (¢}, —¢}) and ( —(7]1),

#1()) = (121 lof 167 7] < g N, [Rus | < 2N log N

(710—]1(72(7]2( NG (RuijF8i48)) _ pNE-2 (Rt B8i=Ay) _ oNGwa(Reij=Aitd)) 4 eN§~2(R~zyinAj))> )
2

Note that on the event in this indicator, [R.;; = A; = Aj| <3N ~1/2]og N. Define

K(x) — eNérNZ(x),

and note that
sup  kW(x) = sup (N (x) + ANPELL(x)E ) (x) + BN, (1)1
|x|<BN-1/2log N |x|<BN-1/2log N

+ 6N o(x)28 (%) + N*ELy(x)* ) r(x) = O(N®/9),

where we have used that sup | 3y-12165 5 xk(x) < 2and 9 < N7%5. Since |Aj], |Aj] < N7 log” N
on the event in the indicator, for s;, s; € {£1},

NE2 R H bt oit) = k(R i) + K (Reui ) (5:0i + 5i87) + 5" (Reui ) (s:di + 57
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+ 1O (Roij) (siAi +5j4,)° + O(N®/%) - (2N~ tog? N)*.

It follows that
eNC~2(R~i,j+Ai+Aj) — eNGa(Reij+Ai=4)) eN§~2(RNi,j*Ai+Aj) + eNC~2(R~i,j*Ai*Aj)

= 4K//(RNZ',]‘)AZ‘A]‘ + O(N714/5 10g8 N),
and thus

(1)
Yi,].

+O(N"*log'? N)

:<[|al| 01,1621, 2] < Tog N, [R.i| < 2N"2log N]

(olofota?)? ( (R ~zj)+CL2(R~i,j)2) eNéNZ(R~iff)> +o(N7?).
2

< [}, 10}, 1671, [07] < log N, [Rej| < 2N~ UzlogN]al(fleUzAAK”(RNZ-,]-)>2

On the event in this indicator, eN¢~2(R~ii) < 2, and therefore &_ , and ¢, can be Taylor expanded to

obtain
(1) (3) 4) )
Vi <Y+ Y +o(NTT),
where
Yl(]) _6’)/ N~ < Ha’l‘ ’0’1’ |0-2| |0. | IOgN ’RN”’ < 2N~ 1/210gN]
((71(7]1(72(72)2RN1]€N§N2( N,,)>2I
Y‘(A‘}) :EHHM< HOJ‘ ‘0-1‘ “72‘ ’0" IOgN,‘RNi,]" §2N71/210gN]

(c1o}o?o?)? (12943NT'RE, ; + (4} +313R%, ) )6N5~2(R~fff)>

2

On the event in these indicators, we further have

IR? = RZ, ;| = |R — Ruijl|R + Reiyl < (1A 4 14;]) - 5N~?log N = O(N~*?1og’ N).

From this it readily follows that

v <2(1ll0!L 71, lo?| 12 < log N, IR < 2N 21og ]

(cialoPe?)? (120N R + (o 4 33R2) )+ o(N2)
2
= 271Qo + (129173 + 247N 1) Q2 + 181304 + o(N?),

where

O = < [lo2], 10}, 16], 10| < log N, |R;;| < 2N~"?1og N] (v} ol c?o?)? Rk>2.
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By Cauchy-Schwarz and Proposition 8.8, for each k € {0,2,4},

Qe < (@), ((0)P@)P). " (R)Y2 = o(N+72)

This implies Yi(;.l) < C(9f + N~2). To control Yl(f), we recall that [NZ2(R.;;)| = O(N~%/1%]og N)
and Taylor expand the exponential:

3 _
Yifj> = 6713N 1< o |, f], o7, 1o7] <log N, |Reij| <2N~'*log N]

(010100 PR (14 NEa(Resg)) ) +0(N D
2

= 693N~ < |}, \0’1| o?], |U| log N, |R.;j| < 2N~121og N

(01 20?2 (Rosj + N9, + NvéRiz»} Fo(N2).
2

By exchangeability of (R~;;, —R~;;), the contribution of the term R.;; vanishes. By (30), we can

further estimate R? . . , with R?, obtaining

3
Yifj):6'y3< [|o|, ](71\ o2, |o; 2| <log N, |R.;j| <2N"'?1ogN]

(Ulcrjlazcrz) (Y3R* + 93 R4)>2 +0o(N7?)
= 6777302 +673Q4 +0o(N72) SC(71{N~' +N72).

Combining all of the above estimates concludes the proof. O

Proof of Proposition 8.10. By a union bound, the event in Lemma 8.15 holds for all i, j € [N] with
probability 1 — e~clog’ N (over Hy ~2). On this event,

Combining Lemma 8.16 and Propositions 8.17 and 8.18 shows that

7N 2

e ) RE
ZN,2eN§~2(1)/2

Z <2 Z X2 +eclogN, (31)

F i,j=1 i,j=1

(oo') — (o0

N
E.o ) X% <2C(N*f+1) +e N <3C(N?f +1).
ij=1
Thus, with probability 2/3 over Hy, 2, 2%21 }?12] < 9C(N?97 +1). Combining with (31) and taking
a final union bound shows that with probability 1/2 over Hy o,
2

< 18C(N* 4 +1) + 8" N < 20C (N2 +1).
F

|z
2

. AeN T
ZN/23N6~2(1)/2 >

(co") — (o0

The result follows after adjusting C. O
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8.3 From positive to very high probability

In this section, we boost the positive probability bound on the second moment matrix to a very high
probability bound. To this end, we will show that an appropriate proxy function for the second
moment matrix is very Lipschitz. This will imply the desired concentration by standard gaussian
concentration.

Letg € RN*N'#N"++N" be the vectorized collection of all gaussian interactions corresponding
to Hy,~2. Throughout, as in the previous subsection, we will condition on the event E; from
Definition 8.13 over Hy», which holds with probability 1 — e~N"". We define the following
functions of g:

Fi(g) = B(1+7iN)- (1 — |og ZZ;VZ - NéEZ(l) D

Fx(g) = B(1+4N) = (o)

F(g) = max(min(F(g), F2(g)),0),

where B is a sufficiently large constant (specified in the proof of Lemma 8.19). If we can show that
with high probability over g, min(F;(g), F2(g)) > 0, then the conclusion follows. Indeed, from
F(g) > 0, we immediately obtain || (oo ") Hop < B(1+4 v3N). F allows control over the free energy
of the p-spin model in terms of that of the corresponding 2-spin model. This gives good control
over the overlaps (in a manner to be made precise shortly), which is crucial for establishing the high
probability statement. It is also important earlier in this section, in showing that the free energy of
the p-spin model concentrates well.

Towards this, we first start with the positive probability statement, which was essentially
established in the previous subsections.

Lemma 8.19. There exists a constant B > 0 such that with probability at least 1, we have F(g) >
2(1+93N
2(1+71N).

