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Abstract

Let µ be a probability distribution on a multi-state spin system on a set V of sites. Equiv-
alently, we can think of this as a d-partite simplicial complex with distribution µ on maximal
faces. For any pair of vertices u, v ∈ V , define the pairwise spectral influence Iu,v as fol-
lows. Let σ be a choice of spins sw ∈ Sw for every w ∈ V \ {u, v}, and construct a matrix in
R(Su∪Sv)×(Su∪Sv) where for any su ∈ Su, sv ∈ Sv , the (usu, vsv)-entry is the probability that sv
is the spin of v conditioned on su being the spin of u and on σ. Then Iu,v is the maximal second
eigenvalue of this matrix, over all choices of spins for all w ∈ V \ {u, v}. Equivalently, Iu,v is
the maximum local spectral expansion of links of codimension 2 that include a spin for every
w ∈ V \ {u, v}.

We show that if the largest eigenvalue of the pairwise spectral influence matrix with entries
Iu,v is bounded away from 1, i.e. λmax(I) ≤ 1 − ϵ (and X is connected), then the Glauber
dynamics mixes rapidly and generate samples from µ. This improves/generalizes the classical
Dobrushin’s influence matrix as the Iu,v lower-bounds the classical influence of u → v. As a
by-product, we also prove improved/almost optimal trickle-down theorems for partite simpli-
cial complexes. The proof builds on the trickle-down theorems via C-Lorentzian polynomials
machinery recently developed by the authors and Lindberg.
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1 Introduction

A simplicial complex X on a finite ground set [n] = {1, . . . , n} is a downwards closed collection
of subsets of [n], i.e., if τ ∈ X and σ ⊂ τ , then σ ∈ X . The elements of X are called faces,
and the maximal faces are called facets. We say that a face τ is of dimension k if |τ | = k and
write dim(τ) = k1. A simplicial complex X is a pure d-dimensional complex if every facet has
dimension d.

Given a d-dimensional complex X , for any 0 ≤ i ≤ d, define X(i) = {τ ∈ X : dim(τ) = i}.
Moreover, the codimension of a face τ ∈ X is defined as codim(τ) = d− dim(τ). For a face τ ∈ X ,
define the link of τ as the simplicial complex Xτ = {σ \ τ : σ ∈ X,σ ⊃ τ}.

A d-partite complex is a d-dimensional complex such that X(1) can be (uniquely) partitioned
into sets S1 ∪ · · · ∪ Sd such that for every facet τ ∈ X(d), we have |τ ∩ Su| = 1 for all u ∈ V . Let µ
be a probability distribution on facets of X . We denote this by (X,µ).

Multi-state Spin Systems. Equivalently, a d-partite simplicial complex can be seen as a multi-
state spin system. In a general multi-state spin system, we have

• a set of d sites which we denote by V ,

• a site v is associated with a set of spins Sv, so that X(1) = ∪v∈V Sv, and

• each possible configuration of the system is an element of the set S1 × · · · × Sd and µ is a
probability distribution over all configurations.

We emphasize that in general the sets {Sv}v∈V may even be exponentially large in V and they do
not need to be the same.

Many of the classical models in statistical physics such as the Ising and the Potts model can be
seen as special cases of such a system. Thus, in the rest of this manuscript we will use these two
terminologies interchangeably.

1.1 Dobrushin’s Condition

Given a d-partite complex (X,µ), a site u ∈ V , and a choice of spin sv ∈ Sv for all v ̸= u, a marginal
oracle samples the spin of u from µ conditioned on the spin of all the other sites. Given a such an
oracle, one can run a Markov chain called the Glauber dynamics (or the down-up walk) to generate
random samples from µ: Each time choose u ∈ V uniformly at random, and re-sample the spin of
u given all the other spins using the marginal oracle. Under certain connectivity assumptions, this
Markov chain converges to µ. So, a natural question is to find sufficient conditions for the Markov
chain to mix rapidly. Dobrushin’s condition is then a simple sufficient condition for rapid mixing.

