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PHASE TRANSITIONS VIA COMPLEX EXTENSIONS OF MARKOV CHAINS

JINGCHENG LIU, CHUNYANG WANG, YITONG YIN, YIXIAO YU

ABsTRACT. We study algebraic properties of partition functions, particularly the location of zeros, through
the lens of rapidly mixing Markov chains. The classical Lee-Yang program initiated the study of phase

transitions via locating complex zeros of partition functions. Markov chains, besides serving as algo-
rithms, have also been used to model physical processes tending to equilibrium. In many scenarios, rapid

mixing of Markov chains coincides with the absence of phase transitions (complex zeros). Prior works

have shown that the absence of phase transitions implies rapid mixing of Markov chains. We reveal a

converse connection by lifting probabilistic tools for the analysis of Markov chains to study complex

zeros of partition functions.

Our motivating example is the independence polynomial on k-uniform hypergraphs, where the best-
known zero-free regime has been significantly lagging behind the regime where we have rapidly mixing
Markov chains for the underlying hypergraph independent sets. Specifically, the Glauber dynamics is
known to mix rapidly on independent sets in a k-uniform hypergraph of maximum degree A provided
that A < 2K/2. On the other hand, the best-known zero-freeness around the point 1 of the independence
polynomial on k-uniform hypergraphs requires A < 5, the same bound as on a graph.

By introducing a complex extension of Markov chains, we lift an existing percolation argument to
the complex plane, and show that if A < 2K/2_ the Markov chain converges in a complex neighborhood,
and the independence polynomial itself does not vanish in the same neighborhood. In the same regime,
our result also implies central limit theorems for the size of a uniformly random independent set, and
deterministic approximation algorithms for the number of hypergraph independent sets of size k < an
for some constant a.
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1. INTRODUCTION

More than a few important recent advances in theoretical computer science, in combinatorics and
probability theory, have been made possible through locating the zeros of suitably chosen multivari-
ate polynomials. These include improved approximation algorithms for the traveling salesman prob-
lem [GSS11, KKG21], construction of Ramanujan graphs of every degree [MSS15a, MSS15b], deter-
ministic approximate counting algorithms for spin systems [Bar16, PR17, LSS17, LSS19], an algebraic
proof of a generalization of the van der Waerden Conjecture [Gur06], a resolution of the long-standing
Kadison-Singer conjecture [MSS18], and notably the theory of negatively dependent random vari-
ables [BBL09]. Furthermore, there has been a fruitful line of work that exploits a more general form
of geometry, notably the development of log-concave polynomials and Lorentzian polynomials, which
have led to novel analyses of Markov chains and the resolution of Mason’s conjecture [ALGV18, BH20].

The development of multivariate stability theory dates back to the famous Lee-Yang program [LY52]
in statistical physics. In their seminal work, Lee and Yang initiated the study of phase transitions
through the location of complex zeros of the partition function while also establishing identities relat-
ing key physical quantities to the density function of zeros. A key insight is that to understand the
macroscopic properties of a system at the thermodynamic limit (that is, as the size of the system tends
to infinity), one studies the complex zeros in a neighborhood for any finite systems so as to determine
whether the quantities of interest remain analytic or can have a discontinuity. One key quantity of par-
ticular interest is the so-called free-energy density. There have also been various generalizations and ex-
tensions of Lee-Yang type theorem in statistical physics and combinatorics [LS81, HL72, Wag09], Cher-
noff bounds [KS18], asymptotic normality [Kah00] and central limit theorems [LPRS16, MS19, JPSS22].
Stability theory for a univariate polynomial is also extensively studied in control theory and can be
traced back to the famous Routh-Hurwitz criterion [Rou77, Hur95].

Roughly speaking, a phase transition occurs when the macroscopic property of a system is not fully
determined by local interactions in the thermodynamic limit (that is, there could be multiple phases).
To formalize such a notion, three types of mathematical definitions have been studied:

(1) Probabilistic: Conditions under which a Gibbs distribution exhibits decay of long-range corre-
lations with respect to distance.

(2) Algebraic: Conditions under which a partition function vanishes in the thermodynamic limit.
This is also Lee-Yang’s view of phase transition.

(3) Algorithmic: Conditions under which a spin system out-of-equilibrium quickly returns to ther-
mal equilibrium; in particular, when does a Glauber dynamics mix rapidly to the Gibbs distri-
bution.

Notably, Glauber dynamics can be seen as both a model of physical processes tending to equilibrium,
and also an algorithm that can be efficiently simulated. To this date, each of these distinct-looking
definitions has seen fruitful algorithmic applications, giving rise to algorithms based on the decay
of correlations [Wei06], the absence of zeros [Bar16], and the direct simulation of Glauber dynamics.
Numerous efforts have been made to understand the relationship between these three definitions and
their relative strengths. For amenable graphs such as lattices, Dobrushin and Shlosman [DS85, DS87]
studied the first two types in the form of complete analyticity and showed that they are equivalent.
Stroock and Zegarlinski [SZ92] showed the equivalence of all three types via log-Sobolev inequalities.
These analyses crucially rely on the amenability of the lattices.

In more general settings, Barvinok [Bar19] posed an open question concerning establishing the ab-
sence of zeros from the analysis of any rapidly mixing Markov chain. A key challenge, as pointed out
by Barvinok, is that while an inverse polynomial spectral gap is sufficient to prove the rapid mixing
of Markov chains, a constant radius of zero-free region is often desired for practical applications. Un-
til now, little progress has been made in this specific direction. In contrast, the other direction has
seen more success. Assuming decay of correlation in the form of contraction, the absence of zeros
follows from the contraction method [PR19, LSS19, SS19]. Furthermore, [ALO20, CLV20] showed that
contraction also implies rapid mixing of Glauber dynamics. Additionally, the absence of zeros has
been shown to imply the decay of correlations (in the form of strong spatial mixing) for self-reducible
problems [Gam23, Reg23] and to imply rapid mixing of Glauber dynamics [AASV21, CLV21] through a
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different form of correlation decay known as bounded total influence. Moreover, rapid mixing is known
to imply spectral independence [AJK*24], which can be seen as a form of bounded correlations.
We give a rough summary of the state-of-the-art in Figure 1.

zero-freeness

[AASV21, CLV21]

[PR19, LSS19, $S19]

[AJK*24]

[decay of correlations]

1\//

[ALO20, CLV20]

FIGURE 1. A rough summary of connections between three types of phase transitions.
We do not distinguish the exact form of phase transitions within each type.

1.1. Hypergraph independence polynomial. Our motivating example is the independence polyno-
mial on a k-uniform hypergraph. Given a hypergraph H = (V, E), we say that H is k-uniform if every
hyperedge e € & has size |e| = k. The maximum degree A is the maximum number of hyperedges
incident to a vertex. An independent set in H is a subset S C V of vertices that does not contain any
e € E, that is, every hyperedge ¢ must have at least one endpoint not chosen by S. We use o € {0, 1}"
to indicate the set S, meaning that o(v) = 1 iff v € S. Let 7 (H) denote the set of independent sets in
H. Then, the independence polynomial of H is a generating polynomial in the variables A:

Zu(d) = Z ]_[ .

oel(H)v:o(v)=1

When k = 2, this is the standard independence polynomial, which has been studied in many branches
of mathematics, physics, and computer science. To name a few, Shearer [She85] obtained instance-
optimal sufficient criterion in Lovasz local lemma using the largest root of the independence polyno-
mial; a tight runtime analysis of the celebrated Moser-Tardos algorithm for the algorithmic Lovasz
local lemma is characterized by the independence polynomial [KS11]; independence polynomial is
also known as the hardcore model for equilibrium of lattice-gas in statistical physics [SS03]; it is also
the first example where a sharp computational complexity of approximate counting and sampling is
known [Wei06, Sly10]. We will refer to the complex zeros of the independence polynomial in A as
Lee-Yang zeros, as A’s are playing the role of external fields here. Henceforth, we denote the above
polynomial by Zg(/l).

Scott and Sokal also proposed a soft-core version of independence polynomial [SS03], with which
they derived a weak dependency version of the local lemma. This inspired us to study a soft-core
independence polynomial parameterized by the interactions:

zzB=>. ] s

ScVeecS

Intuitively, for every hyperedge e completely contained in a set S, we assign a “penalty” 8, for violating
the “hard-core” constraint. Zeros in the interaction parameter are also known as Fisher zeros [Fis65].
Compared to Lee-Yang zeros that have been extensively studied, general results for Fisher zeros have
been limited until the recent introduction of contraction method [PR19, LSS19, SS19]. However, these
contraction methods crucially rely on a self-avoiding walk construction, which breaks up the unifor-
mity of hypergraphs and is therefore ill-suited for our purpose.

The point 4 = 1in Zg (A) and the point 8 = 0 in Zf,j (B) are of particular interests, as they correspond
to the uniform enumeration of independent sets. This is a prominent example of models where the
known regime of zero-freeness, corresponding to an algebraic phase transition, has significantly lagged
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behind the known regime where efficient algorithms are available. As one of the early examples where
approximate counting and sampling algorithms were devised for a constraint satisfaction problem
under a local lemma type condition, [HSZ19] showed that the Glauber dynamics on independent sets
of k-uniform hypergraph mixes rapidly provided the maximum degree A < 2¥/2, and this is matched,
up to the leading constants, by an earlier NP-hardness result for A > 2k/2 in [BGG*19]. Since then,
several developments have followed suit, including perfect samplers [HSW21, QWZ22] and a local
sampler [FGW*23], all within similar regimes, albeit with poly(k) factors. Remarkably, the latter can
be derandomized to yield a deterministic approximate counting algorithm.

For zero-freeness results, however, progress has lagged significantly despite numerous efforts. While
there is a rich literature on models with pairwise interactions, understanding of the more physically
relevant regime involving higher-order interactions remains limited, and techniques for locating com-
plex zeros for higher-order interactions are less developed. Only recently, Galvin, McKinley, Perkins,
Sarantis and Tetali [GMP™*24] established the existence of a zero-free disk for A centered at the origin
with radius ~ GLA for hypergraphs of maximum degree A. Later, Bencs and Buys [BB23] improved this
result to match Shearer’s bound for the independence polynomial on graphs. For zero-freeness in a
complex neighborhood around the positive real axis, it implicitly follows from the lifting paradigm
of [LSS19, SS19] applied to the contraction method of [LL15, LYZ16], that zero-freeness holds around
A =1for A < 5. This is also carried out more explicitly by [LX21, BB23]. Despite these advances, a sig-
nificant gap remains compared to the algorithmic transition, which holds up to A < 2%/2. Essentially,
existing techniques for proving zero-freeness are insufficient to exploit the uniformity of hyperedges.

1.2. Our contributions. We demonstrate how one can establish the absence of complex zeros through
a powerful probabilistic tool in the analysis of Markov chains: percolation applied to a complex exten-
sion of Markov chains. We show zero-free regions for both the Lee-Yang zeros of Zg (4), and the Fisher

zeros of Z)fs (B), in regimes that match the algorithmic transition of A < 2%/2 up to poly(k) factors. We
also show convergence of a systematic scan Glauber dynamics with complex transition weights in the
same regime. To the best of our knowledge, this is the first such result for a complex dynamics.

Theorem 1.1 (Lee-Yang zeros of hypergraph independence polynomial). Fix k > 2 and A > 3. Let
0<e< 9]<5+A2’ and let [0, A ) be the real segment such that the following holds for all 2 € [0, . ¢):

Ave \P 1
(1+/l—s) 2V2eAk?
Let D, be the union of £-balls around the segment given by D, = {z € C | 3A € [0, ¢ ;) s.t. |z — 4| < &}.
Then, for any k-uniform hypergraph H = (V, &) with maximum degree A, the partition function Zg(/l)
is non-zero for all A € DY, i.e. YA € DY, ZZ(/I) # 0.

As a corollary, there is no phase transition in A € [0, 1] up till the “algorithmic transition” at A <
ok/2,

Corollary 1.2. Let 6 > 0, k > 2 and A > 3 be constants with A < 2‘1/5_3(2 .25, For any k-uniform

hypergraph H = (V, E) with maximum degree A, Zg (A) # 0 around an open strip containing [0, 1].

This is a significant improvement on [GMP*24] for k-uniform hypergraphs.
We also prove a Fisher zero-free region.

Theorem 1.3 (Fisher zeros of hypergraph independence polynomial). Fix k > 2 and A > 3. Let
D<ex< m and D, ={z e C| 3B € [0,1] s.t. |z— B| < &} be the union of e-balls around [0, 1].
If the following condition holds:
1
V14282792 ¢ ———
2V2eA(k + 1)2

then for any k-uniform hypergraph H = (V, &) with maximum degree A, the partition function Zf,j (B)
is non-zero for all B € D&, i.e. VB € DY, Z%(B) # 0.
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Remark 1.4 (implications for deterministic counting). FPTASes for the partition functions ZZ(/I)
and Zlf,j (B) can be derived from the above zero-freeness results by applying Barvionk’s interpolation
method [Bar16, PR17, LSS17]. The cumulants, such as the average size and variance of a random inde-
pendent set, can also be approximated through a similar interpolation [JPSS22]. We note that in the
regime of Theorem 1.1 specifically at the point A = 1 (or in the regime of Theorem 1.3 at the point 8 = 0),
an FPTAS for the partition function that counts the number of independent sets in the hypergraph H
has already been found in [FGW*23], utilizing a different approach based on derandomization. How-
ever, as showcased by the following examples, zero-freeness have much broader applications beyond
deterministic approximation of partition functions.

Through the well-known connection between central limit theorems and the zero-freeness of uni-
variate polynomials [LPRS16, MS19, JPSS22], we derive central limit theorems for hypergraph indepen-

dent sets. We consider the Gibbs measure ug ) associated with Zg(/l), defined as follows:

1
A I(H), = Ay.
o eI(H), pua(o) 70 [

vio(v)=1

The measure ug a can be analytically continued to the complex plane through a connected zero-free
region, that is, regions where Zg(/l) # 0. Our multivariate zero-freeness for the hypergraph indepen-
dence polynomial is especially powerful. In principle, one can derive a central limit theorem for any
univariate projection of the polynomial. We demonstrate a natural example by giving a quantitative
central limit theorem (also known as Berry-Esseen inequality) for the size of a random independent set,
drawn from the Gibbs measure of hypergraph independent sets. Our new zero-free region and central
limit theorem (CLT) can be lifted to a local CLT as in [JPSS22]. We defer the proof to Appendix A.