Proof. By Proposition 8.9, with probability 1 — O(N~1/1%) over g, we have Fi(g) > 5(1+ 92N),

SO W > e~1/2. Intersecting this with the event from Proposition 8.10 implies that with

probability at least 1,

H<0’0’T> o < 81/2H<0‘0'T>2 o +el/2,/C(1 + +4N2)
B
<50+ 7iN),
where we have used E; to apply Proposition 8.8 and after appropriately picking B. O

Let £ denote the Hy p-measurable event from Corollary 8.14:
{g: [1IRE )15 N2 @) 4p201, ) < Zpeteatt

which holds with probability 1 — e~N 7 over g. The key observation is that this gives us good
control on the overlaps.
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Lemma 8.20. On &, if F1(g) > 0, then for any 0 < p < log2 N, we have
(=) [z < O(N*¥).
Proof. By splitting up the expectation based on whether |R(c?,02)| > N~2/3, on £ we have
[y = (NR(e*, o))

1 n
NP N [[IR(e,0%)] 3 N2/}t e+ 4po2 (o1, 02)
N

ZZ
< N3P/5 ¢ sz%eNng(l)—ch/S (Definition of £)
N

< N3P/5 4 N2Ppl—cN'/?
~ 7
where the last line used F; (g) > 0. Since p < log? N, the above quantity is O(N%/%), as desired. []
The above is a crucial input to prove Lipschitzness of F on £.
Lemma 8.21. The function F is O((1 + v2N)N~Y/19)-Lipschitz restricted to E.
Before we prove this, let us see how it implies Proposition 8.2, restated for convenience.

Proposition 8.2. There is a Hy p-measurable event with probability 1 — e~N "% on which the following
holds with probability 1 — e~N " over Hpy .

1. The partition functions Zy, Zn 2 satisfy

2. The Gibbs measure satisfies || (00 ") ||op < C(1 4 ¥3N).

Proof of Proposition 8.2. By Kirszbraun’s extension theorem, we can extend F to F such that each
F has the same Lipschitz constant as F and agrees with F on £. We can now apply gaussian
concentration to F to conclude that

Pr ||F(g) ~ EF(g)| > F(1+13N)| 21— =M. (32)

By Lemma 8.19, with probability at least 1, we have F(g) > 2(1 + 72N). Upon further intersection
with € (where F(g) = F(g)) and the event from (32), we conclude EF(g) > 2(1 4 72N). Thus,

Pr{F(g) = 0] < Prl€] + Pr[E(g) = 0]

B(1+ 73N)

<e N 1 Pr [|f(g) —EF(g)| > =

_cN1/5
e cN

N

7

after adjusting c.
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Finally, let us prove the Lipschitz bound.

Proof of Lemma 8.21. The set £ is a convex set in g. Indeed, e"~(%) is a convex function of g, so the
LHS of the inequality £ is convex in g, whereas the RHS does not depend on g, and sublevel sets of
convex functions are convex. Furthermore, F is absolutely continuous (hence differentiable almost
everywhere), so to prove F is Lipschitz on £ it suffices to bound || VF|| on £, wherever it is defined.

The easier case is if min(F;(g), F2(g)) < 0. In this case, F(g) = 0 in an open neighborhood of g,
so VF(g) = 0identically. Therefore, for the rest of the proof, assume min(F;(g), F2(g)) > 0. We
will compute the gradient of the F;’s, and to simplify the calculation, we will take the gradient with
respect to g, € RN’ corresponding to the degree-p disorder in Hy, .

For F;(g), note that its only dependence on g is via log Zy, we have

1
IV, Fi(8)|| = B+ 71IN)[|Vg, log Zn || = B(1+7iN) - N(P—pl)/z (KCasdl 1™
and since F;(g) > 0, we can apply Lemma 8.20 to conclude that
|Vglogzn|*s Y NN
pelp:\{2}
< r)/% . N3/5 + Z 7’27N1*2P/5
p>3

SJ ,)/% . N3/5 + N71/5 (33)

Since ’y% < N~*/3, we conclude that H VgP1 H (1+ 'yzN N-V10 a5 desired.
Turning now to F»(g), we observe that || (oo " Hop ({u,0)?), where u is the top eigenvector of

(o ") with ||u||, = 1. By the envelope theorem, we can evaluate the gradient with u fixed. For any

v € RN with |[v]|, = 1, we will upper bound (v, V¢ ((u,0)?)). Applying the quotient rule yields

(0, Vg, ((u,0)%)) = ((1,0)*(v, Vg, H(0))) = ((1,0)?) ({0, Vg,H()))

= e (.02 (0,0°7)) — ((1,0)2) {(0,6°7)).

Consider the first term ((u,0)?(v,0®7)). Using Holder’s inequality with 4 = 1+ log N and
g =1+ @,wesee

n1/4q
<<u, 0’>2<Z),U®p>> < <<u,0>2‘7 > q <<U,(T®p>q>1/q

<NV (G ) o7, (o) e

< (L4 7IN) (™7, (oPT)) 10

< (1+7iN) - N¥/10,
where in the second to last line we have used F>(g) > 0 to apply the bound ((u,0)?) < O(1+ ¥3N),
and in the last line we have used F;(g) > 0, along with pg < O(log N), to apply Lemma 8.20. The
same argument upper bounds the contribution of the second term as O ((1 + ¥?N)N3//10). These
bounds (aside from the common factor of O(1 + 42N ), which we can pull out), exactly match the

ones used in the calculation as carried out for F;(g) in (33). Hence, the same argument ultimately
yields || VE(g)|| < (1+ ¥2N)N~1/19, completing the proof. O
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Definition A.1 (Weak Poincaré for the hypercube). We say 7 on {jzl}” satisfies a (ppy, €)-weak
Poincaré inequality for Glauber dynamics if for all functions f,

Varg[f] < - - £(f, f) + ¢ - osc(f)2.
POPI1

Similarly, we say 7t satisfies a (prs, €)-weak modified log-Sobolev inequality if for all functions f,

Ent,[f] < 1. E(f,log f) +e-osc(\/f)>.
POLs

Remark A.2. The above definition is related to the continuous setting by using the discrete gradient,
which can be bounded by osc(f)>.

First, we will need a concavity property for the Dirichlet form for Glauber dynamics, which is
well-known. We provide a proof for the sake of self-containedness.

Fact A.3. Let 7t be a distribution on {£1}", and m = E,,7, a measure decomposition of 7. Then

Ex(f, f) = EepErn. (f, f).

Proof. For Glauber dynamics on the hypercube, we have

Elf )=y B O ()~ )2

"yl =2 ) Y

1 Ez~p 7TZ(X)EZN(J Tz (y) 2
= (f(x) = f(y))
n Ix—§12 E; o7tz (%) + Bz (y)
2 EZNPETEZ (f’f)/
where the last line follows from concavity of the map (a,b) — % fora,b > 0. O

The following lemma transfers a true Poincaré inequality on 7t to a weak Poincaré inequality on
7’ for Glauber dynamics on the hypercube.

Lemma A.4. Let 7t, 7 be distributions on {£1}" such that 7t satisfies a ppj-Poincaré inequality for Glauber
dynamics and dry (7, ') < 8. Then, 1¢’ satisfies a weak (ppy, 26)-Poincaré inequality for Glauber dynamics.