To state Dobrushin’s condition, we need to develop a little more notation. For a face τ ∈ X(i),
let µτ denote the conditional distribution of µ on facets of the link Xτ , i.e,

µτ (ω) = Pσ∼µ[σ \ τ = ω | τ ⊂ σ] for all ω ∈ Xτ (d− i).

Given two probability distributions µ and ν, we write ∥µ− ν∥TV to denote the total variation
distance between µ and ν.

1Note that this differs from the typical topological definition of dimension for faces of a simplicial complex.
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Pairwise Influence Matrix. Given distinct u, v ∈ V , the influence of v on u is defined as

Iv→u = max
σ,σ′∈X(d−1)

∥µσ − µσ′∥TV

where the maximum is over all pairs σ, σ′ of choices of spins for all sites in V \ {u} where the
choice of spin is the same for every site in V \ {u, v}. In other words, Iv→u measures how much v
can change the marginal distribution of u (in the worst case) when the spins of all other sites are
fixed. The pairwise influence matrix I ∈ RV×V is defined to be the (not necessarily symmetric)
matrix where I(u, v) = Iv→u.

Spectral Independence. Define Ψ ∈ R(∪uSu)×(∪uSu) as follows. Given distinct sites u, v ∈ V ,
define

Ψ(usu, vsv) = Pσ∼µ[vsv ∈ σ|usu ∈ σ]− P[vsv ∈ σ],

and let Ψ(us, us′) = 0 otherwise. We say µ is η-spectrally independent if for any τ ∈ X of
codimension at least 2, we have

λmax(Ψµτ ) ≤ η.

Spectral independence is recently introduced in [ALO24; Che+21; Fen+21] and it was shown that
it implies that the Glauber dynamics mixes in O(d1/η)-steps.

The modern form of Dobrushin’s condition is then a bound on the maximum eigenvalue of
the pairwise influence matrix. This condition implies spectral independence of the distribution µ
on the facets of X , which in turn implies rapid mixing of the Glauber dynamics. We formalize this
in the following.

Theorem 1.1 (see e.g., [Hay06; DGJ09; Bla+22; Liu21]). If ρ(I) ≤ 1 − ϵ, then µ is 2/ϵ-spectrally
independent and the Glauber dynamics mixes in O(d log d/ϵ) steps, where ρ(I) is the spectral radius of I
(that is, the largest eigenvalue of I in absolute value).

The above theorem has a very long history. Originally Dobrushin [Dob70] showed that for
infinitely sized multi-state spin systems, if the influence of every site u on all other sites is bounded
away from 1 then the Gibbs distribution is unique. This condition was later weakened (see e.g.,
[DS85; Wei05]). After the introduction of the path coupling technique, it was observed that the
Dobrushin’s condition also implies rapid mixing of the Glauber dynamics. The condition was
weakened in a sequence of works [Hay06; DGJ06; DGJ09; Bla+22; Liu21] leading to the above
theorem. We remark that [Bla+22] only justifies spectral independence of µ.

We also emphasize that Dobrushin’s condition has found many applications outside of the
theory of the Markov chain community (see e.g., [SOR16; LY25]) because of its simplicity and
generality. Although it may not give a tight mixing result, in many settings it provides a close to
optimal bound.

1.2 Main Results

Given a complex (X,µ), the (weighted) skeleton2 of X , denoted G∅, is the weighted graph with
vertex set X(1) and edge set X(2) where the weight of an edge

w(x, y) = Pσ∼µ[x, y ∈ σ].

2Some authors use the term base graph instead of skeleton.

2



We let A∅ be the adjacency matrix of this graph, and P∅ be the transition probability matrix of
the simple random walk. More generally, for any face τ ∈ X with codim(τ) ≥ 2, we let Aτ , Pτ be
the adjacency matrix and the random walk matrix of the skeleton of link of τ . Lastly, we say X
is a connected complex if for every τ of codimension at least 2, the skeleton of Xτ is a connected
graph.