Theorem 1.5 (Central limit theorem for hypergraph independent sets). Fix k > 2 and A > 3. Let H =

(V, &) be a k-uniform hypergraph with maximum degree A. Let n = |V|. Fixanyd > 0, & € (0, 9165%9 .

Let A . be defined as in Theorem 1.1. For any A € (0,A¢ ¢, let I ~ pp 2, and define X = |1|, i = E[X]
and 0% = Var[X]. Then we have 02 = @y 5 . (An) and

logn
sup PL(X = /0 < 11~ FIZ < 1)l = Opne (2.
teR \/ﬁ
where Z ~ N(0,1) is a standard Gaussian random variable.

Furthermore, let N (x) = e_x2/2/\/2ﬂ denote the density of the standard normal distribution, we have

( . ((logn)5/2 1 0'2k(logn)2))
min | ———, — + ————|].

sup|P[X=t] —0'_1N((f—/j)/0')|:0k,A,8 o2 o2 k-1

teZ
As a side note, while there is rich literature on Markov chain central limit theorems (CLT), these
do not seem to apply to our context. Specifically, our CLT crucially captures the unimodality of the
stationary distribution itself, while Markov chain CLT concerns the sum of samples generated by a
Markov chain, and does not seem to distinguish between unimodal and multimodal distributions. Log-
Sobolev type inequalities (LSI), if available, would also give concentration tail estimates. But the recent
spectral independence framework for establishing LSI for Markov chains requires arbitrary pinnings,
which breaks the uniformity of hyperedges.
Inspired by [JPSS22], we give an FPTAS based on zero-freeness and local CLT, to approximate the
number of hypergraph independent sets of size ¢. The proofs are deferred to Appendix B.

Theorem 1.6. Fixk > 2, A > 3. Let H = (V,E) be a k-uniform hypergraph with maximum degree A
andn = |V|. Let &, A., o be defined as in Theorem 1.1. There exists a deterministic algorithm which, on

_ 1
1+2c, ¢

input H, an integer 1 <t <n (1 . (1 + 4eik3)), and an error parameter n € (0, 1), outputs an

n-relative approximation to the number of hypergraph independent sets of size t in time (n/n)P%r=(1)
A consequence of the Perron-Frobenius theorem for nonnegative matrices is that any ergodic Markov

chain converges to a unique stationary distribution. However, the convergence behavior for complex
4



transition matrices is much less understood. Central to our analysis is the systematic scan Glauber
dynamics with complex transition weights (see Definition 3.2 for a formal definition).
We show that it converges to the stationary measure in the same regime of Theorem 1.1.

Theorem 1.7 (Convergence of systematic scan Glauber dynamics with complex transitions). Under
the condition of Theorem 1.1, the systematic scan Glauber dynamics for the complex measure associated

with the independence polynomial Zg(/l) converges.

1.3. Technical overview. A few challenges arise when trying to locate complex zeros through a
percolation-type argument. To extend the notion of probability measures to the complex plane, one
can formally define complex normalized measures as ratios between partition functions. However, a
generalization of statements such as “stochastically dominated by a sub-critical branching process” for
complex measures appears very challenging. In particular, the monotonicity of probability measures
crucially relies on the non-negativity axiom. Our key observation is that a factorization property,
which arises in decomposing the Glauber dynamics, can be translated to the complex plane.

Our starting point for locating complex zeros of Zg (4) is an induction on marginal measures. This
approach is implicit in the Lee-Yang theorem and the Asano-Ruelle lemma [LY52, Asa70, Rue71], and is
applied more explicitly in the contraction method [PR19, LSS19, SS19]. We give a quick review below.

1.3.1. Locating complex zeros through marginal measures. Here we use the standard edge-wise self-
reducibility, consider a hypergraph H = (V, &) with & = {e1, ea,..., ey}, and let H; = (V, &;) where

&Ei ={ei, ea, ..., e;}. We write the partition function as: Zy = Zg, [, ZHH‘ . To establish Zg # 0, it
i-1
Zu,

# O asitis clear that Zy, # 0. The ratio 7o
i-1 i-1
which we explain in the context of hypergraph independence polynomial. A hypergraph independent

Zu.
suffices to show ——
H

corresponds to a marginal measure,

Zn,
set o in H;_1 is an independent set in H; if and only if o, # 1¥. Thus, ZHF_'; =1-pup, , (o =1%),

where up, | is the measure associated with Zy, |. Then, one can set up an induction on i: assuming
that Zy, | # 0, one shows that the marginal measure up, | (O'e,- = 1") # 1, this implies Zy, # 0.

1.3.2. Marginal measures through information percolation on complex Markov chains. Our departure
from previous works on the absence of zeros is that we introduce a systematic scan Glauber dynamics
to analyze the marginal measures. Introducing Glauber dynamics is crucial in bypassing a barrier to
a better zero-free region for the hypergraph independence polynomial: strong spatial mixing does not
hold, and a computational tree construction does not preserve the uniformity of hyperedges.

Given a measure pg 2, Glauber dynamics is a canonical way of constructing a Markov chain with
stationary measure p g 4. In particular, the transition matrix of the Glauber dynamics, denoted by P,
can also be analytically continued to the complex plane through a connected zero-free region as pi g, is
well-defined. In particular, ug , is a left eigenvector for P, with eigenvalue 1. The analysis of Markov
chains for A € R mainly concerns the spectral gap of P,, but the spectral gap usually tends to zero as
n goes to infinity (in the thermodynamics limit). Instead of attempting a complex extension of spectral
theory, we work with the marginal measures generated by powers of the transition matrix P,.

To get a handle on the marginal measures, we take inspirations from the decomposition of Glauber
dynamics that arises in information percolation arguments for Markov chains [LS16, HSZ19, HSW21,
QWZ22, FGW™23]. In these applications, one starts by formulating the Markov chain on a space-time
slab (also known as a witness graph) so that updates, when viewed backward in time, behave like a
subcritical percolation. To do so, each step of the dynamics is decomposed into an oblivious update part,
which updates a site independent of its neighbors, and an adaptive (non-oblivious) part in which one
tries to make up the correct transition probability. By revealing the randomness used in these updates
backward in time, we either continue the revealing process due to an adaptive update or terminate it
upon encountering an oblivious update. Previously, this percolation argument has primarily been used
to bound the mixing rates of classical Markov chains [LS16, HSZ19] and to analyze the time required
for coalescence in grand coupling processes, such as coupling from the past (CFTP) [HSW21, QWZ22]
and its variant, coupling towards the past (CTTP) [FGW*23].

Our idea is to interpret a decomposition of Glauber dynamics as implicitly a decomposition of the
transition matrix P,, also into an oblivious part and an adaptive part. Say we “initialize” the Glauber
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dynamics with a complex measure y, viewed as a row vector, and we consider the measure generated
by T steps of Glauber dynamics, which is the vector-matrix product ,uPI. By expanding this summa-
tion, one can see that, upon encountering an oblivious part, the contribution to the sum “factorizes”.
In fact, the result of uPI formally corresponds to summing over walks of length T over a space-time
slab, where each node is weighted by the corresponding entry in the transition matrix. And the factor-
ization is what leads us to define “independence” for complex measures, which effectively allows us to
“terminate the percolation” just as in a standard argument. Central to our analysis is to show that, after
running the dynamics for sufficiently long, we can use the “oblivious updates” as a certificate/witness
for the measure of any event, in the sense that these witness sequences dominate the complex measure
,uPI. This is formalized as Condition 3.10. These oblivious updates themselves are much easier to
analyze as they correspond to a product of complex measures.

By identifying the measure generated by uPZ as contributions from an information percolation on
a space-time slab (formally defined as witness graphs in Definition 4.4) , we introduce several dynamics-
related quantities — bad vertices, bad components, bad trees (Definition 4.6) — to trace the information
percolation process (formally through Lemmas 4.7, 4.9 and 4.11). Then, we express the measure of any
configuration by these quantities. When the information percolation process terminates quickly (in the
sense of Condition 3.10), we can control the marginal measure using a product of complex measures.

1.3.3. Convergence of the complex systematic scan Glauber dynamics. The convergence of Markov chains
in the real case is well understood thanks to the Perron-Frobenius theory and the coupling method. It
is unclear what the right generalizations to the complex plane should be. Using the information perco-
lation framework, we categorize the percolation processes as follows:

(1) processes that terminate before reaching the starting time (Lemma 4.7);
(2) processes that do not terminate before reaching the starting time (Lemma 4.11).

To establish convergence, it suffices to show that the contributions from type (2) processes diminish
to zero. Unlike standard percolation theory where the existence of limits are guaranteed by monotone
events, we have to give non-asymptotic bounds before taking an appropriate limit (see Lemma 4.11).
Combined, this allows us to show that the measure of any event is dominated by witness sequences
(Condition 3.10), and we give a proof of convergence in Lemma 3.11.

2. PRELIMINARIES AND NOTATIONS

2.1. Complex normalized measures. Our technique involves dealing with complex measures, so
we provide some measure theory basics for our presentation.

Let y : Q — C be a complex measure over a measurable space (Q, ), where Q is a finite set and
elements in 7 are called events. The support of u is defined as supp(u) = {x € Q | u(x) # 0}. We say
u is normalized if Y, p(w) = 1. The measure on A € F is given by pu(A) = 3 ,ca g(w). Similar to

we
probability, for any event A € ¥ with u(A) # 0, we can define the conditional measure of y on A as a

restricted measure u(- | A) over the measure space (Q,74) where ¥4 = {BN A : B € ¥} such that
for any B € F,
u(s | )= £EOLA
u(A)

Note that the conditional measure u(- | A) is always normalized when well-defined.

We say that two events A1, Ay € F are independent if and only if, (A1 N Ag) = u(Aq) - u(Asz).

More generally, for a finite sequence of events A1, As, ... A, € F, we say they are mutually inde-
pendent if and only if, for any finite subset I C {1,2,...,m}, it holds that

ﬂ A,.) = n,u(Ai).

iel iel

u

For a finite sequence of events Ay, Aa, ..., A, € F we say that they are mutually disjoint if for any
i#j,A;NA; = 0. We also define the law of total measure. Let A1, Ag, ..., A,, € F be afinite sequence
of mutually disjoint events and let [ JI; A; = Q. Then for any B € ¥, we have that,
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u(B)= ) u(BNA).
i=1

2.2. Graphical model and complex zeros. Let H = (V,&) be a hypergraph, where each vertex
v € V represents a random variable that takes its value from a finite domain [¢g] = {1,2,...,¢} and
each hyperedge e € & represents a local constraint on the set of variables e C V. For eachv € V,
there is a function ¢, : [g] — C that expresses vertex activity (external fields), and for each e € &,
there is a function ¢, : [¢]® — C that expresses (hyper)edge activity (nearest-neighbor interactions). A
graphical model is specified by the tuple G = (H, (¢y)vev, (¢e)ecs), namely the hypergraph associated
with the family of vertex and edge activities. For each configuration o € [¢]V, define its weight by

Wg(O') = 1_[ ¢v(0-v) 1_[ ¢e(0'e)-
veV ec&
Then the partition function Zg of the graphical model G is given by
Z=27Zg = Z wg (o).

oelqlV

We study the complex zeros of the partition function Z of the graphical model in the following
aspects:
e with respect to the vertex activities (¢, ),ev, also known as Lee-Yang zeros;
e with respect to the edge activities (¢, ).es, also known as Fisher zeros.
When the partition function Zg is non-zero, we can naturally associate it with a complex normalized
measure u = ug, called the Gibbs measure, defined on the measurable space ([¢]", Q[q]v), where
w(o)
Vo e [q]”, wp(o)= —
5
1% over A, we say o is feasible if
1A, we use ,ug to denote the

For any subset of variables A C V and a partial restriction o € [g
its measure is non-zero. For any disjoint S, A C V and any feasible o € [g
marginal measure induced by u on S conditioned on o, i.e.,

H(Xs =7 | Xpr=0)

S
: ()

Vrelql®, ug(r)=

2.3. Glauber dynamics: random scan and systematic scan. We need to work with a systematic
scan variant of the Glauber dynamics, which is a fundamental Markov chain for high-dimensional
measures. We recall the definitions here. Let u be a distribution over [¢]Y, with V = {v{,va,...,v,}.
The Glauber dynamics is a canonical construction of Markov chains with stationary distribution u.
Starting from an initial state Xo € [¢]" with u(Xg) > 0, the chain proceeds as follows at each step :

e pick a variable v € V uniformly at random and set X, (u) = X;_1(u) for all u # v;

e update X;(v) by sampling from the distribution p b

The systematic scan Glauber dynamics is a variant of Glauber dynamics that, instead of updating a
variable at random, one updates them in a canonical order. Specifically, at each step ¢, we choose the
variable v = v;(;), where

(1) i(t) = (¢t modn)+1.

Then X;_1 is updated to X; using the same rule as in Glauber dynamics, based on the chosen v.

The Glauber dynamics is well known to be both aperiodic and reversible with respect to u. The
systematic scan Glauber dynamics is not time-homogeneous, as variables are accessed in a cyclic order.
However, by bundling n consecutive updates, we obtain a time-homogeneous Markov chain that is

aperiodic and reversible.
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2.4. 2-tree. We also need the notion of 2-trees [Alo91]. Given a graph G = (V, E), its square graph
G? = (V, E») has the same vertex set, while an edge (u,v) € Eg ifand only if 1 < distg (u,v) < 2.

Definition 2.1 (2-tree). Let G = (V, E) be a graph. A set of vertices T C V is called a 2-tree of G, if
e forany u,v € T, distg(u,v) > 2, and
e T is connected on G2.

Intuitively, a 2-tree is an independent set that does not spread far away. We can construct a large
2-tree in any connected graph as follows.

Definition 2.2 (construction of a maximal 2-tree in a connected graph [JPV21, Lemma 4.5]). Let G =
(V, E) be a connected graph of maximum degree D and v € V. We can deterministically construct a
2-tree T of V containing v such that |T| > [ |V|/(D + 1)] as follows:

e order the vertices in V in lexicographical order. Start with 7 = {v} and U = V \ N*(v), where
N*WENWV)U{ptand NWw) 2 {ueV | (u,v) € E};

e repeat until U = 0: let u be the vertex in U with the smallest distance to 7', with ties broken by
the orderonV.SetT « T U{u} andU « U\ N*(v).

The following two lemmas bound the number of subtrees and 2-trees of a certain size containing a
given vertex, respectively.