Proof. Again, there exists a coupling C of (7, 7t’) such that for (x,x") ~ C, Pr[x # x'] < J. The main
difference is that the Dirichlet form comparison can be bounded in terms of osc(f)2. Arguing as
before yields

Ex(f, f) 2 Ex(f, f) — 6 - osc(f)?
> ppr - Varq[f] — 6 - osc(f)?
> ppr - Var[f] — 8- 0se(f)? (1+ ppr) -

O]

Remark A.5. The above two results also hold more generally if P is the Markov chain associated
to a Doob localization scheme (cf. [CE22, Section 2.3]), such as when P is Glauber dynamics for a
general product domain.
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Lemma A.6. Let 7t be a distribution over {£1}", and 7 = E., 7, a measure decomposition of 7 such that
e for all functions f, E;,Vary_[f] > CyarVary|f], and

e with probability 1 — n over z ~ p, 7T, satisfies a (ppy, 6)-weak Poincaré inequality with respect to
Glauber.

Then, 7t satisfies a <pPICVar, m) -weak Poincaré inequality.

Proof. The proof is the same as that of Lemma 4.11, except in the Langevin case we have E,(f, f) =
E.v&r. (f, f), whereas here we apply Fact A.3 to get the desired inequality. O

Finally, we record the following simple observation connecting weak functional inequalities in
discrete domains.

Fact A.7. Let 7t be a distribution on a finite state space Q, and set Cp, = ———%min ik If 7t satisfies a

log(l/rfminf
(pp1, €)-weak Poincaré inequality, then 1t also satisfies a (4pp1Cn, c%) -weak MLSI and a (ppiCr, C%)—weak
LSI.

Proof. For finite state spaces, it is well-known that the LSI of the complete graph Markov chain
Py () has prs = bg(ll_/%r% (see e.g., [DSCI6]). Furthermore, observe that &p, (f, f) = Varz[f].
Hence,

iE(f,f) > Var,[f] — & osc(f)? (Weak PT)
PP1

> CrEnt,[f%] —e-osc(f)?, (LSIof Py ()

which establishes the weak LSI. For the weak MLSI, one applies the inequality 4€(f, f)
E(f?,log f?), whose proof reduces to checking the two-variable inequality 4(y/u — /v)?

<
~
<
(u —v)log % for positive u, v. O

B Deferred calculations for spherical spin glasses
B.1 The TAP Hamiltonian
In this subsection, we will prove Lemma 7.23, which we restate for convenience.

Lemma 7.23. The law of Hamiltonian Hrap ~ PTAP,xm is described by a Gaussian process (Htap (7)) ses,,
defined by

EHTpr):thm(x,a))—<x,v<a>>-cz<qx>—W"‘”’”-<m,o->-(e'wm)— ! )

Y (qm) 1—qgm
L Cov(Hue(0), e () = & (R(0,0) — Rie, o) HRCLVER(m )
+7,(qm)§;(qm)v(1<( ,0))Y(R(m, 7)),
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where

R0 [, & (gm) mmT
W)=y I Y N
v(q) =q-&i(q).

To prove the above, we will need the following formulas for any p-spin Hamiltonian Hy with
mixture function ¢.

Fact B.1. Forany u,v,m € RN, we have:

1
NE(LL, V Hy(m)){v, VHy(m)) = R(u,0)& (R(m,m)) + R(m, u)R(m,v)&" (R(m,m)).
Proof. Once we write the derivative as its definition as a limit, the order of the limit and the

expectation operator can be swapped by the dominated convergence theorem.

LB, () (o, Vi n)) = L tim 00 Z () (o e0) = )

- % i, %E(HN(W! +0u) — Hy(m)) - (Hn(m + €v) — Hy/(m))

= Jim S (E(R(m -+ du,m -+ €0) = E(R(m + 0w, m)) = E(R(m, m +0)) + E(R(m, m))]

= R(u,v)&(R(m,m)) + R(m,u)R(m,v)&" (R(m,m)). O
Fact B.2. Forany u,v,m € RN, we have:

1
NEW' V Hy(m))Hn(v) = R(u,v)&' (R(m,v)).
The proof of the above is analogous to the proof of Fact B.1, and hence omitted.We now prove

Lemma 7.23.

Proof of Lemma 7.23. The distribution of Hrap(0) is the same as that of Hy (o) |x, V Frap(m) = 0.
Recall that Hy(0) = N¢i(R(x,0)) + H(c) where H(0o) is a centered Gaussian process. Next,
observe that conditioning on V Frap(m) = 0 is the same as conditioning on

V(m) == G(g) —me (¢ g) — 1= ). (34)

Observe that (Htap (7)) ,cs, is @ Gaussian process, since it is obtained by conditioning on another
Gaussian process satisfying affine constraints. First, observe that we can write

Hrap(0) = NE(R(x,0)) + Hrap (0) (35)

where Hyap () = H(0)|x, V Frap(m) = 0. To understand the behavior of Hrap(c), we break H(o)
into a sum of two terms: one term for its projection onto the space U := { <Vﬁ (m), u> cu € RN },

and the part that is orthogonal to U, and thus independent of V H(m). Concretely, let us write
H(o) = <vH(m), v(cr)> + (H(a) - <Vﬁ(m),v(a)>). (36)
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This is true for any v(c), but we have set up the definition such that the second summand is
independent of VH(m). To verify this, since these two random variables are each mean 0, it
suffices to check that for any u € Sy,

B (9 0).0) ()~ (90 6) =0
By Facts B.1 and B.2, the left-hand-side of the above is:

R(u, )i (R(m, o)) = R(u,0(0))t(qm) — R(m, u)R(m,0(0))" (qm) -

We would like v(0) to be such that this is 0 for all u. Setting u orthogonal to m and ¢ shows that we
must have v(c) in the subspace spanned by m and ¢.
Suppose that v(0) = ao + Bm. Then, plugging this into the above requires that

0= R(o,u)¢i(R(m,0)) — (aR(c,u) + PR(m, 1)) &;(qm) — R(m,u) («R(m, o) + Bam) &} (qm)
= R(o,u) (Ci(R(m,0)) — agi(qm))
— R(m, u) (BZ(qm) — aR(m, )T} (qm) — BamC (qm)) -

Since this is true for all u, each of these two terms must be 0. That is,

_ &(R(m,0))
‘= Ci(qm)
and R(m,0)2 (4)
o m, )¢} (Gm
P = ) + dml )
GROm0) (L ROm o) ()
o) = ) (" ¢;<qm>+qm¢;'<qm>>
AR (o) ROmo)E (qw)  mm’
= ) (Id Zdm) + 4l Gm) N )‘7
as defined.

Now returning to (36), when we condition on x and V Frap(m) = 0, by plugging in (34), we
get

Firae(0) = = (3, 0(0)) - €00) = (m,0(0) - (#am) — = )

+ (H(a) - <vﬁ(m),v(a)>) (37)

We use H(c) to denote the random variable H(c) — <Vﬁ (m),v(0) >, whose distribution re-
mains unaffected by the conditioning, as this random variable is independent of x and the event
V Frap(m) = 0. Since H(c) is centered, our expression for E Hrap (¢) follows from (35) and (37),
and the observation that

R(m,v(0)) = W - R(m, o).
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It remains to compute N~ 'Cov(Hrap(c), Hrap(¢”)) for any o, 0’ € Sy. Observe that this is equal
to N"'EH(c')H(¢"). By Facts B.1 and B.2, we have that this is equal to:

& (R(0,0")) — R(0(0),0")&4(R(m,0")) — R(0(c"), 0)&}(R(m, o))
+R(0(0),0(0"))&1(qm) + R(m, 0())R (m,0(c"))5" (qm) -
The formula for the covariance can be obtained from the above by expanding v(c). ]
Next, we look at the mixture function of these “TAP planted distributions on slices”.