Given a d-partite complex X , we define the pairwise spectral influence matrix I as follows.
For any distinct u, v ∈ V we define

I(u, v) = I(v, u) = max
τ∈X(d−2),u,v /∈V (τ)

λ2(Pτ ),

where V (τ) is the set of all v ∈ V with a spin in σ. We note that for any such τ , the graph Gτ is a
bipartite graph; so its second eigenvalue is always non-negative, unless it has exactly two vertices,
i.e., both u, v have exactly one spin left in the link of τ . In such a trivial case, we also let I(u, v) = 0
so that I always has non-negative entries.

It is straightforward to see the following (see Section A for a proof):

Lemma 1.2. For any connected d-partite complex, λmax(I) = ρ(I) ≤ ρ(I).

In other words, I measures probabilistic influence of sites on one another (when the spin of
every other site is fixed) whereas I measures the spectral influence, which can be significantly
smaller. We remark that spectral independence is closely related to the eigenvalues of links of
X . Specifically, for any τ ∈ X of codimension at least 2, we have λ2(Pτ ) = λmax(Ψτ )

codim(τ)−1 . See e.g.,
[Che+21, Theorem 8 arxiv version] for a proof.

We show that the Glauber dynamics mixes rapidly even if the largest eigenvalue of the spectral
influence matrix is bounded away from 1.

Theorem 1.3 (Main). For any connected d-partite complex, if λmax(I) ≤ 1 − ϵ then for any τ ∈ X of
codimension at least 2, we have λ2(Pτ ) ≤ (1−ϵ)2

(codim(τ)−1)ϵ . That is, the distribution µ is (1−ϵ)2
ϵ -spectrally

independent.

We remark that the conclusion of the above theorem is slightly weaker than Theorem 1.1 in the
sense that 1/ϵ-spectral independence implies O(d1+1/ϵ)-mixing (unless we make further assump-
tions about X). We suspect an improved upper-bound of O(d2polylog(d) · f(ϵ)) on the mixing
time is possible for some function f(·) independent of d, and we leave that as an open question.

We in fact prove a more general theorem from which Theorem 1.3 follows. To state our theorem
we need to equip our set of sites V with a random walk matrix after adding a set of “boundary”
vertices B. Let G be any graph with vertices V ∪B and no self-loops, and let W ∈ R(V ∪B)×(V ∪B) be
a random walk matrix, such that from any vertex v ∈ V there is a path (with positive probability)
from v to some vertex in B. Given u, v ∈ V , we also denote by Wv[u → v] the probability that a
random walk starting from u hits v before any boundary vertex in B.

Theorem 1.4 (Main technical). Let (X,µ) be a connected d-partite complex with parts indexed by V , let
W be a random walk matrix as described above, and let M∅ ∈ RV×V be the real symmetric matrix with
zero diagonal and off-diagonal entries given by M∅(u, v) =

√
Wv[u → v] ·Wu[v → u] for all distinct

u, v ∈ V . If for all σ ∈ X(d− 2) we have λ2(Pσ) ≤
√
W (u, v) ·W (v, u), where u, v are the two distinct

sites in V which have no spin in σ, then

λ2(P∅) ≤
λmax(M∅)

d− 1
,
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and more generally for any τ ∈ X of codimension at least 2,

λ2(Pτ ) ≤
λmax(Mτ )

codim(τ)− 1
,

where Mτ ∈ RV \V (τ)×V \V (τ) is defined analogously to M , except that the vertices in V (τ) are considered
to be boundary vertices in B.

To help with the understanding of Theorem 1.4, we consider a concrete example. Let (X,µ)
be a d-partite complex on sites V labeled by V = {1, 2, . . . , d}. In the notation of [LLO25], we call
(X,µ) a top-link path complex if for all σ ∈ X(d− 2) we have

λ2(Pσ) ≤

{
1
2 , i = j − 1

0, i < j − 1,

where i < j are the two distinct sites in V which have no spin in σ.
We can capture this definition using our notation as follows. Define B = {0, d+1}, and define

G to be the simple path graph with vertices ordered as {0, 1, 2, . . . , d, d + 1}. We let W be the
transition probability matrix of the simple random walk on G; that is, for each vertex k ∈ V ,
the walk moves to k − 1 with 50% probability and to k + 1 with 50% probability. The d-partite
complexes (X,µ) satisfying the condition λ2(Pσ) ≤

√
W (u, v) ·W (v, u) for all σ ∈ X(d − 2) from

Theorem 1.4 are then precisely top-link path complexes.
In this case, the values of Wv[u → v] can be explicitly computed: for i < j we have

Wj [i → j] =
i

j
and Wi[j → i] =

d+ 1− j

d+ 1− i
.