Lemma 2.3 ([BCKL13, Lemma 2.1],[FGYZ21, Corollary 5.7]). LetG = (V, E) be a graph with maximum

k-1
degree D, andv € V be a vertex. The number of subtrees in G of size k > 2 containing v is at most %,

2\k-1
and the number of 2-trees in G of size k > 2 containing v is at most %

3. CONVERGENCE OF COMPLEX MARKOV CHAINS

In this section, we present our framework for establishing new zero-free regions for certain polyno-
mials under local lemma conditions, as well as for proving the convergence of complex Markov chains.
We begin by defining a complex Markov chain: the complex systematic scan Glauber dynamics. Then,
our proof is carried out by lifting the information percolation argument, a powerful technique com-
monly used to prove the rapid mixing of Markov chains [HSZ19, HSW21, QWZ22, FGW*23], to the
complex plane. Both zero-freeness and convergences are intrinsically related to bounding the marginal
measures, which can be interpreted as limiting the “randomness” of the Markov chain. We show that if
transition measures can be decomposed (as captured by Definition 3.7) we can apply a complex variant
of the information percolation argument to effectively bound the norm of the marginal measures.

3.1. Complex extensions of Markov chains.

3.1.1. Complex Markov chain. We first define complex-valued transition matrices on a finite state space.
Let Q be a finite state space. We say P € C®*? is a complex-valued transition matrix if

Vo € Q, Z P(o,1)=1,
TEQ
which is a direct extension of the classical row-stochastic matrix.

Fix T > 1. For a measurable space (Q,F) with finite Q, we write Q7 for the Cartesian prod-
uct, and F7 for the product o-algebra. Let B be a complex normalized measure on (Q7, 77) and
let X1, X5, ..., X7 be a sequence of measurable functions taking values over Q following the mea-
sure . The sequence (X,)tT:1 is said to be a T-step discrete-time complex Markov chain if there exists
a complex-valued transition matrix P € C2%Q guch that for any 1 < j < T and any x1,X2,...,X; € ,

PXj=x; | X1 =x1, X2 =x2,..., X1 =xj-1) = PB(X; =x; | Xj—1 = xj-1) = P(xj-1,%)),
We often use P to refer to the corresponding Markov chain. For a complex normalized measure
v € C2 on Q, the measure vP obtained via a one-step transition of the Markov chain from v is given
by
VeeQ  (vP)(x) = ) v(y)P(,x).

yeQ
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A complex normalized measure 7 over Q is a stationary measure of P if 1 = 7 P. It is important to note
that for a generic complex row-stochastic matrices P, it may not have a stationary measure', and even
if it does, it may not be unique.

Next, we define the convergence of the Markov chains with complex-valued transition matrices.

Definition 3.1 (convergence of the complex Markov chains). A Markov chain with a complex-valued
transition matrix P and state space € is said to be convergent if, for any two complex normalized
measures u and u* over €, it holds that

lim |uP" - P'| = 0.

T—o00 |M K |1
3.1.2. Complex Glauber dynamics. We introduce a complex extension of systematic scan Glauber dy-
namics for complex normalized measures. We do so through two equivalent viewpoints: formulating
the transition matrices with complex transition weights, and also a dynamics-based formulation. The
latter is more convenient for our analysis, and we note that the two are equivalent in the sense that
they eventually generate the same complex normalized measures.

Definition 3.2 (Complex extension of systematic scan Glauber dynamics). Let u € cl9l” be a com-
plex normalized measure. The complex systematic scan Glauber dynamics for the target measure y is
defined by a sequence of complex-valued transition matrices P, € C** fort > 1, where with v = v;(
(and i(¢) is as defined in (1)), the transition matrix P; is defined as

p N uf(v\{‘}})(‘r‘,) iftVu #v,0, =1y,
((o,7) = 0

otherwise.
Starting from an initial state 7 € supp(u), the complex Markov chain generates an induced complex

measure [, € Cl91” which we define next. At time ¢ = 0, we define uo(t) =1 and po(o) = 0 for all
o € [q]V \ {r}, and for t > 1, we define y; = p;_1P;.

Remark 3.3 (well-definedness of the complex systematic scan Glauber dynamics). The complex sys-
tematic scan Glauber dynamics, as defined in Definition 3.2, is well-defined as long as the conditional
measures i, VYD are well-defined for each o € supp(u) and every v € V. Then, the induced

complex measures y, remain normalized at any time.

We now present the dynamics-based formulation of the complex systematic scan Glauber dynamics
in Algorithm 1. Recall that the dynamics have a stationary measure g, an initial starting state 7, and
we denote the associated induced complex measure by ,u(;’e. For technical convenience, we shift the
timeline of the dynamics so that we are starting with a state o_7 and the final state is o

Algorithm 1: Complex systematic scan Glauber dynamics

Input: An arbitrary initial configuration 7 € supp(u) C [¢]" and an integer T > 1.
1 Seto_7 « T;
2 fort=-T+1,-T+2,...,0do

3 let 0 < 0y_1 and v < v;(;), where i(t) = (+ mod |V]) +1;
4 let ¢, follow the conditional measure yﬁ"-l("\{v”;

(5]

update oy (v) « ¢y;

Remark 3.4. It is important to emphasize that Algorithm 1 (as well as Algorithms 2 and 3, which
are introduced later) is not meant to be an efficient algorithm for sampling from a complex measure.
Rather, the “algorithms” described in this paper serve as analytical tools for establishing zero-freeness.

"While there is a left-eigenvector with eigenvalue 1, it can sum up to 0, and cannot be normalized to a complex measure.
This is also the main reason why convergence alone does not imply zero-freeness, as we need to rule out the possibility of
converging to an eigenvector that cannot be normalized.
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When we state “let ¢ follow a complex normalized measure u” or “c is drawn from a complex normal-
ized measure u”, we mean that the measure of ¢ is the same as u. This statement is conceptual rather
than operational; we do not attempt to explicitly generate samples during runtime. Any subsequent
operation on ¢ should be understood as a transformation applied to the complex normalized measure
of c. It is worth noting that any finite segment of the complex measures is computable on a determin-
istic Turing machine in exponential time, provided all the involved measures can be described using
Gaussian rational numbers. This can be achieved by explicitly enumerating all outcomes of the process.

Remark 3.5. It is straightforward to verify that the processes described in Definition 3.2 and Algo-
rithm 1 are essentially equivalent in the following sense: for any 7* € supp(u), we have u?’D (oy =

7*) = o (77) for all =T < ¢ < 0. This can be routinely verified through induction on 7.

T

In general, we lack convergence theorems for Markov chains with complex-valued transition ma-
trices in the literature, so we cannot immediately assert whether the complex measure after T' steps
converges to the target measure u as T — oo. However, we can consider a complex process initialized
with the stationary measure u.

Definition 3.6 (stationary systematic scan Glauber dynamics). Consider the process defined in Algo-
rithm 1, but now with the initial state o_r following the measure u. We call this modified process the
T-step stationary systematic scan Glauber dynamics, and denote its induced measure as M?D.

It is straightforward to verify that for all # € [-T, 0], the measure induced on ¢; under ,u(;’D pre-
cisely follows the measure u. Definition 3.6 will play an essential intermediate role in our proof of the
convergence of Glauber dynamics. Note that the measure p?D is a linear combination of the measures
,u%% over all starting states o € supp(u). Later, by comparing with the stationary process in Defini-
tion 3.6, we will identify a sufficient condition (Condition 3.10) and prove (in Lemma 3.11) that, under
this condition, the Glauber dynamics starting from any initial state converges to a unique limiting
measure, which is precisely the stationary measure u.

3.2. Decomposition of transition measure. Inspired by the information percolation approach for
the real case, we consider the decomposition of the transition measure for a complex Markov chain.
Specifically, in the context of complex systematic scan Glauber dynamics, each transition measure
can be decomposed into two parts: an oblivious part, where the transition does not depend on the
current configuration; and an adaptive part, where the transition measure depends on the current
configuration. This leads to the following formal definition of a decomposition scheme.

Definition 3.7 (decomposition scheme). Let u € clal” be a complex normalized measure. For each
v € V, we associate a complex normalized complex measure b,, : [g] U{L} — C,andletb = (b,)yev.

We define the b-decomposition scheme on y as follows. For each v € V and each feasible 7 €
[¢]V\"} (meaning that 7 can be extended to a o € supp(u)), we define the measure uj ™" as

L HE(0) = by(0)

Veelgl, uit() £ s

Then, the marginal measure y;, can be decomposed as:

) Ve e lql,  py(e) =by(c) +by(L) - py(e),

where we assume the convention 0 - co = 0 to ensure that (2) still holds when b,,(L) = 0.

Remark 3.8. Intuitively, for each v € V, the measure b, serves as a “baseline measure” for all tran-
sition measures y at v. Ideally, b, should be re-normalized from the lower envelope of all transition
measures u conditioned on an arbitrary feasible 7 € [¢]"\{"}, making it oblivious to the boundary
condition 7. In contrast, the measure u}’* captures the “excess” of u7 over this lower envelop, adapt-
ing to the boundary 7. It can be verified that as long as each marginal measure y is well-defined, the
decomposition in (2) is always well-defined.

With this decomposition scheme, the complex systematic scan Glauber dynamics described in Algo-
rithm 1 can be reinterpreted as the process in Algorithm 2. We denote its induced measure as p?lz b
10



By equation (2), it is straightforward to verify that :“?]2 p(0r =) = y?’?(o-t = -). Similarly, as in

Definition 3.6, we also consider the b-decomposed stationary systematic scan Glauber dynamics, and
denote its induced measure as ,u?]z.

Algorithm 2: b-decomposed complex systematic scan Glauber dynamics

Input: An arbitrary initial configuration 7 € supp(u) C [¢]" and an integer T > 1.

1 Seto_r « T,

2 fort=-T+1,-T+2,...,0do

3 let 0 < 0y_1 and v < v;(;), where i(t) = (+ mod |V]) +1;
4 let r; follow the measure b,;

5 if r; # L then

6 | let ¢; « 7y

7 else

8 L let ¢; follow the measure uJ"";

9 update oy (v) « cy;

This decomposition of Markov chain transitions is a complex extension of similar decompositions
based on unconditional marginal lower bounds in the real case [AJ22, HWY22, FGW*23].

The purpose of this decomposition of transition measures is to determine each update’s outcome
without relying on knowledge of the current configuration. By carefully selecting the baseline com-
plex measures b, this approach allows us to infer the outcome of Glauber dynamics in the following
scenarios:

o Infer the final outcome o of the chain without knowing the initial configuration o_7 as T —
oo, showing convergence of the complex Glauber dynamics.

e Infer oy(v) in the complex Glauber dynamics, through independent measurable functions r,
following the baseline measures b, which enables the application of information percolation
analysis to bound marginal measures and establish zero-freeness.

3.3. Convergence of systematic scan Glauber dynamics. We now formalize the above arguments.
We first define the situations in which a realization p of r = (r,)?:_T 1> @S used in Algorithm 2, can
certify the induced measure over the occurrence of a particular event regarding the final outcome oy,
regardless of what the initial state is.

Definition 3.9 (witness sequence). Fix T > 1. Let b = (b)), ey be a collection of complex normalized
measures. Consider a b-decomposed complex systematic scan Glauber dynamics as in Algorithm 2.
For any event A C [¢g]V, we say a sequence p = (,ot)?:_T+1 € ([q] U {L}T is a witness sequence with
respect to A if

] \%

Vo,relql”, ufh (coeAlr=p)=u3?, (coeAlr=p),

denoted as p = A. Otherwise, we denote p = A.

The following is a sufficient condition for the convergence of the complex systematic scan Glauber
dynamics.

Condition 3.10 (a sufficient condition for convergence). Assuming the systematic scan Glauber dy-
namics in Algorithm 3 is well-defined”, there exists a sequence of sets { B(T) }rs such that foreachT > 1,
B(T) € ([q) U {L})T satisfies the following conditions for all configurations T € [q]V:

e Forall p = {7}, it holds p € B(T); thus, B(T) contains all non-witness sequences for {t}.

2Recall that for the Glauber dynamics to be well-defined, the measure u must also be well-defined, which requires the

partition function to be non-zero. This may seem odd, as Condition 3.10 will be used to imply the convergence of the Glauber

dynamics, which, in turn, will be used to establish the zero-freeness of the partition function. However, as explained in the

technical overview (Section 1.3.1), this implication will be carried out as an inductive argument that avoids circular reasoning.
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e For any initial configuration o € supp(u), the following limit exists and satisfies:

m| > ug (r=p)-ufD (oo=1|r=p)=0.
“lpeB(T)

By the law of total measure, Condition 3.10 translates to:
(3) ‘,u%%’b (co=TAre B(T))‘ —0 asT — oo.

Ideally, for each individual sample 7 € [¢]", we are concerned with the set of all non-witnesses for

the event {7}, and want to establish that ’p?% p (C0=TATr=» {T})‘ — 0as T — oo. Instead, Condi-

tion 3.10 guarantees the existence of B(T') of non-witnesses for every T with respect to any elementary
event {7}. We note that although complex measures may not be monotone, this condition suffices as
it effectively reduces to reasoning about a product measure on witness sequences.

The sufficiency of Condition 3.10 is formalized by the following lemma.

Lemma 3.11 (convergence of complex systematic scan Glauber dynamics). Assume that there exists
a b-decomposition scheme such that Condition 3.10 holds. Then, the complex systematic scan Glauber
dynamics converges to u as T — oo, starting from any initial configuration o € supp(u).

Proof. Recall that applying the b-decomposition scheme does not affect the induced measure on oy.
We claim that for any two initial configurations o, o’ € supp(u), the following always holds:

() vrelqlV, Jim [ufh (o0 =1) - u§0, , (00 = )| =0

Assuming (4), we compare the chain ,u?% , starting from an arbitrary initial state o € supp(u) with
the stationary chain (Definition 3.6). By the triangle inequality,

W (0= 1) — (@] = [ o= = Y (oD (00 =1)
o’ esupp(p)
< 3 @)D, (oo =) - u§D, (o =1)|.

o’ esupp(p)

According to (4), as T — oo, the right-hand side approaches 0. Thus, the complex systematic scan
Glauber dynamics converges to u.