Corollary 7.26. For a fixed choice of a and b, the Gaussian process (Hrap(v(a,b) 4 1,,QT)) is

described by the following law.

TESN_2

» Let H,}, be a spherical p-spin Hamiltonian with mixture function ¢, given by:

2w, 2\
cal5) = Ie00 01+ ) = (oo )2) -5 22 ("ma((;; i)

2
gé 1+ m " a 2
«tervian (11 ~ e S (1))

The law of Hrap(v(a,b)+7,,QT) is the same as that of H,p(t) + VN - gup +
E o Hrap(v(a,b) 4 1,,QT) where g,y is a centered Gaussian of variance V(a,b) independent of
H,p.

Proof. Let T, T’ € Sy_p, and
oc=uv(a,b)+r,,Qrand ¢’ = v(a,b) +r,,Q7.
Recall from Lemma 7.23 that

N~'Cov (Hrap (), Hrap(c"))

A Rleo)— Rie o CLROMOEROn, ) )
= G(R(0,0")) ~ R(o,o") L0 o (R m,0))(R(m, o).

By the definition of ¢ and ¢/, we have R(m, o) = R(m,0’) = R(m,v(a, b)) = (1 + ﬁ) qm, and

R(o,0’) =R (Hv(a, b)|?+ 72 ,R(T, T’)), since Q is an isometry. As a result,

N~1Cov (Hrap(c), Hrap ("))

et (1 ) m)
= Zl(lo(a b)IP + 2uR(L 7)) — (Io(a, D) +72,R(x, 7)) " YT

) : Ct(qm)
“awtia (1 75) ) -

This may be written as
N~'Cov (Hrap(c), Hrap(¢")) = &up(R(t,T')) + V(a,b).
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This implies that Hyap(0) is equal to H,,(T) + g, for some Gaussian process (H,,(T))resy o/
where g, is a centered Gaussian of variance V(a, b). To complete the proof, we must show that the
correlation structure of H, , can be achieved by a p-spin model with mixture function ¢, ;. To do
this, it suffices to show that ¢, is indeed a valid mixture function, in that (Zéf;) (0) >0forallp >1,
and ¢, ,(0) = 0. The latter of these is clearly true by construction. The former is easily seen to be
true for p > 2, since for such p,

e (0) = &) (|[o(a, b)[2) = 0

since ¢ is a valid mixture function. For p =1,

2
Eop(0) =72, | & (lo(a, b)]%) — “t (qmél(q:)\/ﬁ»
2
2o 1m0 ) - )

- sy (d (q'ﬂ (1+ m)) &) — & (am (1+ m))) >0

In the first inequality above, we use the fact that ¢} is non-decreasing. The final inequality is an
application of Cauchy-Schwarz. O

B.2 Understanding concentration around the codimension-2 slice

Next, we bound the variance of g, , — g0,0-

Lemma 7.33. For every constant 1 > 0, there is a constant c such that with probability 1 — e~N, for all

a>+b?
a,b, we have |g,», — goo| <t N

Proof of Lemma 7.33. The strategy is to prove that for any a,b,4’,b' € R of magnitude < N'/4, ¢, ;, —

W) The desideratum
then immediately follows by applying Slepian’s lemma on (|g,» — §0,0|)ss comparing it to the
Gaussian process (G, (v(a,b) — v(0,0))(v(a,b) —v(0,0)) ") for a standard Gaussian matrix G.

We carry out the calculation for a’, " = 0; the general case follows similarly. We have g,, =
N-1/2 <HTAP(\/N . U(El, b)) — EHTAP(\/N . U(ﬂ/ b))) , and goo = Nﬁl/z(HTAp(m) — EHTAp(m)).
Clearly, g, » — 80,0 is a centered Gaussian process. As in the proof of Lemma 7.23, we have that the
distribution of Hrap(0) — EHtap(0) is the same as that of

gy is a Gaussian of variance O (-|v(a,b) —v(a’,V')||*) = O (

(o) = (VH(m),0(0)),

where H is a Hamiltonian distributed according to the mixture function ¢;. Thus, the distribution
of g, — 0,0 is:

H(u(a,b)) — <Vﬁ(m),v(u(a,b))> — H(m) + <VH(m),v(m)> .
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For brevity, we denote v(a, b) as m + e. We express H(m + ¢) in its Taylor expansion, and we get:
L/n.a ®i 0
VN(gop = g00) = ¥ 5 (DiH (m), ") — (V H(m), 0(m + &) —v(m)). (38)
i1t
Expanding out v(m + ¢) — v(m) ultimately yields:

e S ) ROm % (4
plm+e) ~v(m) = e+ K( ’)v’wm) &1 (@m)7 (Gm)

Plugging in the above into Eq. (38) gives:
VN = Y L {DiH(m), e
(ga,b - g0,0) = Z ZT< i (m),s >

i»2 "
(e i B (o) S

We have an explicit expression for &:
aqm — bz mx (b—a)
€= m—+ X.
VN(@m—a3) " 4m =4z \ VN

This explicit expression can be used to obtain the following bounds on the variances of the above
terms:

Var[l<DH > gw

Var (W (), )R, o 1) | - QLD
~ m O(a* + b*
V“RVH(’”)' >c(t<qm)> <(q>) <2

The expression for vV N(g,» — g0,0) only involves a constant number of terms, and since the first
. . O(a*+b*
term enumerates over i > 2, and since |a|, |b| < VN, we have an overall bound of %.

Dividing by v/N gives the desired variance bound. O

=0.

Lemma 7.31. Vl/-fu b
" 1(a,b)=(0,0)

Proof. Recall

Ea,b:% : 2 —Ti,b.d (qm <1+LN>>2

logrg ), —Ge([[o(a, D) [F)

) R Gt =,

VN
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g (e 0)) (0 ) e S (7))

(1)

Because 5 )
—b
o(a,b 2 _ . <1+ a > n Gmix <a ) /
lota D)l 1 VN Im — 93 VN
we have )
2 o2 _ [ Am
Vijv(a, b ‘(a,b):(0,0) = Vrﬂ/b‘(a,b):(O,O) - (m'()) :

We also have 1§, = 1 — g,y and [|o(0,0)||> = ¢, Let us start by computing the derivative with
respect to a. We have

VN - 0, (4 )= 00) = &1 (Gm) - G (1 W) +CH(qm) - <—qm' ,;EZZ;)

_ €Y () (g / _
= 7 () (’Y (Gm) — GmCt (qm) — gt("]*")) 0.
Next,
VN - 3] (4= (00
_L, _ 7 2y . o ] Ei(qm)? 2 .zéi(qm)'(ﬁ,(qm)'qm
= 2 (20) =00 () (250 (c;wm)) L
= 1__22"; = 24mGt(Gm) + 29mGt (Gm) = 29m (1 = Gun) ¢ (4m)
= 1__227:1—211711(1—11m) ;/(qm)-

Finally,
\/N ° aa(II) ’ (a,b):(O 0

_ 7I(qm) “qm . . " 1
Y (Gm) <(1 Pl () + 1—qm>

1
— _E . \/N aa(1)|(a,b):( 0)

as desired. The derivative with respect to b is much simpler, since the derivative of rib with
respect to b is 0 at (0,0). Consequently, 9y(I)|(, ;) (0,0) = 0, 96D (5 p)=(0.0) = 9xC1(qx) = 7(gx), and
(D) (4 5)=(0,0) = ¢(4m), completing the proof. O

Lemma 7.32. There exist constants 11, e > 0 such that for all |a|,|b| < ev/N, NV2E,;, < —yId.