One can then use this with Theorem 1.4 to prove that λ2(Pτ ) ≤ λmax(Mτ )
d−1 = 1

2 for all τ ∈ X , which
is one of the main results of [LLO25]. We give a more detailed proof of this in Section 5.3.

We find it quite surprising that hitting probabilities of the given random walk appear in the
second eigenvalue bounds of Theorem 1.4. Intuitively, we believe that they represent global cor-
relations between sites in the complex.

To apply the theorem more generally, one can consider the following remarks:

1. Since the theorem allows any absorbing random walk matrix W , one should design G and
W such that for any u ∈ V , a random walk starting at u hits a vertex in B as fast as possible.

2. For any choice of W , we have Mτ (u, v) ≤ 1 for all τ ∈ X since Wu[v → u] is a probability.
Therefore a row sum bound on Mτ gives the trivial bound λ2(Pτ ) ≤ 1 for all τ ∈ X .

3. The Cauchy interlacing theorem and Theorem 2.4 imply λmax(Mτ ) ≤ λmax(M∅) for all τ ∈
X . Thus a constant bound on λmax(M∅) is sufficient to imply spectral independence.

We finally give a corollary which gives a slightly weaker but more conceptual form of the
upper bound on λ2(P∅) in Theorem 1.4. We will use this corollary to prove Theorem 1.3.

Corollary 1.5. Let (X,µ) be a connected d-partite complex with parts indexed by V , and let W be a random
walk matrix as described above. If for all σ ∈ X(d− 2) we have λ2(Pσ) ≤

√
W (u, v) ·W (v, u) where u, v

are the two distinct sites in V which have no spin in σ, then

λ2(P∅) ≤ max
u∈V

EQ∼W[u][distinct(Q)− 2]

d− 1
,

4



where the expectation is over all random walks Q starting at u and stopping the first time it hits a vertex in
B, and distinct(Q) is the number of distinct vertices in Q. An analogous bound also holds for λ2(Pτ ) for
all τ ∈ X .

We note that the RHS of the bound has another interpretation: it is the maximum (over u ∈ V ) expected
fraction of vertices of V \ {u} visited before hitting a vertex of B on a random walk starting from u.

We now apply Theorem 1.5 to the path graph example discussed after Theorem 1.4. When d
is odd (the even case is similar), the worst case choice of u ∈ V for the bound of Theorem 1.5 is
u = d+1

2 , and we want to compute the expected number of distinct vertices visited by a random
walk starting at u and ending at either 0 or d+1. By symmetry we may assume that the walk ends
at 0, and thus it is equivalent to ask for the expected largest index of V reached by the walk before
hitting 0. That is, letting Z be the random variable indicating the largest index of V we visit, we
want to compute EQ∼W[u][Z | absorb at 0].

Obviously Z ≥ d+1
2 , and straightforward computations imply P[Z ≥ i | absorb at 0] = d+1−i

i .
Thus we have

EQ∼W[u][Z | absorb at 0] =
d+ 1

2
+

d∑
i= d+1

2
+1

P[Z ≥ i | absorb at 0] ≈ d · ln(2).

Applying Theorem 1.5, we obtain λ2(P∅) ≤ ln(2) ≈ 0.693. Note that this is worse than what we
can obtain from directly using Theorem 1.4, which is λ2(P∅) ≤ 1

2 .

1.3 Applications

Analysis of Markov Chains. The pairwise influence matrix of Dobrushin has long been used as
an analytical tool to bound the rate of convergence of Gibbs sampling. This is mainly due to the
simplicity and locality of the Dobrushin’s criterion.

We expect our main Theorem 1.3 to find applications in many settings that the classical in-
fluence matrix fall short such as analyzing Gibbs distributions in statistical physics or Graphical
models in machine learning.