We then complete the proof by establishing (4). For any T > 1, let B(T) C ([¢] U {L})” be the set
of non-witness sequences satisfying Condition 3.10. For any 7 € [¢]V, we have:

tim [, (0 = 7) = u§2, , (00 = 7)|

T—co

() =lim D, Hies(r=p) (#To—b(fft):Tlr—p) MTUb(O'():TIr—p))
pe([q10{L)T

(4) :71520 Z ﬂTo—b(r:p)‘(ﬂ%]?f’b(O'o:T|r=p)—,u%2_,,b(0'0:7-|r:p))
peB(T)

(m) <0,

which implies (4). Here, the (%) inequality follows from the law of total measure, along with the
observation that ,u?% » (r = p) does not depend on o. The (4) equality follows from Definition 3.9
and that all p € ([¢] U {1})T \ B(T) satisfy p = {r}. The (m) inequality follows from the triangle

inequality and Condition 3.10. This completes the proof. O
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3.4. Bounding the marginal measures. Assume Condition 3.10. We now explain how to bound the
marginal measure of an event A C [¢]V. For any T > 1. Let S be the set of sequences p = (pi)?:_n1
where each p; € [¢] U {L}. Note that Condition 3.10 immediately implies that there is a set B(T) C
([g] U {1} such that for any event A C [¢]", and for any p ¢ B(T), it holds that p = A. Consider
the stationary systematic scan Glauber dynamics (Definition 3.6), for any event A C [g]Y, by the
triangle inequality,

k@l=| > w@| Y, i coeanr=p)+ > uf (coeAnr=p)
o esupp(u) pEB(T) peB(T)
< Z p(o) Z sy (00 € AAT = p)
o esupp(u) pEB(T)

D> wle) Y L (coe Anr=p)|.

o esupp(u) peB(T)

For any p ¢ B(T), since p is a witness sequence for A, we have that for any o, 7 € supp(w),

DR (cveAanr=p)= > WD (coeAnr=p).
p¢B(T) p¢B(T)

By this equation and since u is a complex normalized measure, the previous bound for | (A)| can be
expressed as follows, after fixing an arbitrary 7 € supp(u):

A <| D oo Anr=p)+| > ulo) > L (coeAnr=p)
peB(T) o esupp(p) peB(T)
<| > Ry eneAnr=p)+ > p@)| > ufl (coeAnr=p).
pgB(T) oesupp(p) pEeB(T)

As T — o0, according to Condition 3.10, we know that for any o € supp(u),

hm Z ,uTa_b(O'OEA/\r—p)—O
“lpeB(T)

Therefore, as T — oo, we have

G <] Y w2 eoeanr=p)=| > pf0,(r=p)-uf>, (0o Alr=p)|.
0¢B(T) 0¢B(T)

This, in turn, enables us to establish zero-freeness results using edge-wise self-reducibility. It re-
mains to demonstrate how to establish Condition 3.10 and to upper bound the right-hand side in (5).
Note that for any sequence p € ([¢] U {L})T and any initial configuration € supp(u), the measure
,uT b (r = p) can be computed directly, as r follows a product measure. The primary technical chal-

lenge then lies in characterizing the bound on the measure uT -,(00 € A | r = p) through useful
properties of witness sequences p. However, this characterizatio’n’may depend on the concrete models.
Therefore, we do not aim to provide a generic method for establishing Condition 3.10 and bounding
the marginal measure through (5). Instead, we will show in the following section how to apply this
general framework to the hypergraph independence polynomials, yielding the desired zero-free and

convergence results.
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4. LEE-YANG ZEROS OF THE HYPERGRAPH INDEPENDENCE POLYNOMIAL

In this section, we will show how to apply the general framework developed in the previous section
to establish both the absence of Lee-Yang zeros and the convergence of complex Glauber dynamics for
the hypergraph independence polynomials. Specifically, we will prove Theorems 1.1 and 1.7.

Consider a hypergraph H = (V, &) with |V| = n. A configuration o € {0, 1}V is called an indepen-
dent set of H if for every hyperedge e € &, there exists at least one vertex v € e such that o (v) = 0.
Let 7 (H) € {0,1}V denote the set of all independent sets of H. The independence polynomial of the
hypergraph H on Lee-Yang zeros is defined as

zzw= > ] a
ocel(H)v:o(v)=1

where A = (4,),ev is a vector of complex-valued parameters associated with the vertices.

Provided that Zg () # 0, the associated (complex-valued) Gibbs measure u = ug 4 : {0,1}¥V — C
is defined as
Hv:a'(v):l Ay

Zya

The following presents a sufficient condition for the hypergraph H = (V, &) with complex vertex
weights A € CV such that Zg(/l) # 0, indicating that A is not a complex zero of Zg.

Yo e I(H), wp(o)=ppa(o)=

Condition 4.1. For the hypergraph H = (V, &) with complex vertex weights A € CV, the following
holds. Fix an arbitrary ordering of hyperedges & = {e1,e2,...,€,}. ForeachO < i < m, let & =
{e1,e9,...,e;} and H; = (V,&;). Foreach0 < i < m:

ZE D) #0 = |upa(0(em) =191 < 1,

where 1¢ € {0, 1}¢ denotes the partial configuration that assigns all vertices in e to 1.

As discussed in Section 1.3.1, assuming Condition 4.1, we can routinely establish ZZ (4) # 0 through
induction by using the edge-wise self-reducibility. A similar argument was used in [PR19, LSS19, SS19].

4.1. Complex Glauber dynamics on hypergraph independent sets. Our proofs of zero-freeness
and convergence of Glauber dynamics utilize the framework of b-decomposed complex systematic
scan Glauber dynamics for the Gibbs measure g, introduced in Section 3.

We first verify that the transition measures are well-defined. Note that supp(u) = 7 (H). For any

v € V and any o € supp(u), the marginal measure uy (VA §s defined as follows:

e If o remains an independent set after setting o-(v) <« 1, then

A
ﬂ“}T(V\{V})(O) — U'(V\{V})(l) - v

e E— d .
1+4, and - Hv 1+,

e Otherwise, if o is not an independent set after setting o (v) < 1, then

ﬂ“)T(V\{V})(O) =1 and ﬂ“)T(V\{V}) (1) = 0.

Thus, according to this definition, for any v € V where A, # —1, the conditional measure uy MVD)

well-defined for any o € supp(u).
With these marginal measures, we construct the following b-decomposition scheme (Definition 3.7).
Specifically, b = (b,,),ev is the collection of normalized measures over {0, 1, L} defined as follows:

1+1/1v ifc=0,
(6) by(c) =40 ifc=1,
1:}/Vlv ifc=1.

Then, for any v € V and independent set 7 € {0, 1}V\{"}, the excess marginal measure 5" is given
by:
e If 7 remains an independent set after including v, then

PIH0)=0 and  pit(1) =1
14



e Otherwise, if 7 is no longer an independent set after including v, then
KO =1 and (1) =0,
Using this b-decomposition scheme, the measure on r, = 1 is always 0, so we can assume that r =

(r,)?:_T .1 €10, 1}T. Then, the systematic scan Glauber dynamics for the hypergraph independence
polynomial can be expressed as follows in Algorithm 3, which is a specialization of Algorithm 2.

Algorithm 3: Systematic scan Glauber dynamics for hypergraph independence polynomial
(under the b-decomposition scheme specified in (6))

Input:An arbitrary independent set T € 7 (H) and an integer 7" > 1.
1 Seto_p « T,

2 fort=-T+1,-T+2,...,0do

3 let 0y < 0y_1 and v < v;(;), where i(t) = (t mod n) +1;

4 let r, follow the measure b, specified in (6);

5 if r; # L then

6 | let ¢; « 0;

7 else if there exists a hyperedge e € & such thatv € e andoy_1(u) =1 forallu € e\ {v} then
8 | let ¢; « O;

9 else

10 L let ¢; « 1;

11 update oy (v) « cy;

4.2. Zero-freeness of hypergraph independence polynomial. We define the following quantities
for a hypergraph H = (V, &) with vertex weights 4 = (1,), v, for characterizing zero-freeness.

Definition 4.2. Let H = (V, &) be a hypergraph with maximum edge size k and maximum vertex
degree A. Let A = (1,)yev € CV be the complex vertex weights such that A, # —1 for eachv € V.
We define the following quantities:

A
N=N(H,A1) £ max 1,
ees 1+24,
vee
A v 1
M =M(H,A) £ max ,
veV \|1+ A4, 1+4,

a=a(HA) 2N MW,

The regime for zero-freeness and convergence of Glauber dynamics, as stated in Theorems 1.1
and 1.7, is characterized by these quantities through the following lemma.

Lemma 4.3 (Inductive step). Let H = (V, &) be a hypergraph with maximum edge size k and maximum
vertex degree A. Let A = (1,),cv € CV be the complex vertex weights such thatVv € V, 1, # —1. Suppose:
(7) 8eA%k* . o < 1.

Then, we have:

(1) Condition 3.10 holds for the systematic scan Glauber dynamics described in Algorithm 3.
(2) Condition 4.1 holds for the hypergraph H = (V, &) with complex vertex weights A = (1,)yev.

The reason Lemma 4.3 is referred to as the “inductive step” will be clarified in its following applica-
tion to proving our main results, Theorems 1.1 and 1.7, where the lemma will be used to carry out the

inductive step and establish zero-freeness of the partition function Zg(/l).

Proofs of Theorem 1.1 and Theorem 1.7. We first verify that the conditions in Theorem 1.1 satisfy (7).
Assume the condition in Theorem 1.1. It is already ensured that 1, # —1 for each v € V.
First, we bound N. For any A € D, let 1" € [0, A, ] be the nearest point to . We have that

1 X +e J\ -2/
< (2v2en ) ,
1+/l_1+/1*—s_(\/_ek

15




where the first inequality is due to the triangle inequality, and the second is due to conditions in
Theorem 1.1. This implies N < (2\/§eAk2)_2.

Then, we bound M. For any A € D, let 1* € [0, A, ] be the nearest point to . We have that

A 1 :1+|/1|<1+/1*+g<1+s
142 [1+A] |1+ " 1+2x-¢ ™~ 1-¢’

which implies M < £

Recall @ = N - M*2*¥° Now, we can verify the condition in (7):

2,4 2,4 o\ 2 (1l+e ke 1 2¢e 2
8eA“k”™ - a = 8eA“k (2\/§eAk ) (1 ) <e “exp (1—4A k5) < 1.
-&

- &

This shows (7) is satisfied. By Lemma 4.3, Condition 3.10 and Condition 4.1 hold directly.

We then use Condition 4.1 to prove Theorem 1.1. This is by induction, using edge-wise self-reducibility.
Recall the & = {e1,e9,...,em}, E = {e1,e0,...,¢;} and H; = (V,&;), for each 0 < i < m, defined in
Condition 4.1. Now we prove by induction that Zgi (1) # 0 foreach 0 <i < m.

For the induction basis, we have ZZO(/l) =[I,ev(1+2,) #0,since 1, # -1 forallv e V.

For the induction step, fix 0 < i < m and assume that Zg_ (A) # 0. Then the measure ug, , is well-
defined. Also, when A, # —1 for each v € V, the systematic scan Glauber dynamics in Algorithm 3 is
well-defined. We further note that

ZyH- % n a

1 {0,1}VI vio(v)=1
ZI-}I/H1 (/l) C‘"z—:iﬂ):le”l eirl

ly - Iy =1—pup; 2 (0 (eir1) =194) £ 0,
Z5 (1) Z5 ()

where the last inequality follows from Condition 4.1. Therefore, ng () # 0, completing the induction
step and therefore proving Theorem 1.1.
Finally, Theorem 1.7 holds directly assuming Condition 3.10, according to Lemma 3.11. O

4.3. Information percolation on the witness graph. Inthe remainder of this section, we will focus
on the proof of Lemma 4.3. To achieve this, we will construct an information percolation argument to
analyze the complex systematic scan Glauber dynamics described in Algorithm 3.

A key step in our analysis is to bound the marginal measure. Our idea is to split the contribution to
the marginal measure into two types: those coming from small bad trees and those coming from large
bad trees, which we formally define later. Then our proof strategy consists of the following three steps:

(1) Prove that small bad trees characterize witness sequences (corresponding to oblivious updates);
(2) Bound the contribution from small bad trees;
(3) Prove that contribution from large bad trees diminishes to zero under a suitable limit.

These three steps correspond to Lemmas 4.7, 4.9 and 4.11 respectively. We setup the formulations
necessary for a proof of Lemma 4.3, and defer the proofs of these lemmas to Section 5.
For any u € V and integer ¢, we denote by pred,, (¢) the last time before ¢ at which u is updated, i.e.
pred, (t) = max{s | s <t such that v;5) = u}.
For any subset of vertices U C V and t € Z, define
TS(U,t) = {pred (1) | v € U}

as the collection of “timestamps” of the latest updates of vertices in U up to time ¢.

Recall the definition of witness sequences from Definition 3.9. For an event A C {0, 1}V, we try to
characterize the witness sequence with respect to A. Let S = vbl(A) C V denote the set of variables
on which the event A is defined. Formally,

vbl(A) 2 {v € V| Jo € Ast. o’ ¢ A where o = 0’ except at v}.
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If r, # L for all + € TS(S,0), we can directly infer whether 0y € A regardless of the initial state,
indicating that r is a witness sequence. Otherwise, according to Algorithm 3, for those v € S with
Tpred, (0) = L, we need to determine if the condition in Line 7 holds at time pred,, (0) for r to qualify as
a witness sequence. The argument can be applied recursively, allowing the characterization of witness
sequences to percolate through the time-space structure of the systematic scan Glauber dynamics. As
such, we focus on keeping track of the complex measure of “percolation of assigning r; = L.

To formalize this argument, we introduce the definition of a witness graph, a combinatorial structure

shown to be useful for analyzing Glauber dynamics [HSZ19, HSW21, QWZ22, FGW™*23].

Definition 4.4 (witness graph/space-time slab). Given a hypergraph H = (V,&) and a subset of
variables S C V, the witness graph G}g{ = (Vz, E IS{) is an infinite graph with the vertex set

Vi ={TS(e,t) | e € &,1 € Z<o} U{TS(S,0)},
and Ef, consists of undirected edges between vertices x, y € Vf, such thatx £ yandxnNy # 0.
The following structural property of the witness graph has been established in [FGW™*23].

Lemma 4.5 ((FGW™23, Corollary 6.15]). Assume the hypergraph H = (V, &) has a maximum degree A
and a maximum edge size k. Then, in the witness graph G}g{ = (Vlg, Efl), foranyv e Vfl \ {TS(S,0)},
the degree of v is at most 2Ak? — 2. Furthermore, the degree of TS(S,0) is at most 2Ak|S| — 1.

We formalize the following notions of bad structures within the witness graph.