Proof. For ease of notation, define Eub E\Fa JNb Tap = TN/ N and v(a,b) = U(\/»a \/»b)
As in the previous lemma, recall

/ 2
Eu,bzi(log’m & (|[3(a, b)||?) — 72 tha%a»)
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Y (gm (1+4a)) ) _ " 1
#8010+ T (g (g + =)

7 (qx)
 Z(qm)

Because the Hessian is Lipschitz in all the parameters involved, it suffices to prove the negative
definiteness of the Hessian at (0, O) under the assumption that q,, = gx = g, where g (formerly

denoted g.(t)) satisfies &}(q) = q
7' (9) = ¢i(q) +4&i (q) = 1L (1 ( 7)¢t (q))- Eu,b simplifies as

& (q(1+a)’
¢i(g)

a1+ ) (A48 =g S0 1)),

Under these constraints, we have y(q) = ¢¢i(q) = 7 1o and

~ 1 ~ ~
Eop =3 (10gr§,h —&(9(a, b)) =72,

M
v(q(1+a) 1+(1-9)%(q)
1+ (1—-¢9)%'(q)

+3i(q(1+0)) +

(I

1040 @A+ + 7 (1+a)- 4D,

(IID)

We have 97(III)| (00) = 0,and
(H)} 0,0) = ,/(‘1) ’ qz'

=2 _ 252 _ -2
We have that abra,b‘(om =0,and abra,b‘(ao) = 1= - Consequently,
1(1 " - "
RD00) = 5 ( B4 00, — E110(0,0)[2) - B3, b)IP] g0) — 524 ) G >>

It follows that
aZ 11 b

9
=¢i(q)-q e

Similarly, we have 9,9;(I)| o) = 0, and

9951 0,0y = &7 (q) - 4°-

We have that aaaﬁih)(o 0 = %‘5. Consequently,
1 1 ot 2 =2 !
%Ml 0y =5 29 20756 (0,0) = S1([0(0,0)1%) - 3ady|3(a, B)I12] 5) — BadT2 1 ) * E1(4)
0,0
(1—9)?
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It follows that )
1" 2

_ 214
(0,0) t (Q) q (1 - q)z

99 Eqp
It remains to compute the second derivative with respect to a. We have
aZ(IH)’ 00) = q3€//l< )

We also have

. o 14 -9% )
%Ml 00 =970 T 7=z )
1+ (=92 @) yan
1+ (1—9)&(q) (26 () + 48" (4)
< 28" (q) + 2987 (q).

2 2
:—(26/—{—%) = 1qqand8?gb 00)

252
We have 9;7; ,

( = —2¢. Finally,
1 -2 -2 -2
9D 5,0 =7 1_2 — (=20 = &) T~ & () - (~20)° - T - (o)

r q
7*(G1(9)81" (q) + &/ (9)?)
¢i(4)

72 —44°¢ (9) +84°¢ (9) — 24°(1 — q)&{"(q) —29*(1 —¢q) -

o

011 ). 2
_ 2 47
S (1-q2 (-9

= D agie a) 220 - )8 (1) — 2000 - %1 ()%

7(9)?
¢i(q)

Therefore,
111 11 1! "I(Zq + 1)
(0,0) ¢ (q) + 47¢; ()4‘25/@(5/)—W
+29°¢/ (9) — > (1 — 9)&¢" (9) — q(1 — 9)%¢{ (q)?

= T2 g )+ 20780 )~ 01 - 0P8 ()

P
92Eqp

To conclude, let us check that the Hessian is negative definite. Because &/'(g) - ¢* — ﬁ < 0 by
the SL condition (SL), it suffices to check that

2
0%E, < g% (q)— T .
b (0,0) q ‘:t (EI) (1 — q)z
This is true if and only if
1
01 =0/ @ = ala + 267 () + HE ) > o

It is not difficult to see that this is true if ¢} (g) is less than the smaller root of the above quadratic,
which is equal to

(q+2) - V(@q+2°—44q+1) _ 1
2(1—q)? (1-9)?
This is true by the SL condition (SL), concluding the proof. O
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Next, we shall prove Lemma 7.35. Recall the definition

N&” (0
Error;b) = (‘?‘Z’() - %log det ((1+¢;,(0))Id — V?H,;(0)),

where V2H, ;(0) is equal to the restriction of 7%, - VZHyap(v(a, b)) restricted to the codimension-2
subspace orthogonal to m and x.

(2)

Lemma 7.35. For any sufficiently small 1 > 0, with probability at least 1 — <N, rizg — Errorgy | =

O (1) forall a,b < (INV/4,

Let us start by computing the correlation structure of the random matrices V2H, ,(0). Note
that V2H,;(0) is an (N — 2)-dimensional GOE matrix scaled by , /Gy (0).

Fact B.3. For o, 02,

1
NE<V2HTAP (0’1), ul & 1/!2> <V2HTAP (0’2), ol X 02>

=& (R(e", %)) - (R(u',0%) - R4, 0") + R(u',0") - R4, %) )

In particular,

%E(VZHTAP(Ul),VZHTAP(UZ» =& (R(e",0?).

The above follows from calculations similar to those involved in the proofs of Facts B.1 and B.2;
we omit the details.

Proof of Lemma 7.35. We shall prove the statement for a fixed a, b; a union bound over a, b implies
the boundedness for all a,b < (IN1/4.

Recalling that V2H,;(0) = r bV 2Hrap (VN - v(a, b)) is a GOE matrix scaled by 2p(0). By
Fact B.3,

%E(VZHM(O), V2Hyp(0)) = 12, - 3, %E(VZHTAP(\/N -o(a, b)), V2Hrap (VN - 0(0,0)))
=17y 150 &t ((0(a,b),0(0,0))).

For comparison, we have

1 2
NEHVZHa,b(O)H r=Cap(0) =13y -8 ([0(a,b)]1?) .

For succinctness of notation, let

<a1 p>:< ot (0O0) i (ole b>,v<o,o>>>>
o a2)  \ 2ol ((0(a,0),00,0) &l (loa, b))

be the covariance structure of the scaled GOE matrices V2H(0) and V2H,;(0). It is not difficult
to see that ap, = a7 + O (“ +b? ) and p is between a; and ap. Also note that a1 = 56,,0(0) and

a2 = &, (0). Then, for some choice of GOE matrices G and G, we may write
V2Hoo(0) = Va G
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V2H, ,(0) = -2 G + [ — 6.
' Ve aq

We thus have

Nouy  Noo

2 (Error((fg — Errorii}) - T logdet | (14+aq)Id — \/071(;)

Y P
+ log det ((1+0¢2)Id \/071G . G)

We may write the matrix inside the final log det as

(1+a)ld — -G — oz — il
Ve aq

= ((1+a1)ld — /11G) + (ag — a1)Id — <

The difference of the two log det terms is thus equal to

logdet | Id + M; V2MoM; V2 + MY 2 MMV

M

Observe that M3 is a scaled GOE matrix independent of M; (and M,). Taylor expanding the above,
we shall control the trace and Frobenius norm of M. It may be verified that the higher-order terms,
corresponding to higher Schatten norms, are O(1). To control the trace and Frobenius norm, we
shall essentially control their values in expectation. Standard concentration arguments for GOE
matrices, along the lines of Lemma 8.6 using [GZ00, Lemma 1.2(b) and Corollary 1.6(b)], allow
us to assume (with probability 1 — e~N) that the eigenvalues of G are distributed according to
the semicircular distribution up to some small Wasserstein perturbation. That is, with probability
1 — e N, denoting by A;(G) the eigenvalues of G,

~1/2 )1 M—1/2 (22— 21) (V% \/E) (G
Te My 2MoM 2 = Y
1<I<N (14 a) — /a1 Ai(G)
-N- [ (02—~ (e — v ® dpael) + 0(1)
B (1+wa1) — Joaqu psc (1

= N(az —p) +O(1),

where the final equality follows from the standard semicircle integral [ - dus(u) =
% (x —Vx2 - 4). On the other hand, because Gis independent of G,

Tr M V2Mz M Y2 = O(1)
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with probability 1 — e~N. Let us next control the Frobenius norms of these matrices. Again, because
G is independent of G, with very high probability,

— _ 2 _ _ 2
IMIIF = O(1) + | M 2MaMy 2+ | My 2 MMy 2

The first squared Frobenius norm is equal to

(02— w) — (= — V@) M(6)
L\ e - va©) )

Let : such that (1 + a1) — (2 +¢)/&7 > ¢ (this uses strict replica symmetry). Then, with probability
1—eN, |A;(G)| < 2+ for all i. Conditioned on this event happening, and recalling that

a —a1 =0 (”ZZJ{,hZ), the above is O(azz\j;bz)z. This is O(1) for all choices of a,b < IN1/4,
1/2

We must next control the squared Frobenius norm of M, v 2M3M{
typical realization of Mj: all its eigenvalues are smaller than 2 +  in magnitude, and the empirical
spectral distribution is Wasserstein-close to the semicircle law in the same sense as the previous
section (where we controlled the trace), in that

1 1
_N. /
2(1%—0(1)—\/061)&1'((;) (1+0€1)—«/0€1
Because M3 is independent of Mj, it suffices to control the expected Frobenius norm of the matrix —

the true realization concentrates around its expectation to additive O(1) factors. It is not difficult to
see that this expectation is equal to

% ' <a2 - Zj) ' (2 (1+a1) —1\/071/\1'((3)>2
- (2= 2) ([ g ) +00)

=N- <¢x2— p2> +O(1).

X1

. Let us condition on a

—djisc(u) +O(1) = N +0(1)

Putting the pieces together and returning to the Taylor expansion, we get that with very high
probability,

2 (Error((]lzg — Errori/zb) )
= % - % + logdet (Id + M)
N N 1
=0(1) + 2 = =2 +Tr (M) — 5| M|}

=0(1)+N- <2—2+(“2—P)_;(“2_Zj>>

O N

(1) for a,b < (N4, completing the proof. O

Because a1 —p = O (“2#2), this is
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B.3 Moment calculations for covariance bounds
We first prove subgaussian concentration for the covariance of the degree-2 part.

Proof of Proposition 8.8. Part (2) follows from part (1) by a standard tail integration argument. In-
deed, the random variable W is bounded by N 172 50 the contribution to E[Wk] from the event
|[W| > N'/% is bounded by

Nk/ZIP(\W] > N1/5) < Nk/ze’CNZ/S,

which is vanishing for any constant k. So, we focus on proving part (1). In the case W =
(¢1,02)/+/N, this is a special case of [IMP24, Lemma 7.5] (where we take u = 0). We consider the
case W = (o, v;). Recall that

C//(O
2

where M ~ GOE(N). For 0 < s < N'/?log N, we will evaluate

~—

Hya(0) = (Ao, o) = (Mo, o)

/ N2 dp(¢)  and / eHN2(0)+3(000) d o ()

using [HMP24, Lemma 7.3]. We recall the function G : (Amax(A), +00) defined in (15), which we
copy below for convenience, and define G by

N 2
G(y)=v- %logdet('yl —A), G(r)=G(7) + AN(y j Ai(A))

Recall from below (15) that G’ has a unique root v, on (Amax(A), +c0). By the same argument, G/
has a unique root . on the same interval. As argued in the proof of Lemma 8.6, the conditions of
[IMP24, Lemma 7.3] apply. Applying this lemma with u = 0 and u = sv;, respectively, shows that
with probability 1 — e~<N,

[ 2 dp(e) = (14 ON ), | g (20) M2 exp(NG(1.)),

2
G"(7)

event in Lemma 8.7 holds. As argued in the proof of

/EHN,z(UHs(vi,U) dp(c) = (1+0O(N~9)) (2e)fN/2 exp (Né(%)) (39)

Suppose further the probability 1 — e~V

Proposition 8.1, |y« — yo| < ﬁ Also, with probability 1 — =N, Apax(A) < 7V§2”(O) (2+¢€2/8).

We will show that on the intersection of these events |7, — .| = O(N~3/°1log? N). First note
that

1 1+5"(0) — (2+¢%/8),/¢"(0) 1 2
« — Amax(A) = — Amax(A) — = - = 32

is bounded below by a constant, as in the proof of Fact 8.5. Since G'(7.) = 0 and G'(y) =
G'(vy) — 41\](7*57;(14))2’ we have 7. > 7, and so 4. — A;(A) is also bounded below by a constant.

Thus, as s < N/3 log N, we have

0> G (1) = — 5 = O(N"%510g? N).




By direct computation,

§2

8N(7 —Ai(A))*

Since ¥, > 7, we have ¥ — A;(A) is bounded below by a constant for all v € [y, 7+«]. We claim

that 7. € [yo — N~1/2,99 + N~1/2]. Combining both conclusions of Lemma 8.7, we obtain that

G"(v) = Qc(1) for v € [yo — N71/2,99 + N~1/2], and consequently the desired claim on 7. holds.
We thus have G”(y) = O¢(1) in the same interval, and consequently we can conclude the

stronger statement |y, — 7.| = O(N~3/5log? N). Furthermore, since G () = O,(1), the same

logic allows us to also conclude

G"(v)=G"(7)+

G"(¥:)/G"(1:) =1+ O(N"*log’ N).
By Taylor expanding G around 7, we see
~ ~ N - B
NIG(1:) = G < S 1= = 7l sup G"(7) = O(N~*log" N).
VE[M—NT2,70+N"1/2]

The above two displays allow us to replace instances of 7, with -, in (39), yielding

2
G" ()

/eHN,2(7)+5<vi/‘7> do(c) = (1+O(N)) (2e) N2 exp (Né(v*)),

and thus

_ f eHN/z(U)+S<U;,U> dp(a)

S(Uz‘,U’)
= T e dp(o)

2

— (1+0(N) ggi exp(N(G(7.) — G(1.))