Definition 4.6 (bad vertices, bad components, and bad trees). Let H = (V, &) be a hypergraph, and let
Gi, = (V3, Ez) be the witness graph as in Definition 4.4. Let T > 1, and let r = (rt)?: e {0, 1)1,

e The set of bad vertices VP24 = vP2d () is defined as:

vbad £, e V3 | Ve, -T+1<r<Oandr, = 1} U{TS(S,0)},

-T+1

which contains TS(S, 0) and the vertices in the witness graph such that all r, evaluates to L for
every timestamp ¢ associated with that vertex.

o Let G}g{ [Vbad] be the subgraph of the witness graph G}g{ induced by Va4,

e The bad component C**d = CP2d(r) c VP24 is defined as the maximal set of vertices in VP24
containing TS(S, 0) that is connected in G}g{ [Vbad].

e The bad tree 74 = 7P2d(r) C vbad i5 defined as the 2-tree of the induced subgraph G)SL, [C bad]
containing TS(S, 0), constructed deterministically using Definition 2.2. We further denote this
deterministic construction as a mapping T from the bad component such that 7°2d = T(Cbad).

At first glance, the constructions of these structures may seem technically involved and uneasy to
decipher. However, the intuition behind them is quite clear. Specifically, the bad tree 722 acts as a
“certificate” for the undesirable situation where the percolation process, starting from time 0, actually
reaches the initial time —7. Consequently, the event at time 0 cannot be successfully inferred solely
from the “randomness” r used in the oblivious transitions in the Glauber dynamics in Algorithm 3.

For two measurable events A and B, we say A is determined by B if either A 2 Bor AN B = 0. We
can then characterize the witness sequences (Definition 3.9) for an arbitrary event as follows.

Lemma 4.7 (characterization of witness sequences). Fix any T > n and any event A C {0,1}V.
Consider the witness graph G}g{ = (Vz,EfI) constructed using the set of variables S = vbl(A). Let

p= (,o,)?:_T+1 € {0, L}T. If the corresponding bad tree T°*1(p) in the witness graph Gﬁ, satisfies:
T
7P| < 5= -2,
2n

where n = |V|, then the following holds:
(1) p = A, ie, p is a witness sequence with respect to the event A;

(2) for any initial ¢ € supp(u), the occurrence of A at time 0 is determined by C**d(p) and PTS(S,0)-

The proof of Lemma 4.7 is deferred to Section 5.1.
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Remark 4.8 (zero-one law). Lemma 4.7-(2) implies the following “zero-one law” for the measure of
an event A at time 0:

(8) HS2 (o0 € A1C7(r) = €™ (p) Arrs(so) = prsisi ) € (0,1,

provided the conditional measure is well-defined, i.e., the event C**d (r) = CP2d(p) ATTS(5,0) = PTS(S.0)
has non-zero measure.

This “zero-one law” serves as a key tool that enables us to compare complex normalized measures of
different events. For complex measures y, the standard monotonicity property |u(ANB)| < |u(B)|does
not generally hold. However, by assuming the “zero-one law”, where u(A | B) € {0, 1}, monotonicity
can be recovered as follows:

lu(ANB)| = |u(B)||u(A | B)| < |u(B)].

This is crucial for our analysis of zero-freeness.

Next, we bound the total contribution to the marginal measure coming from a bad tree. Recall that
in Definition 4.6, we use T to denote the deterministic construction of the bad tree 7°2d = T(CP2d)
from a bad component C**?. To do so, we upper bound on the measure of any set of bad components
C’d that could potentially produce the given bad tree 722 through the function 772 = T(Cb2d),

Lemma 4.9. FixanyS CV andT > n with |S| = k. Consider the witness graph Gfi, the bad component
cPad = ¢Pd(r), and the bad tree TP = 7P%d(r) = T(CP™) , where r = (r))"_,,, € {0, L}7 is
constructed as in Algorithm 3, following the product measure in (6).

Then, for any o € supp(uw), for any finite 2-tree T in G}g{ containing TS(S, 0), we have

©) 2 ‘“?,%,b (Cbad =CArss0) = lTS(S’O))‘ <all
CeT (T
where r1s(s,0) = 1715(5.0) represents the event that r, = L for all timestampst € TS(S, 0).

The proof of this lemma is deferred to Section 5.2.
We have the following bounds on the number of possible bad trees with a given size i.

Lemma 4.10. Let 7; denote the set of possible 2-trees of size i in Gﬁ, containing TS(S,0). Then letting
D1 = 4A%k* and Dy = 4A%k3|S|, we have

(10) 7] < (e(Da +i—2))P>71- (eDy) Y,
Also, when |S| < k, we have a refined bound that
(11) 7] < (eD1)".

Proof. Note that by Definition 2.1, each possible 7~ € 7; satisfies:

e 7 contains TS(S, 0);
e 7 does not contain any v € Vf, such that (TS(S,0),v) € ES;

e 7 is connected in (G%)Q, the square graph of G}g{.

Recall that by Lemma 2.3, for a graph with maximum degree d, the number of subtrees of size i > 1
containing a fixed vertex is upper bounded by (ed)'~!. By Lemma 4.5, we have that all vertices, except

those within distance 1 of TS(S, 0) in G¥,, have a degree at most D1 = 4A%k* in (Gi,)z. Also, TS(S, 0)

has a degree of at most Do = 4A%k3|S| in (G}g{)2. Then, we can bound the size of 7; as:

Do+i—-2
Dy -1

. (eDl)i_l S e(D2+l _2)
Dy -1
which finishes the proof of (10). Here, the first inequality follows by enumerating the size of the subtree
. . . . 2
on each neighbor of TS(S, 0) and applying Lemma 2.3 to each neighbor of TS(S, 0) in (Gﬁ,) :
When |S| < k, by Lemma 4.5, the maximum degree of G)SL, is upper bounded by 2Ak?. Therefore,

(11) is a direct consequence of Lemma 2.3. O
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We still need one more technical lemma that ensures the decay of percolation. Recalling Lemma 4.7-(1),
small bad trees characterize witness sequences. The following lemma says that that under (7), large
bad trees have diminishing contributions to the marginal measure.

Lemma 4.11. Fix any S € V and T > n. Consider the witness graph G}g{ and the bad tree TP =

gad(p) \wherer = (r,)?:_T+1 € {0, 1} is constructed as in Algorithm 3, following the product measure
in (6). Under the condition of a in (7), it holds for any initial configuration o € supp(u) and any
T € {07 1}V5

(12) lim ]ﬂgi}g,b (0'0 =7 AT > T/(20) - 2)‘ 0.
The proof of Lemma 4.11 is deferred to Section 5.3.
We are now ready to establish the inductive step for the convergence of Glauber dynamics and the
zero-free region of the hypergraph independence polynomial, which is the content of Lemma 4.3.

4.4. Establishing the inductive step (Lemma 4.3). We start with the proof of Lemma 4.3-(1).

Proof of Lemma 4.3-(1). 1t suffices to verify Condition 3.10. We take B(T) in Condition 3.10 as the
following event on r:

(13) B(T): |7°(r)|> Ir_,
2n

According to Lemma 4.7, the definition of B(T) in (13) indeed contains all non-witness sequences,
verifying the first item of Condition 3.10. The second item of Condition 3.10 follows from Lemma 4.11.
O

Next, we prove Lemma 4.3-(2).

Proof of Lemma 4.3-(2). Throughout the proof, we use N, M, a to denote N(H, 1), M(H, 1) and a(H, ),
where H = H,,, respectively. Fix an arbitrary 0 < i < m. Let u = pp, 4. Assuming Zgi (A) #0, uis
well-defined. Then, our goal is to prove that, the marginal measure on e;,; being assigned all-one, de-
noted by y,,,, (14+), is bounded away from 1. Consider the complex systematic scan Glauber dynam-
ics on H;. Fix any initial configuration o € supp(u). Note that from Lemma 3.11 and Lemma 4.3-(1),
we have

o Th_rgo”?,]?r,b (0p(eipr) = 19%1) = Heny (16+1) |

GD

Therefore, it suffices to show that | lim p7
TSoo! Ts0b

(oo(eir) = 16”1)‘ < 1. Next, we notice that for x € C,

the function |x| is a continuous function. Because the limit in (14) exists, we have

: GD _1e; 1 GD _ 1é€i
AHm g o g (oo(einy) = 191)) = lim |ﬂT,g,,,(ffo(ei+1) =19,

Therefore, it suffices to show that

< 1.

(15) TlE}c}o ’ﬂ%}?}-,b (oo(eiz1) = 1el—+1)

Note that by combining (14) with (15), the lemma is proved. It remains to prove (15).
We set S = e;41. Recall the witness graph G%_ (Definition 4.4) and related definitions in Definition 4.6.
For eachi > 1, let 7; denote the set of possible 2-trees in G}g{ containing TS(S, 0). Recall the definition

of the bad component CP2d = CP#d(r) in Definition 4.6 and that we use T to denote the construction
in Definition 2.2 such that T(CP?d) = 77724 1t is important to note that

(16) oo(eis1) =19 — r, = L forallt € TS(e;41,0).
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To see this, recall that in Algorithm 3, in order to update a value to 1 at time #,7, = L. By Lemma 4.11,

1 GD e
71‘1—{%0 "uT,a',b (O-O(el'+1) =1 :+1)

< lim

T—o0 n

T
45 outen) = 1 A 74 < o

| &-2]
< lim Z Z "u?,]())',b (0'0(61'+1) — 1ei+1 A Tbad — 7-)’
Jj=1 TeT;
(17) |LZ-2)
(by (16)) = lim Z Z |,u§,%,z, ((To(em) = 19 Arps(s,0) = LSO A g = 7‘)|
Jj=1 Te€T;
7 =2)

L
_ 1 GD bad _ —  TS(S.,0
“fim ) DL 3 i (€M = Carmsisg = 1700)
Jj=1 Te€7; ceT-1(7)

‘ﬂ?,%,b (U'O(ei+1) — 1€+l | Cbad =CA rrs(s.0) = J_TS(S,O))‘ .

Recall the zero-one law stated in (8). For any finite 2-tree 7 that includes TS(S, 0) = TS(e;41, 0) and sat-
isfies |77| < 2 — 2, the conditional measure ,u?%b (c0(eir1) = 1¢#1 | CP* = C A rrs(5.0) = LT5S0)

evaluates to either 0 or 1 for each C € T~(7"), provided it is well-defined. Then, we have

T
2m ~ 2]

3 GD bad _ _,TS(S,0
A DI ‘”T,a,b (C “=C Arrs(so) = L™ ))
Jj=1 Te7;ceT (7))

HT o (‘T 0(ei1) = 141 | C™* = C Arrs(s0) = lTS(S’O))|
T 2]

2n

by ®) =< Th_rgo Z Z Z ‘lu?,]?r,b (Cbad =C AT15(5,0) = J_TS(S’O))‘
J=1 T€T; CeT-1(T)

L _9]
2n
; J
(Lemma 4.9) < Th_r)rio Z Z ot
Jj=1 Te7;
(Lemma 4.10) < Z(éleA2 kIt od
j>1
(by (7)) <1,
where the second-to-last inequality additionally uses that & upper bounds all |e;|. Then, by combining
with (17), both (15) and the lemma are proved. |

5. DECAY OF COMPLEX MEASURES IN PERCOLATION

In this section, we prove a series of percolation properties (Lemmas 4.7, 4.9 and 4.11) assumed in
the previous section, which controls the contributions of bad trees to the marginal measure. From the
perspective of information percolation, these lemmas establish a decay of percolation.

At a high level, we split the contributions to the marginal measure into those coming from small
bad trees and those coming from large bad trees. We show that small bad trees characterize witness
sequences; therefore, they correspond to “oblivious updates” that factorize the measure and do not
depend on the initial measure. Then, we bound the contributions to the marginal measures coming
from small bad trees. Finally, we show that those contributions coming from large bad trees go to zero
as T — oo. Combined, this gives us a bound on the marginal measure through much simpler product
measures on the witness graph.
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5.1. Small bad trees characterize witness sequences. We first prove the characterization property
for small bad trees as in Lemma 4.7.

Proof of Lemma 4.7. By the definition of pred, () and G%,, and the nature of the systematic scan, we
have for each v € Vg,

(18) max{t:t€v}-—min{r:t € v} < n.

Note that according to the definition of 7°*d(p) in Definition 4.6, we have 7 °*(p) is connected
in the square graph of Gi,. So, if we have |72 (p)| < T/(2n) — 2 then it holds that 7 > —T + 1 + 2n
forall t € v,v € 7"2(p). Furthermore, by Definition 4.6, t > —T + 1 + 2n for all r € v,v € 7 (p)
implies that r > —T — 1+ nforall € v,v € C"(p). To see this, first observe that each v € C**d(p)
must share timestamps with some v € 7°24(p) in G3,, according to the construction in Definition 2.2.
Then we apply (18).

Next, we claim that, witht > —T+1+n forallr € v,v € CPad (p), we can deduce the result of update

at each timestamp ¢ € BadTS (p) = U 5. Then the lemma directly follows from this claim, as
seCbad (p)
the updates alone can completely determine the event A.

We then prove the claim. By Algorithm 3, given some timestamp ¢, r, = 0 or L due to the b-
decomposition scheme specified in (6). If r, = 0, then oy (v;(;)) is updated to O at time #; otherwise
r, = 1, and 0y (vi()) is updated to 0 if and only if the following event occurs:

(19) JeeEstviy €e:VYuece\{vipy}, o:(u) =1,

meaning that the value of all the vertices in e \ {v;(;)} got updated to 1 at their last updates.

We argue that it suffices to check the event in (19) for the hyperedges e such that TS(e, ) € CP24(p).
We note that whent > —T' + 1 +n and ¢ € BadTS (p), an edge e’ such that v;;) € ¢’ and TS(e’, 1) ¢
CP2d(p) means there exists t' € TS(e’,t) such that r» = 0, which means o (Vigry) = o (viry) = 0.
Therefore, this edge ¢’ does not satisfy (19) as one of its vertices is already assigned 0.

Then, to check the event in (19), we notice that we only need values of o (v;(;)) for r € BadTS (p).
Because for any edge ¢’ that involves values at ¢ ¢ BadTS (p), we have TS(¢’,t) ¢ C"*d(p), and by
the same argument as above, ¢’ does not satisfy (19).

Therefore, we can deduce the result of updates at each ¢ € BadTS (p) in chronological order. O

5.2. Bounding complex measures for small bad trees. Next, we establish the exponential decay
of the total measure stated in Lemma 4.9 for each bad tree.