=(1+0(N7)) exp(sz/(4(’y* —Ai(A)))) = (1+O0(N7)) exp(csz),

where the last two steps again use that 7. — A;(A) is bounded away from 0. The tail estimate on
W = (v;,0) now follows from a standard Chernoff bound. O

We next turn to Lemma 8.11, proving each part in turn.

Proof of Lemma 8.11, Eq. (18). We reproduce Eq. (18) below for convenience:
Ef 1o ¢ T(HN)]eHN(U) dp(o) < eNE(1)/2=cNV>
SN

The proof follows [HS23, Proposition 3.1], except with more precise control of overlaps between
N~2/% and a small constant. By symmetry of the sphere, for any deterministic x € Sy,

E [ 1o ¢ T(Hy)Je™ ) do(0) = E [1[x ¢ T(Hy)]e™ | (40)

Let pipi(+|x) denote the planted model (Definition 7.8) conditional on spike x. A Gaussian change of
measure calculation implies that the right-hand side of (40) equals

NPyt & THY)

N
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Thus it suffices to show

P x ¢ T(HS] < e N,

i ()|
Recall (Remark 7.14) that a sample Hy/' ~ pip(+|x) can be generated by

Hy/(0) = N&(R(x,0)) + Hn(0), (41)
where Hy ~ Hnuli- Furthermore, from the definition, x € T(Hl’ijl) is equivalent to

/S 1[\R(x,r)| > N—Z/S]EH;;I(T) dp(’lf) < eNr:(l)/Z—ch/S (42)
N

We will show this occurs with probability at least 1 — e~V Y% Let 1 denote the probability density

of R(x, T) € [—1,1], where T is sampled from the Haar measure on Sy. Then it is known that

P(q) = Z(l —)N=3/2

where Z, = @(N~1/2). Define the codimension-1 band
Band(g) = Band(q;x) := {t € Sy : R(x,T) = q}

and let 1
751 () — / HiN(T) g /
(@)= [, e don(0

where p; is the Haar measure on Band(q), normalized so that p,(Band(q)) = ¢(g). Then the
left-hand side of (42) is equal to
Z*'(q) dg.
/1\12/5<q|<1 (9)dq

An application of Guerra’s interpolation as in [HS23, Lemma 3.3] shows that for any q € [—1,1]

and constant 7 > 0, with probability 1 — e~V

—_

%logzx’l(@ < 5 (6(1) +¢(lgl) + lg| +log(1 — lg])) + 1.

Since (: ~1 is s-strictly replica symmetric and ’y% < N 4/5 P this implies
1 x,I §(1> €q 2
— ’ <L S 2 1 .
N IOg Z (q ) I 5 + 217

Let 6 > 0 be small depending on ¢, and 1 small depending on d. This implies that for any |g| > J,
with probability 1 — e <N,

1 %l ¢) e

— % < 2
Taking a union bound over a N~ !-net of |q| > § as in [HS23, Lemma 3.4] implies that with

probability 1 — eV,

7% (g) dg < eN6()/2-eN, 43
/Wl (g)dg<e (43)
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We address the remaining range of g by a first moment bound. Note that

7% (q) dg = eNeW/2 / N @y(q) dg. (44)

N72/5<‘q|<(5

e
N*2/5<\q|<¢5
Recall from Fact 8.4 that ¢"”(0) < 1 — e. Thus, for sufficiently small §, for all |g| <,
1
G~1(9) + 5 log(1 - %) < —eq”/4.

Thus, for all N~2/5 £ lq] <6,

1 1 1 _

5 o8 (MDy(g)) = &g) + 37 1089(9) =719+ ¢-1(q) + 5 log(1 =) + O(N"'log N)

<73g—ed?/4+O(NtlogN) < —eN~%/5/8.

Combining with (44) shows

E/ 7*0(0) dg < eNEW)/2-eNS
N-acl<s (9)dg <e

so by Markov’s inequality, with probability 1 — p—cNV/5 /2

7510 d <£,N§(1)/2—CN1/5/2.
/N scyes (9)dg <

Combining with (43) proves (42) after adjusting c. O

Proof of Lemma 8.11, Eq. (19). By the same argument leading to (42), it suffices to prove
[ ARG )] > N2 dp(r) < NEW/2-N (45)
SN
holds with probability at least 1 — e—°N ]/5, where now
HY' (0) = N73R(x,0)* + Hy(0),

i.e. we have replaced the spike in HY;' with only its degree-2 part. Then Hy'(¢) < Hy'(0) almost
surely for all o such that R(x, o) > 0, so (42) implies

/ 1[R(x, T) > N—Z/S]eHI’i,’H(T) dp(T) < eNC(l)/2—cN1/5
SN
with probability 1 — e~°N. Moreover, by symmetry of the degree-2 spike,
[ ARG = N dp(r) £ [ 1[R(x,7) < —N O dp(a).
N N

This implies (45) and thus (19). O
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Proof of Lemma 8.11, Eq. (20). This follows from a slightly more complex form of the same strategy,
where the planted Hamiltonian now has two spikes. For x!,x? € Sy, let

HY " (0) = NE(R(x',0)) + NE(R(,0)) + Hy (o).

By the same gaussian change of measure argument as above, the expectation in the left-hand side
of (20) equals

M0 [1(1R(0%,0%)] < IN2IR(e? & T(H M) do®3 (o, ).
Thus it suffices to show that for all x', x> € Sy with |R(x!,x?)| <3N —2/5,

[ ARG, )] = N2 dp(r) < NEW/2en (46)
SN

with probability at least 1 — e~N'°. Let A = R x!, x?) € [-3N~2/5 3N?/5] and
P y
=AMl 4+ /1— /\in,

where x> € Sy and R(x!,x% ) = 0. Let ¢, denote the probability density of (R(x!,7),R(x3,7)) €
1, 1]2, where 7 is sampled from the Haar measure on Sy. It is known that

1[¢? +g3 <1 N
pnlg) = TS gy
2

where Zy = ©(N ). Define the codimension-2 band

Band(q1,42) = Band(q1, 92; xl,xz) ={Tt€8SN: R(xl,r) = ql,R(xi,T) =q}.

and let

1.2
le ,xZ,III( HY,~ M (7)

, = e deg,,q,(T),
q1,92) /B N g1, (T)

where g, 4, is the Haar measure on Band (g1, 42), normalized so that pg, 4,(Band(q1,42)) = ¥2(q1,92).
Then the left-hand side of (46) is equal to

[ 1l = Nz gy, g) d g1, 92): (47)
Note that

1 1 .
~10g 2 M (g1, 05) = &(qn) +& (Aq1 + V1 - A2g2) + 5 log / e dog, 1, (7).
N N Band(q1,92)

Let 7 = G(q1,92) = \/q% + q3. Applying Guerra’s interpolation as in [HS23, Lemma 3.3] shows that
for any 17 > 0, with probability 1 — e~V

1 7 1
log [ () g << (&) - 7+log(1 - .
N8 Joaton € P (T) < 5 (6(1) = ¢(q) + 7 +log(1 —q)) +1
and thus
1 1 _
10827 M (q1,02) < &(q1) +& (M1 + V1= 222) + 5 (6(1) — £(@) + 7+ log(1 = 7)) + 7
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< Eallnl) +Eallgal) + 5 (€1) ~£a(@) +7 + log(1 — ) +27.

Since {1 only includes terms that are degree 2 or larger, {1(|q1|) + {~1(|g2]) < &~1(§). Thus the
last display is bounded by

~
%(5(1)+§~1(® +gd+1log(l1—4)) +2n < é‘(zl) _ %4—217.

Arguing as in the proof of equation (18) then shows that for any § > 0 depending only on ¢,
/ 13(q1,92) > 812%™ (g1, 2) d(q1, 42) < NEV/2N (48)
with probability 1 — e “N. The remaining part of the integral (47) has expectation

E [ 11| > N 2%(q1,02) <3127 (q1,92) d(qr,72)
= eNg(l)/z/l[Wﬂ > N5, q(q1,92) < 8] N VIR gy (01, 42) A (g1, 42). (49)

Recall ’y% < N~%/5 For all (41, 92) in this indicator,

(eNé(mHNé(Ml*mqZ)l/Jz (71, 112))

%log
1 e _
= &(g) + ¢ (M + VI—2202) + 5 log(1—7%) + O(N"'log N)
1 Y
<2NTE7— 2(1-8"(0))” +0(3° + Nt og N)

eq’ ~4/5~ ~3 -1
<—7+2N 7+ 0O(g° + N "logN).

Since N=2/5 < g < 9, for J sufficiently small depending on ¢ this is bounded by —c N—4/5. Combin-
ing with (49) shows that with probability 1 — echl/sl

[ 1l = N25q(a1,92) < 6127 (g1,02) dgn, g2) < NN

Further combining with (48) completes the proof. O

Proof of Lemma 8.11, Eq. (21). This is proved identically to equation (20), except with spiked Hamil-

tonian
1.2 —|— H~
H;f;'x 'IV(U) = N’Y%R(xllg)z + ch(R(xZ, 7)) (@),

i.e. the spike involving x! is replaced with just its degree-2 component. The same argument applies
and we omit details. O

We turn to the proofs of Lemmas 8.15 and 8.16. The following fact will be useful in the proofs of
both lemmas.

Fact B.4. If o € Sy satisfies |07, |oj| < log N and o ¢ Ti,]-, theno & T.
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Proof. Consider any T € Sy satisfying |R(0;j, T j)| = 2N~2/5. Since |7, |7j] < N/,

il ] "I\‘]|‘7j|‘7j| > N5,

R(0,7)| > |R(0sj, Tei)|

Thus the expectation over T in (22) is larger than the expectation over 7 in (28), and so o ¢ T. O

Proof of Lemma 8.15. We can write X; ; = Xi,j + )N(l( ) + XZ( ]), where

Xl(j) = < [|oi], ;| <logN, o ¢ Tz]](flU] ( Hn~2(0)=NE-2(1)/2 _q7; _]]>>

X5 = (1l V]| > log N (fhe-2(0) 4820072 i = ﬂ) )

By using (a + b)? < 2a% + 2b%, we deduce that
X2 < 2%+ 2(X) + X7)2,

so the rest of the proof is dedicated to showing that |}~((1) + }N((Z)| < e log’N with probability
1—e—<18"N_To do so, we will 51mply apply Markov to control |X | and |X |

/

By Fact B.4 and using |c;],

<N (o], Il < TogN,or & Ty (o) NEa0/2 g 1[5 = j])
<N <1[0. ¢ T] (eHN,~2((7)_N§~2(1)/2 +1[i = ]]> >2_

2

e_ch/S

By the first two equations from Corollary 8.12, EN2|5§Z.(,}) | < . Furthermore,

B2l X7 < NE- ((1[]i| > log N] +1[|j| > log N]) (ev-2()NewD/2 1 qi = j1) )

N (1]|o;| > log N| +1[|j| > 10gN]>2 < p—clog’ N

by Proposition 8.8(1). By Markov’s inequality, with probability 1 — e—clog’N ]X ] + |X | <

e~clog’N after adjusting c as necessary. This concludes the proof. O

Proof of Lemma 8.16. We can write 5(12] = )A(i,j + )A(l(}) - )A(l.(j), where

~1,j7 ~1])| > 2N~ 2/5]

2§,}>:< o], 101, |02, |0%] < log N, 0%, 0% € T, |R(d

0_10_]1020_]2 (EHN,Nz(Ul)—NCﬂ(l)/Z i = ]]> (eHN/Nz(az)_N@z(l)/Z —1[i = ]]) > ,
2

%) = (101l 071, 107 ] < log N, (¢ # iy v 0% ¢ T, IR0 02, )] <22/

L] UnijrOnijj

0_10']10.20_]2 ( HN,NZ(U1)7N§~2(1)/2 N 1[1- _ ]]> <eHN,~2(<72)*NC~2(1)/2 _ 1[i = ]]) > .
2
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By the same argument as before, it suffices to control EN2|X | and EN2|X \ Note that almost
surely,

S(1
bl <N2< 0?1, lo}1, [o?], o7 <logN, o', 0% € Ty |R(0L;;, 02, )] > 2N~/

(eHN,mz(ffl)—N€~2(1)/2 + 1) (eHN,Nz(az)—NgNz(l)/z + 1) > < Nz(}’zi(?) + Xl(z]l))

2
where
(3 2)—
Xi(,j) =< [(T € Tz]r|R< ~ij7 ~z])| > 2N~ Z/S]eHNNZ D Ha(e?) N§N2(1)>2'
S(4
e :< [of | 107 | of], |7 ] < Tog N, [R(02;,02,)| > 2N 2]
(eHN,~2(f71)*N<§~2(1)/2 + efina(@)-New(1)/2 4 1)> )
2
By definition of Ti,]-,

7

9 < (101 € T, Jetin-)Neahaany,

and thus ENZ}A(lg‘;?) Le N e Furthermore,

}’Zlﬁl‘]%) < <1[|R((71,(72)] > NfZ/S](eHN,Nz(Ul)*I\TCNz(l)/2 _|_€HN,~2(02)*N§~2(1)/2 + 1)>2’

and thus
EaX(Y <3 (1R, 0} > N2)) <o

by Proposition 8.8(1). Combining shows EN2|}A(S)] < e~N'"’_ Similarly
XY <N < 071, o}, 16|, |07 <logN, (¢ ¢ Ty; v o* ¢ Ty)),

‘R(g’l o2, )| < ZN_Z/S] (eHN,Nz(Ul)—NC~2(1)/2 + 1) (eHN/NZ(UZ)_N§~2(1)/2 + 1) >

~1,j7 Y ~1,f
2

By Fact B.4, on the indicator in this expectation, ol,02 € T. Moreover

g+t ot s

IR(e", o) < R(0L; 5,02 )| +

~1,j7 Y~ f N
Thus
X7 < zN2<1[al ¢ T,|R(c",0?)| <3N?/7]
(eHN,~2(Ul)*NC~2(1)/2 + 1) (eHsz(Uz)*N@z(l)/Z + 1) >
2
and Corollary 8.12 implies EN2|)A(Z(?)| e N, O
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