Proof of Lemma 4.9. According to the deterministic process in Definition 2.2 for the construction of
the 2-tree 7P2d = T(C"d), all C € T~1(7") must only contain vertices in Gﬁ, that are within
distance 1 of 7724 and to determine CP?4 it is sufficient to check for all vertices in G}g{ that are within
distance 2 of 7724 whether they are in vbad o1 not. Therefore, we can bound the left-hand side in (9)
by translating to the following condition on r:

(1) for each s € 7,we have r, = L for all f € s;
(2) r;son all other vertices in V,f, that are within distance 2 of 7~ satisfy certain restrictions so that
chd e T71(T).

Here, the Item 1 contributes a factor of

/1Vi(t)

<N|T|’
1+4 B

[

tes:seT

Vi(t)

by the definition of 2-trees that all vertices in 7 contain disjoint timestamps. We can use a simple
triangle inequality to bound Item 2. By Lemma 4.5, the maximum degree of (G}Z)Q is 4A%k*, where

(Gi,)2 is the square graph of G¥,. For vertices in 7", the number of their neighboring vertices in (Gi,)2

can be upper bounded by 4A%k*. Therefore, there are at most 4A%k> timestamps. And each timestamp
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/Ivi(t)

1+/Ivi(t)

t contributes at most < M by a triangle inequality. So Item 2 contributes a factor

1
1+/Ivi(t)

21,5 .
of at most M4 K171 To summarize, we have

|lu?,]()r,b (Cbad e T™X(T) A rrs(s.o) = J_TS(S,O))| < NITI. pA8%KIT1 < Q171 o

5.3. Decay of large bad trees. Finally, we prove Lemma 4.11, which asserts that large bad trees have
diminishing contributions. Our approach follows a similar framework to the one used for bounding the
contributions of small bad trees (Lemmas 4.7 and 4.9). A key technical distinction here is that when the
bad tree is large, the outcome may no longer be determined solely by the bad component. To address
this, we show that in such cases, the information from the initial configuration, the bad component,
and the r; values for the first n timestamps are sufficient to serve as a certificate of the outcome.

FixT >n.LetI =[-T+1,-T +n]. Letr; = (r,)l_:T_"T”+1 € {0, L} denote the first n timestamps of r.
We first show a counterpart of Lemma 4.7-(2) for large bad trees.

Lemma 5.1. Fix any T > n and any event A C {0,1}V. Consider the witness graph Gﬁ, = (V,f,, Ef,)
constructed using the set of variables S = vbl(A). Let p = (p,)?:_T+1 e {0, 1}7.

Then, for any initial configuration o € supp(u), the occurrence of A at time( is determined by C*4( p),
P1 and prs(s,0)-

Remark 5.2. AsinLemma 4.7-(2), Lemma 5.1 also implies the following “zero-one law” for the measure
of an event A:

(20) ug (0'0 e A|CP™(r)=C"(p) Ar;=pr Arrsis) = pTS(S,O)) € {0,1},
provided the conditional measure is well-defined, i.e., the following event has non-zero measure:
CcP™(r) = C™(p) Arr = p1 ATTs(s.0) = PTS(5.0) -

Proof of Lemma 5.1. Let BadTS (p) = U s. Conditioning on C**d(r) = C**d(p) A r; = p;, we
seCbad (P)
know that for all # € BadTS (p) that r < —T + n, it holds that r; = p;(1).

Ift > —T +n+1forallz € BadTS (p), then we can determine oy by C”*d( p) following the proof of
Lemma 4.7-(2). Otherwise, we claim that, given p;, we can still deduce the result of the update at each
timestamp ¢ € BadTS (p). Then, the lemma directly follows from this claim, as the updates alone can
completely determine oy.

We then prove the claim. By Algorithm 3, given some timestamp ¢, r, = 0 or L due to the b-
decomposition scheme specified in (6). If r, = 0, then oy (v;(;)) is updated to O at time #; otherwise
r, = 1, and 0y (v;()) is updated to 0 if and only if the following event occurs:

(21) Jee Estviy €e:Vuece\{viy}, o:(u) =1,

meaning that the value of all the vertices in e \ {v;(;)} got updated to 1 at their last updates.
Fix a specific t € BadTS (p),

e Fort > -T +1+n,ifr, = 0 then 0;(v;;)) = 0, otherwise r; = L, we argue that it suffices to
check the event in (21) for the hyperedges e such that TS(e, t) € C?24(p). We note that when
t > -T+1+nandt € BadTS (p), an edge e’ such that v;;) € ¢’ and TS(e’, 1) ¢ C"2d(p) means
there exists ¢’ € TS(e’, ) such that r,» = 0, which means o (v;/)) = 0 (vi(+)) = 0. Therefore,
this edge e’ does not satisfy (21) as one of its vertices is already assigned 0,

e Fort < —T +n, all events in (21) can be determined from p; and the initial configuration o .

Therefore, we can deduce the result of the updates at each # € BadTS (p) in chronological order. O
We also have the following lemma that serves as a counterpart of Lemma 4.9.

Lemma 5.3. Fixany S C V and T > n. Consider the witness graph G}g{, the bad component CP*d =
C"d(r), and the bad tree TP = 723d(r) = T(CP*) , where r = (r,)"_ € {0, L}7 is constructed
as in Algorithm 3, following the product measure in (6).
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Then, for any o € supp(u), for any 2-tree 7 in G35, containing TS(S, 0), we have
(22)
- 2,4
Z Z |:“$’,]?r,b (Cbad =CArp=prArsso) = st(s,o))| < QI TI-1. pganKIS 4n
CET’l((]—) pIE{O,J_}I
pTS(S,())e{(]’J_}TS(S,())

Proof. According to the deterministic process in Definition 2.2 for the construction of the 2-tree 724 =
T(CcP), all ¢ € T~1(7*d) must only contain vertices in G}g{ within distance 1 of 7°24, and to
determine C"2 it is sufficient to check for all vertices in G)SL, within distance 2 of 7234 whether they
are in VP24 or not. Thus, we bound the left-hand side in (22) with the following condition on r:

(1) for each s € 7\ TS(S,0), we have r, = L for all f € s;

(2) ry = py(t) foreacht € I,

(3) 7+ = prs(s,0) (2) for each 1 € TS(S, 0);

(4) r,’s on vertices within distance 2 of 7~ satisfy certain restrictions so that C"*d € T=1(7).

Here, the Item 1 contributes a factor of

Vi(r)

<N|7—|_1
+1 - ’

1 .
tes:seT\TS(S,0) Vi(r)

by the definition of 2-trees that all vertices in 7~ contain disjoint timestamps. By Lemma 4.5, the
degree of TS(S, 0) in (Gi,)2 can be upper bounded by 4A%k3|S|, where (Gi,)2 is the square graph of
G}g{. For vertices other than TS(S, 0), the number of their neighboring vertices in (G%)Q, excluding
those already adjacent to TS(S,0), can be upper bounded by 4A2k*. Therefore, there are at most
4N KA (|| - 1) +4A%k3|S| vertices and at most 4A%k>(|7| — 1) + 4A%k*|S| timestamps included. And
i)

1"”1"1'(:)

each timestamp ¢ contributes at most

< M by a simple triangle inequality. So Items 2

1
1+/1vl. )
to 4 together contribute a factor of at most

M4A2k5(|T|—1)+4A2k4|S|+n

Summarizing, we have

Z Z ‘/‘?2,,, (Cbad =CAr=pr Arisis,0) = pTS(S,O))‘
CeT-1(7) pre{0.1}!
P15(5,0)€{0,L}T5(5:0)

< NITI=1 | pgAn2K> (| T1-1)+4A% K4 (S| +n

< o711 'M4A2k4|S|+n.

We are now ready to prove Lemma 4.11.

Proof of Lemma 4.11. For eachi > 1, let 7; denote the set of 2-trees of size i in G)SL, containing TS(S, 0).

Recall the definition of the bad component CP?d = CP2d(r) in Definition 4.6 and T as the construction
in Definition 2.2 such that T(CP2d) = g7Pad,

(23)
lim ’,;;{2_1, (0'0 — 7 AT S T/ (20) - 2)‘
. GD _ bad _ _ _
STIE{L Z Z Z Z ’MT,O',b (co=7|C™ =CAFrI=prArss,o = PTS(S,O))’
i>T/(2n)-2 T€T; CeT-1(T) pre{0,1}
p13(5,0)€{0,L} 1550
: |ﬂ?,]3-,b CP =CAr=prArisso) = pTS(S,O))|
: GD  (pbad _ _ :
STIEEO Z Z Z Z ’ﬂT,O',b (C™ =CArI=prArisiso) = pTS(S,O))‘a

i>T/(2n)-2 T€T; CeT-1(T) pre{0,L}!
prs(s,0)€{0,L1}T5(5:0)
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where the last inequality is due to Lemma 5.1 and the zero-one law stated in (20). Specifically, the
zero-one law ensures that p(;’,%’b(ao =t |C =CAr;=pr A r1s(s,0) = PTs(s,0)) evaluates to
either 0 or 1, provided the conditional measure is well-defined. Recall the definition of @ and M in
Definition 4.2. Then letting D1 = 4A%k* and Dy = 4A%k3|S),

lim ‘,;?}3,,,, (0’0 =7 AT > T/(20) - 2)’

T—o0

: i-1 4A%k*n+n
(by (23) and Lemma 5.3) < Tlfio Z Z a M
i>T/(2n)-2 T€T;

(by Lemma 4.10) < lim Z (e(Dg+i—2)P271. (eDy)i™L . @i~ . pAA*Kintn

i>T/(2n)-2
; ; Do-1 ANK4nen L
(by (7)) < lim DT (e(Dy+i—2))Pemt Atk "o
i>T/(2n)-2
(by taking limit)  =0. ]

6. REDUCTION FROM FISHER ZEROS TO LEE-YANG ZEROS

In this section, we prove Theorem 1.3, which addresses the Fisher zeros of hypergraph independence
polynomials. To achieve this, we introduce the following reduction from the independence polynomial
parameterized by edge strengths to that parameterized by vertex weights. The resulting parameters
are beyond the zero-free region that we have proved in Theorem 1.1, but we are able to verify the key
condition (7) as required in the inductive step Lemma 4.3, and still carry out the induction.

Definition 6.1 (reduction from Fisher zeros to Lee-Yang zeros). Given a hypergraph H = (V, &) and
B = (Be)ecs € C for each e € &, we deterministically construct a hypergraph H’ = (V/,&’) and a
complex vector A = (1,),ey € C¥', denoted by (H’, A) = red(H, B), as follows:
e V' =VU{v,|lecEst. B, #0},E ={e|ecEst.Be=0tU{eUv,|eec&Est B # 0}
1 vev

o A, =14 _
v % v =v, forsomee € & s.t. B, # 0

The following lemma establishes the desirable properties of the reduction in Definition 6.1.

Lemma 6.2 (property of the reduction). Let H = (V, &) be a hypergraph with a maximum degree A > 1
and a maximum edge size k and let (H', 1) = red(H, ). Then,

(1) H' has a maximum degree A and a maximum edge size at most k + 1;
(2) the partition functions ZZ,(/I) and = Zlfs (B) satisfy:

Zn =258 [ 8"

ec&E:B.#0

Proof. Ttem 1 follows straightforwardly from the reduction in Definition 6.1. We then prove Item 2. Let
V=V \V={ve |le€&Est.B.#20} and E" =& \E={eUv,|e€Es.t B #0}.

For any logical expression P, we define the Iverson bracket [P] = 1 if P is true, otherwise [P] = 0.
Recall 7(H’) C {0,1}V" denotes the set of all independent sets in H’.
The partition function Zlf,j (B) on H with edge strengths 8 can be expressed as:

ZgB) = D, [ ]Belole)=1T+[o(e) #1).

oe{0,1}V e€&
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Meanwhile, the partition function Zlg, (A) on H’ with vertex weights A can be expressed as:

zpw= > | &

oel(H) v:o(v)=1

> T a]]tee =14

oe{0,1}V' veV:io(v)=l  ee&

@ = > ] a [] plo@#1+lo@ =1 [] loe)#1]
oe{0,1}V veV:o(v)=1 ec&:B.#0 ec&:B.=0
=[] 5" > || Ue@=#19+plo@) =1 [] lo(e)#1
ee&:B.#0 ge{0,1}V e€&E:L.#0 ee&:Le=0
=z5® - || B
e€&E:B.#0
where the equality in (24) follows from Definition 6.1. |

Let (H’,A) = red(H, B). Note that according to Lemma 6.2-(2), we have Zg,(/l) # 0 if and only if

Z)fs (B) # 0. We then prove that Zly,(/l) # 0. Note that the condition in Theorem 1.3 together with
Definition 6.1 implies A, # —1 for each v € V’. It suffices to verify that the condition in Theorem 1.3
implies (7) for the instance (H’, 1), then Theorem 1.3 directly follows from Lemma 4.3-(2) and the same
edge-wise self-reduction as in the proof of Theorem 1.1.

Now we bound the quantity N = N(H’, 2) in Definition 4.2. By definition of N and the reduction
constructed in Definition 6.1, it holds that

d-B/B
1+(1-p)/B

k k
1
N <min||=| ,|[=] max <2 % max |1-p]|.
2 2 B#0 B#0
BeDs

By the condition of Theorem 1.3, we have

&

-2
N2 max|l-pl < (142027 < (2\/§eA(k + 1)) .
+
BeD,
Next, we bound the quantity M = M(H’, A1) in Definition 4.2. By the definition of M and the

reduction constructed in Definition 6.1, it holds that

d-p)/B
1+(1-p)/B

1 1
M < max| -+ —, max
2 2 B0
BED:

L ‘+ ) < max (|8 + 1 - BI).
L+(1-p)/B s

&

By the condition of Theorem 1.3, we have

M < max (|| +1]1-p]) <1+4e.
B#0
BeDs

Recall the quantity @ = a(H’, 2) in Definition 4.2. We have
8eA?(k +1)* - a(H', )
<8eA%(k +1)4 (2\/§eA(k + 1)2)_2 (1 + dg) 0 (k+1)?
<e™! exp (168A2(k + 1)5)
<1.

This establishes the condition in (7) for the instance (H’, 2). As discussed above, it proves Theorem 1.3.
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APPENDIX A. A CENTRAL LIMIT THEOREM FOR HYPERGRAPH INDEPENDENT SETS

In this section, we establish a central limit theorem (CLT) for hypergraph independent sets, using our
new zero-free region for hypergraph independence polynomials (namely, Theorem 1.1). Specifically,
we will prove Theorem 1.5.

The tool we use is the following relation between zero-free regions and central limit theorems, which
is also the starting point in [JPSS22, DP23] for establishing CLTs.

Lemma A.1 ([MS19, Theorem 1.2]). Let X € {0, ...,n} be a random variable with mean (i, standard
deviation o and probability generating function f and set X* = (X — i)o~'. For ¢ € (0,1) such that
|1 —¢| > 6 forall roots ¢ of f,

]
sup [P[X* < 1] -P[Z < ]| < 0 | —22],
teR oo

where Z ~ N(0, 1) is a standard Gaussian random variable.

A.1. Central limit theorem. In this subsection, we prove a multivariate version of the first part of
Theorem 1.5.

Theorem A.2 (first part of Theorem 1.5). Fixk > 2, A > 3. Let H = (V, &) be a k-uniform hypergraph
with maximum degree A. Letn = |V| . Fixanyd > 0, ¢ € (0, %5%‘2). Let A, be defined as in Theorem 1.1.
Forany A € (6,4¢.]V, let I ~ pup 1, and define X = |1|, i = E[X] and 0? = Var[X]. Then we have

I
sup [P[(X — ) /o < 1] ~P[Z < 1] = Ok 5.0 (ﬂ) ,
teR \/ﬁ

where Z ~ N(0, 1) is a standard Gaussian random variable.

We need to lower bound the variance of X = |I|, the size of a random independent set following the
Gibbs measure. The following bound is a generalization of [JPSS22, Lemma 3.2] to hypergraphs and
with vertex-dependent external fields.

Lemma A.3. Let dpin = minyey 4y, and Apax = maxyey A,,. Under the condition of Theorem A.2, we
have

Qk,A,s(/lminn) < Var[X] < Ok,A,s(/lmaxn)-

Proof. We first show that Var[X] = Ok .a, & (dmaxn). We consider the generating polynomial of X:

f@= > [l .

ocel(H)v:o(v)=1
We have

In(f(x)) =1

and therefore

S
7

7" _ ’ 2
BIX], In(f) | = LD = _ gy gy @x))2,

(f(1)?

Var[X] = In(f(x))"|x=1 + In(f (X)) ] =1 -
Note that the degree of f is equal to N, the size of the maximum independent set in H, and that
f(0) = 1. By the fundamental theorem of algebra, we can write f(x) as,

N
f@ =] Ja=rm,
j=1
where r1,r2, ..., 7N be the inverses of the complex roots of f(x). Then we have that,
Var[X] = (In(f (%)) [x=1 + In(f (%)) [x=1
_ Y
B JZ:; (1-rj)?



. rj
To upper bound Var[X], it suffices to bound 11;1;2;}}\] |—(1—r,-)2
according to Theorem 1.1, f(x) is zero-freeon D = {x | x € C, |x — 1| < £/(V2Aax)}. Let D€ = C\D.

With the zero-free region for f(x), we show that,

. Note that f(x) = Zg(/l - x). Therefore,

rj
(1-rj)?
Note Amax < Ac,e = Ok a,e(1). So it holds that

|x| 1 1 -1 2 -2
max < max —— < max + < V2N e L4212 72,
1<j<N xeD¢ |y — 12 T xeD¢ \[x =1 |x— 12 e max

Var[X] < (V2Amaxe ™" + 2258 DN = Ot e (dmaxh).

max

Next, we show Var[X] = Qi A ¢ (Aminn). Let J C V be a maximum hypergraph matching, that is, a
subset of vertices satisfying

(25) Vee &, |Jne|l<l,

with maximum size. We write |J| = M.
We additionally let K = I \ J. Note that X = |K| + |/ N J|, and according to (25), conditioned on K
the set I N J is distributed according to the hypergraph independent set on

U=J\{veJ|Tee&Est.eCKU{v}},

which is the distribution each vertex v € U independently taking 1 with probability

1
1+,

A :
T, and taking 0

with probability . Therefore,

Ay
Var[X | U] = —_— .
;J (1+4,)2

By the law of total variance,

Var[X] = E[Var[X | U]] + Var[E[X | U]] = E[Var[X | U]] = Z ((13—;)2 -PlveU]|.
veJ v

By the condition that A,, € [Amin, Amax], We further have

A 1 A
Var[X] > (— ‘P[v e U]) > P Plv € U] = Qia.e(Amin) - E[|U]].
VZ&; (1+1,)2 1+, 1+/lmin\;] kA.e

Note that vertex v € J is not in U precisely when there exists some e € & such that u € e and
e C K U {v}. Note further that under the distribution of random independent sets of H with fugacity
A, the probability of each vertex v being occupied is at most

/1v < /lc,a
1+4, = 142

under any conditioning on the value of other vertices. This means that

1 k-1 1 k-1 1
E[|lU|] > |J]|1-A- | —25— =[(1-A 22— M>|[1-——|M,
U1l = | |( (1+ac,8) ) ( (1+Ac,g 8e2Ak4

where the last inequality is from the condition in Theorem A.2. Hence,

Var[X] > Qk,A,s(/Imin) . (1 )M = Qk,A,s(/Imin) . (1

—— M.
8e2Ak4)

Now, it remains to notice that we can bound M > m from the following greedy process of con-

 8e2Akt
structing a J satisfying (25): each time pick an arbitrary remaining vertex and remove all hyperedges
containing it together with all vertices inside them. O

Now we can prove Theorem A.2.
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Proof of Theorem A.2. Let f denote the generating polynomial of X, which is

fo= > J] @-n.

oel(H)v:o(v)=1

Note that f(x) = Zg(/l -x). Let g(x) = f(x)/f(1) be its probability generating function. Therefore,

according to Theorem 1.1, g(x) is zero-free on D = {x | x € C, |x — 1| < £/(V24._,)}. Also, note for
any A,, it holds that 2, > . Hence, Theorem A.2 follows directly from Lemmas A.1 and A.3. O

A2. Local central limit theorem. In this subsection, we prove a local central limit theorem for
hypergraph independent polynomials, which is the second part of Theorem 1.5.

Theorem A.4 (second part of Theorem 1.5). Fixk > 2 and A > 3. Let H = (V,&) be a k-uniform
hypergraph with maximum degree A. Letn = |V|. Fixany ¢ > 0, € € (O, W). Let A, be defined as

in Theorem 1.1. For any A € (0, A¢ ¢], let I ~ pp 1, and define X = |I|, @ = E[X] and 0% = Var[X]. Let
N(x) = e_x2/2/\/27r denote the density of the standard normal distribution, we have

(logn)®? 1 o?*(logn)?
T2 o2 T ||

sup|IP’[X =1l -0 'N((t- ,11)/0')| =0kAe (min(

teZ

In [JPSS22], they use the following standard lemma from [Ber16], which quantifies a local central
limit theorem via approximations to characteristic functions.

Lemma A.5 ([Ber16, Lemma 3]). Let X be a random variable supported on the lattice L = a + Z and
let N(x) = e_x2/2/\/27r denote the density ofthe standard normal distribution. Then

sup |BN(x) —P[X =x]| < B ‘E [e"X] - E [enz”dHe—#/(zﬁ%,
xel -7/B

where Z ~ N(0,1) is a standard Gaussian random variable.

Then they prove that the high Fourier phases of the characteristic function, |E [e”X ] | with large #’s,
are negligible via a combinatorial argument for the independent set polynomial in [DT77]. And for low
Fourier phases, |E [ei’ X ] | with small #’s, they use the central limit theorem to bound |E [ei’ X ] -E [ei’ < ] |

We follow the high-level idea in [JPSS22]. For high Fourier phases, we show that they are negligible
in Lemma A.9, and the main distinction is an analogous combinatorial argument for hypergraph inde-
pendent sets (Lemma A.8). For low Fourier phases, we again use the central limit theorem (Lemma A.7).

Before bounding the characteristic functions, we first bound the variance. From Lemma A.3, we

directly obtain the following bound for the univariate hypergraph independent set polynomial.
Corollary A.6. Let H = (V, &) be a k-uniform hypergraph with maximum degree A. Let n = |V|. Fix
any s € (O, 9,(5%“). Let A, . be defined as in Theorem 1.1. For any A € (0, A z], let I ~ pup 4, and define
= |I|. We have

Var[X] = O A, (An).
The next lemma bounds the low Fourier phases by the central limit theorem.

Lemma A.7. Fixk > 2 and A > 3. Let H = (V, &) be a k-uniform hypergraph with maximum degree
A. Letn = |V|. Fixany ¢ € (0, %5%‘2), let A, be defined as in Theorem 1.1. For any A € (0, A¢ ¢], let
I ~ pp ., and define X = |I|, i = E[X] and 0 = Var[X]. LetY = (X — fi)/o, Z ~ N(0,1) bea

standard Gaussian random variable. For anyt € R, we have that

¢ (log n)3/% + logn)

‘E [e"] —E[e”Z” =Opne -

Proof. We first recall the central limit theorem for Y. By Lemma A.1, we have that

]
(26) sup |P[Y < 1] - P[Z < ]| < Oxae ( Og”).
teR (oa
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Next, we express the B [e” Y] into an integration. Let Y’ be Y convolved with a centered Gaussian of

infinitesimally small variance so that Y’ has a density function with respect to the Lebesgue measure
on R; it suffices to consider Y’ and then pass to the limit. We have that,

E[e”y'] :/ " py(2) dz

_/|| " py(z) dz £ PY'] = 7]
zZIZT

. z =T T . < .
= [e”z (/ py () dz')] —/ ite'’* (/ py () dz’) dz + e YP[Y| > 7]
-7 =—T -7 -7

T

=T —/ ite™P[Y’ € [-1,z]] dz £ Y P[|Y'] > 7] — "TP[|Y’| > 7]
-7

T

(by (26)) =T —/ ite"*P[Y’ € [-7,z]] dz +¢'? - Ok,A,g( ogn +e—72/4)’
- (o

T

for some €', 6 € [0, 2r). Then we apply the same calculation to Z instead of Y and taking the differ-
ence, we find that

|E [eitY’] _E [eitZ” < |t

/ "BLY’ € [-r.2]] ~BIZ € [-r. )1l d

T

1
+O0ke ( el +e_T2/4)
g

< Opne ((|Tt| +1)logn . e_T2/4) .
o

By Corollary A.6, setting T = 4/8log n gives the desired conclusion. O

Then, we bound the high Fourier phases following a similar strategy as in [DT77, JPSS22].

Lemma A.8 (hypergraph version of [JPSS22, Lemma 3.4]). Fixk > 2, A > 3. Let H = (V,E) bea
k-uniform hypergraph with maximum degree A. Let n = |V|. Then, there exists a subset S C V of size
Q(n/(Ak)3) such that all vertices in S have pairwise distance at least 4 with respect to the hypergraph
distance. Moreover, there is an algorithm to find such a subset S in time O y (n).

Proof. Let vi,va,...,Vv, donate an arbitrary enumeration of the vertices. Initialize S = (. Consider
the greedy algorithm which, at each time step, adds the first variable vertex to the set S and removes
all vertices within distance 3 of this vertex from consideration. The algorithm stops when there are
no more available vertices. The algorithm runs in time Op x(n) and outputs a set S such that any

two vertices in S have graph distance at least 4. Moreover, since at each time, O ((Ak)?) vertices are
removed, it follows that |S| = Q(n/(Ak)3). O

Lemma A.9 (hypergraph version of [JPSS22, Lemma 3.5]). Fixk > 2,A > 3. Let H = (V, &) be a k-
uniform hypergraph with maximum degree A. Letn = |V|. Fixany e € (O, %5%‘2). Let A. . be defined as

in Theorem 1.1. For any A € (0, A, ¢], there exists a constant ¢ = cy . > 0 satisfying the following. Let
I ~ ug.a, X = || and define i = E[X], 0% = Var[X]. LetY = (X — ji)/o. Then, forallt € [-no, o],
we have

|E [e_i’Y” < exp (—C/lntz/(rz) .
Proof. 1t suffices to show that for all7 € R, |¢| < 7,
|E [e_itX” < exp (—c/lnt2) .

Let S be a 4-separated set of vertices of H of size s = Q(n/(Ak)?) from Lemma A.8. Let T be the set
of vertices that are at distance at least 2 from S in H and let H[T] denote the graph on H induced by
T. Let { denote the distribution on H[T] induced by the Gibbs distribution g ;. We sample I by first

sampling J ~ ¢ and then sampling from the conditional distribution (induced by the Gibbs distribution
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tm.aandJ)on H[vUN (v)] for each v € S. The key observation is that these conditional distributions
are mutually independent. In particular, given J, we can write,

=+ X1+ Xo+ -+ X,

where each X is an independent random variable with support in 0, 1, ..., kKA. We claim that for all
|t| < mand all j € [s], for any realization of J,

|E [e_itxf” <1-ca,

for some absolute ¢ = ¢} , . > 0. For any realization of J, letting X’. denote an independent copy of
A, J
X;, we have

B [e~9 ] =B [e" )|

kA
=P[X; = X/] Z( X~—XJ’.:k]+P[XJ’-—Xj=k])cos(kt)
k=
kA
PIX; = X/] Z( X-—X]’.:k]+P[X]’.—Xj:k])+2P[Xj—X]'-:1]cos(t)
k=2

=1-2P[X; - Xj = 1](1 = cos(1))
1 ’ 2
<1- ZP[Xj -X;=1]
1 ’
<1-P[X; = 1]P[X] = 0]72.

Note that for any vertex v in H, under arbitrary configurations of its neighbors, there is at least proba-
bility 1i/1 such that the configuration of v is 0. So P[X’ =0] > 1+/1 For P[X; = 1], let v; be the vertex
in § and contributes to X;. P[X; = 1] is lower bounded by the probability that only the conﬁguratlon

of v; is 1 and for other vertices in N(v;), their configurations are 0. So P[X; = 1] > 1” (1i/1)Ak. So
we have that,
|E [e_itxf]|2 <1-ca
Finally, we have that for any ¢ € [-x, ],
S
Ele™"X] < max |E[e_”X | J]| = mjaxl—[ |E[e_itxf]| < (1-c'2%)%? < exp(—cnar?),
j=1
for an appropriate ¢ = cg A, > 0 and the result follows. O

Now we are ready to prove Theorem A.4.

Proof of Theorem A.4. We first show the first part of the inequality. For o > 2, applying Lemma A.5 to
=(X-p)/o € a+ BZ, where @ = —ji/o and 8 = 1/0. We have that

1 o ' '
sup |BN(t) —=P[Y =¢t]| < — / |E [eY] -E [e”Z”dt +e )2,
te Ll O J-no

With Lemmas A.7 and A.9, we can bound these two characteristic functions, then we have that,

3/2
1 /mei (|r|(1ogn)/ +1ogn,e_cﬂmz/az+e_,z/2) Ry

sup |BN (1) = P[Y = t]| Skae —
tel g ag

dr +

o ag

Sk,A,g

/ <"V1og o 1] (log n)%/? + log n 1
" logo’

(log n)*/?
SkAe o2
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For the second term, we may assume that 1 < o < logn. Let 2’ = 21/(1 + 1) and observe that the
Gibbs distribution up ; is identical to the product distribution Ber(1”)®" conditioned on the config-
uration being an independent set. Here Ber(1’) is the random variable which is 1 (or occupied) with
probability " and 0 (or unoccupied) otherwise. A trivial union bound argument shows that a random
sample from Ber(1")®V is an independent set with probability at least 1 — 1’*An = 1 — Oy a ¢ (1*n) =
1-0p a.6 (0% /n*~1), where we used Corollary A.6. Therefore, the probability of any configuration un-
der the hypergraph independent set model is within a factor of 1+ Oy a, - (072% /n*~1) of the probability
of the same configuration under Ber(1)®V.

Let X’ denote the random variable counting the number of 1’s in a random sample from Ber (1’
and let ¢’ and o’ denote the mean and standard deviation of X’. Then by the classical DeMoivre-
Laplacian central limit theorem [Pet75], we get that for any integer ¢,

o[ L)

Let Y’ be the sample drawn from Ber(1’)®Y such that X’ = |Y’|. From the comparison between the
hypergraph independent set model and Ber(1’)®" mentioned above we have

P[X' =t AY € I(H)]
P(Y’ € I (H)]
(28) =(1% Ogp (0 /W " NB[X =t AY' € T(H)]
=(1+ Ok,A,g(O'zk/nk_l))(P[X' =t] - ok’A,g((#k/nk—l))
=P[X’ = 1] + Og p.s (2 /0% 1.
Note that by the Chernoff bound for the Binomial distribution we have

(140 (log n) )y’

(29) p-i =(1£00/nb) Y (BIX =] - B[X = 1]))).

t=1

)®V

@7) PIX’ = 1] - iN(’ ;")

P[X =1] =

Note that by a similar argument to (28) we have

(30) VS CN, P[X €S]-P[X €8] =+0pa.(c2k/n*).
Therefore we have by combining (29) and (30), and that u > 1:
(31) p=(1%0pae(c*logn/n* "))y’

Note that we can bound the second moment similarly such that
E[X?] ~ E[(X)’] = £0k a6 (0 log? n/n* 1),
and therefore by oo > 1 we have
(32) 0% = (1£0pa (0% log?n/n* 1)) (c")2
Substituting (31) and (32) into (27) yields the desired result. |

APPENDIX B. ALGORITHMIC IMPLICATIONS OF LOCAL CENTRAL LIMIT THEOREM

In this section, we show the algorithmic implication from the local central limit theorem (Theo-
rem A.4). Specifically, we prove Theorem 1.6.

For a hypergraph H = (V, &) and an external field A with n = |V|, we define oy (1) = %EINIMH’A [11]]
to be the occupancy fraction where pg 4 is the Gibbs distribution.

We follow the high-level ideas in [JPSS22]. We first describe their proof. For a graph G = (V, E)
with n = |V| and an integer ¢, they first find the appropriate A* such that |[nag(1*) —t| < 1/2. To
see this, they first show that g (1) is non-decreasing with A, and the derivative of @ (1) is bounded
by the variance. They also show the variance is bounded, then they can use a grid search to find
the appropriate 1*. To complete this step, they give an FPTAS to approximate ag (1) by the cluster
expansion and the interpolation method to check whether |nag (1) — | < 1/2.
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Let I be a random independent set in G from the Gibbs distribution ug . Let X = |I|. From the

local central limit theorem, they show that P[X =¢] = Q vl [X]) where Var[X] = ©(1*n). So an
ar

FPRAS follows directly from the rapid mixing Glauber dynamics and the rejection sampling. Now, we
consider the FPTAS. Let i = E[X],0% = Var[X],y = (t — f1)/o and Y = (X — i) /0. Let i;(G) be the
number of hypergraph independent sets in G of size ¢. It holds that

i (G) ()
Zg (%)
To approximate i, (G), it suffices to approximate P[Y = y] and Zg(1%). [JPSS22] use the polynomial

interpolation to approximate Zg(A*). For P[Y = y], they apply the Fourier inversion formula, so it
holds that

(33) P[X =1] =P[Y =y] =

1 o ) )
PlY = y] = —/ E [e”Y] e "Vdt.
20 J_ro

Then they show that for high Fourier phases of the characteristic function, E [e” Y] with large #’s, are
negligible through a lemma analogous to Lemma A.9. For low Fourier phases, they use summation to
approximate the integration and a polynomial interpolation.

Now, we show a stronger form of Theorem 1.6. We also give a lower bound of @y (1) (Corollary B.3).
Theorem 1.6 follows directly from Theorem B.1 and corollary B.3.

Theorem B.1 (stronger form of Theorem 1.6). Fix k > 2, A > 3. Let H = (V,&) be a k-uniform
hypergraph with maximum degree A andn = |V|. Let €, A, . be defined as in Theorem 1.1. There exists
a deterministic algorithm that, on input H, an integer 1 < t < nap(Ac,z), and an error parameter
1 € (0,1), outputs an n-relative approximation to i, (H) in time (n/n)%ka(1).

To establish a lower bound for the occupancy fraction @y (1), we note that by linearity of expecta-
tion, it suffices to use the marginal lower bounds under Lovasz local lemma conditions [EL75, HSS11].

Lemma B.2 ([HSS11, Theorem 2.1], restated). Let H = (V,&) be a k-uniform hypergraph with maxi-
mum degree A and let A > 0 such that

k
(34) e kA < 1,
1+A4

Let I ~ up a be a random independent set in H with external field A. Then, for anyv €V,

1 1 k—kA

The following corollary is immediate by noting that the condition in Theorem 1.1 satisfies (34).

Corollary B.3. Fixk > 2, A > 3. Let H = (V, &) be a k-uniform hypergraph with maximum degree A.

Fixanye € (0, 91&%)' Let A, be defined as in Theorem 1.1, then for any A € [0, A¢ £],

D=1 ! 1+ L
G =TT 1oAK3 |

Before giving the proof of Theorem B.1, we first collect some useful lemmas following the high-
level idea in [JPSS22]. Given an integer ¢, we first describe how to find the appropriate 1* such that
|ag (%) —t| < 1/2 (Lemma B.6). We provide an algorithm to approximate cumulants which is used
in Lemma B.6. The s-th cumulant of a random variable Y is defined in terms of the coefficients of the
cumulant generating function Ky (z) = logE [eZY] (when this expectation exists in a neighborhood of
0). In particular, the s-th cumulant is

ks (Y) = K$7(0).

We show that we can provide an additive approximation to cumulants.
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Lemma B.4. Fixk > 2, A > 3. Let H = (V, &) be a k-uniform hypergraph with maximum degree A.
Letn = |V|. Fixany e € (0, 91&%)' Let A be defined as in Theorem 1.1. For any A € [n™2, A ¢], let

I ~ ug.a, X = |I| and ks(X) be the s-th cumulant of X. Let n € (0,1) be an error parameter. There
exists an algorithm that outputs an n-additive approximation to ks(X) in time Oy a ¢ s ((n/n)%ka.sM)),
In particular, this provides an FPTAS for the multiplicative approximation of E[ X] and Var[X].

Remark B.5. This is an analog of [JPSS22, Theorem 1.7]. However, they do not need a lower bound of
A > n2 because they are able to handle small 2’s differently by a cluster expansion. And for large A’s,
they use a polynomial interpolation. So, their algorithm does not require a lower bound of A and runs
in linear time in n. We claim that the regime we considered is sufficient to prove Theorem 1.6. We will
see this fact in the proof of Lemma B.6.

Now, we describe the high-level ideas of the proof. First, we can express cumulants by the derivatives
of the log-partition function. By the standard tool in [Bar16] and the fundamental theorem of algebra,
one can express the derivatives of the log-partition function by the combination of inverse power series.
For example, let Z(x) = [[j-; (1 — rix) where rq, 9, ..., r, donates the inverse roots of Z. So we have
that,

d*log Z(x S S (s—1+a

% SCEDIDIDY ( ] )(r,-x)“.

i=1 a=0
Then we can truncate the series and calculate the truncated series using the approximate inverse power
series derived by [PR17, LSS17]. This finishes the proof of the additive approximation of the cumulant.
For the FPTAS for E[X] and Var[X], we need to convert the additive error to a multiplicative error.
So, it suffices to show that E[X] = Q a. (An) and Var = Q; A . (An). To see this, note that A > n~2, if
we want a 17’ -relative approximation, we can set n = n’n~!. And these two lower bounds follow from
Corollary B.3 and Corollary A.6.
Next, we present a lemma for finding an appropriate external field.

Lemma B.6. Fixk > 2, A > 3. Let H = (V,&) be a k-uniform hypergraph with maximum degree A.

Letn = |V|. Fixany ¢ € (0, 9]<5+A2)' Let Ac. s be defined as in Theorem 1.1. Then there exists a constant

{=Clkne Fort € Zsy andt < nag(Ac g), there exists an integer s € {1, 2,...,2{n} such that
lnap(s/(24n)) — 1] < 1/2.
Furthermore, for a given t, there exists an algorithm to find such s that runs in time Oy . (n9%5.¢(1)),

Proof. Forany A € (0, ¢ ¢], let Iy ~ ug a, Xa = |11]. By a standard calculation, we have that ey (1) =

ﬁ %((j)) By Corollary B.3, it holds that
0 1
00 = T-Var[Xa] = O, (1)

Therefore, we set { = maxyc(o,a, ] é%ay (A) = Og.a,(1). By the above calculation, we know that
ap () isnondecreasing. And we see that na gy (1) increases at most 1/2 over an internal length 1/(2{n).
So for any ¢ < na, there must be an integer s € {1, 2, ..., 2{n} such that |nag(s/(2¢{n)) —t| < 1/2.
Note nap (1) = E;(X,) and recall that for 1 € (n72, 1. ], we can use Lemma B.4 to compute
E (X)) with 1/4 additive error by setting 7 = 1/4. So we can use this method to find such s. O

The next lemma is an analog of [JPSS22, Lemma 4.3], which shows that for low Fourier phases,
E [e” Y] with small #’s, we can approximate them by the interpolation method.

Lemma B.7. Fixk > 2, A > 3 and a parameter C > 1. Let H = (V, &) be a k-uniform hypergraph with
maximum degree A. Letn = |V|. Let &, ... be defined as in Theorem 1.1. For any X € [n"2, A, ], let
I ~ppa X =11, i=E[X],c% = Var[X] andY = (X — @)/ There exists a deterministic algorithm

that, on input H, A, an error parameter 1 € (0,1/+/n), and t € [—C\/log 1/n, C\/log 1/77] outputs an

n-relative, n-additive approximation to E [e”Y] in time (n/n)Pkrec(),
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Now we describe the proof of Lemma B.7. We first express the characteristic function by the partition
function.
ZH (/leit/ 0')

Zu(A)
So, if we can approximate the partition function, i and o, then we can approximate E [e” Y]. We can
use Lemma B.4 to approximate i and o. For the partition function, we use a polynomial interpolation.

For A < ﬁ’ for any € R, A¢''/ is in the zero-free region due to [GMP*24].

For A > mLA’ by Corollary A.6, we have 07 = Q; A . (). We may assume that for |t| < C+/log 1/n,
e/ is in D, otherwise it follows that 7 = exp(Qy_a.s.c (1)), so that the exhaustive enumeration
runs in the claimed time.

Finally, we are ready to give a proof sketch of Theorem B.1. Given all the ingredients of zero-freeness
and local CLT, our proof closely follows that of [JPSS22] and we will not repeat formally.

First, we use Lemma B.6 to find A* such that |[nay (1) —t| < 1/2. Let 7 = E[X], 0% = Var[X],
note that we only need to consider the case satisfying o > ¢ > 1 where c is a constant. To see
this, we argue that if o < ¢, then r must also be an absolute constant, and we can simply enumerate
all the independent sets of size ¢ using brute-force in time O(n'). By Corollary A.6, we have 2 =
O.A,&(An), so there exists a constant {4 a . such that o < ¢ means A < {x A, ¢ /n. Also, by the proof
of Lemma B.6, we know that by changing A from 0 to {x a & /n, nag (1) only changes by a constant.
Therefore, the corresponding #’s satisfy ¢t < 6y A . for some constant 6 A .. As such, we can use
brute-force enumeration to calculate i; (H) in time O (n').

Henceforth, we assume o > ¢ > 1. By Theorem A.4, Corollary A.6 and the fact that o > ¢, we
have P[X =t¢] = Qk,A,g(l/m) = Qpa.s(1/0). Recall (33), it suffices to approximate P[X = ¢] and
Zg (%) in order to approximate i, (H). LetY = (X — 1) /o and y = (¢t — 1) /0. By the Fourier inversion
formula,

E [eitY] — o-ithlo g [eitX/o'] — oitilo

P[X=t] =P[Y =y] = 1 /mTE [e"Y] e " ar.

2n0 J_ro

By Lemma A.9, let y = min(no, Cka ev00g1/n) where Cy a . is a sufficiently large constant de-
pending on k, A, &, we know that the contribution of high Fourier phases is negligible compared to
P[X =1] = Qg A, (1/VA*n) = Qi .a.s(1/0). So we know that,

1 Y . .
PIY =] ~ 5 / E[e" | eV dr.
s

Then we replace the integration with summation. For ¢ = 0(n), we have that

; ¥t vey] ie
PlY = ~r — E[”7 :|—1’ty.
[ y] 27TO-ZZ(_1 e e
==Y

For the characteristic function, we use Lemma B.7 for approximation. To approximate g and o, we
apply Lemma B.4. These allow us to approximate P[Y = y]. Recalling (33), the missing part to approx-
imate i; (H) is Zg (A*), which can be derived by the polynomial interpolation.

37



	1. Introduction
	2. Preliminaries and notations
	3. Convergence of complex Markov chains
	4. Lee-Yang zeros of the hypergraph independence polynomial
	5. Decay of complex measures in percolation
	6. Reduction from Fisher zeros to Lee-Yang zeros
	References
	Appendix A. A central limit theorem for hypergraph independent sets
	Appendix B. Algorithmic implications of local central limit theorem