Given our stronger theorem one wonders for what regime of parameters or for what family
multi-state spin systems our new theorem significantly beats the classical results: Unfortunately
for some of the classical examples of multi-state spin systems such as the graph coloring problem
the bound of Theorem 1.3 is equivalent to that of the (path) coupling and Dubrushin’s bound. It
turns out that Theorem 1.3 gives significantly improved bound for instances with ”asymmetric”
interactions between the spins. Next, we explain one such example.

Example. Consider the following concrete example: We are given a family of d individuals (sites)
on a graph G = (V,E) where each edge represents mutual friendship. Suppose a spin represents
the activity that an individual is doing (during the day) such as working, sleeping etc. A new
contagious disease is started in the community; when an individual gets sick, we mark them as
“sick” and we will immediately send their friends to “quarantine”. The question is to sample a
uniformly random state of such a system. That is for a σ ∈ X let

µ(σ) ∝
∏
u∼v

I[su ̸= “sick” ∨ sv = “quarantine”]

The following lemma is immediate:
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Lemma 1.6. Suppose ∆ is the maximum degree of any individual in G and suppose |Sv| ≥ q for every
site v. There is a universal constant c > 0 such that if ∆ < c

√
q, then λmax(I) ≤ 1/2 and the Glauber

dynamcis mixes in polynomial time.

We emphasize that for any u ∼ v the influence of v to u is almost 1, Iv→u ≥ 1 − O(1/q). So,
λmax(I) is not bounded and the classical (path) coupling arguments/Dobrushin’s like conditions
fails to analyze the Glauber dynamics in such settings.

Trickle-down Theorems. Trickle-down theorems are a family of local-to-global theorems for
simplicial complexes. Roughly speaking these theorems imply that if λ2(Pτ ) is small for “all”
faces of codimension 2, then the underlying complex is a local spectral expander.

Theorem 1.7 ( [Żuk03; BHV08; Opp18]). If (X,µ) is a connected d-dimensional such that λ2(Pτ ) ≤ 1−ϵ
d

for every τ ∈ X of codimension 2, then for any σ with codim(σ) = k, λ2(Pσ) ≤ 1−ϵ
d−(k−2)(1−ϵ) . In

particular, X is a 1−ϵ
ϵd -local spectral expander.

If X is d-partite, then the assumption of the above theorem translates to every entry of the
pairwise spectral influence matrix is bounded by 1−ϵ

d , so the max eigenvalue is trivially upper-
bounded by 1 − ϵ. In a sequence of recent works the above theorem has been generalized for
partite or path complexes [AO23; LLO25]. Our main Theorem 1.3 can be seen as a generalization
of all of these recent works. In particular, see Section 5.3 for a short reproof of spectral expansion
of the links of path complexes.

Lastly, we remark that the trickle-down theorems are often employed in constructions of sparse
high dimensional expanders e.g., [LSV05; KO18; OP22]. Our main theorem can also be exploited
in such scenarios to obtain improved bounds on the local spectral expansion of the underlying
complex.

1.4 Technical Overview

Trickle-down theorems can be seen as one of the strongest tools to prove mixing time of Markov
chains. In several cases such as sampling bases of matroids [Ana+24] or edge coloring of graph
[ALO21; WZZ24] we are not aware of any other technique that can replicate the result. In par-
ticular, none of correlation decay, coupling, canonical path, interpolation method, etc., seems to
work.

This paper builds on a long-term program [ALO21; WZZ24; AO23; LLO25] where the goal is
to obtain near optimal trickle-down theorems for various family of simplicial complexes. To this
date, this program has lead to near optimal bounds for sampling edge coloring of graphs [ALO21;
WZZ24], near tight bound on spectral expansion of sparse coset complexes [AO23; LLO25], and
new tight bounds for sampling and log-concavity of path complexes such as distributions over
maximal chains in distributive and modular lattices. Some of the major goals of this program is to
obtain optimal mixing results for sampling proper colorings of graphs, or to prove long-standing
conjectures on log-concave sequences corresponding to matroids of lattices such as the Neggers-
Stanley conjecture.

Originally, [ALO21; WZZ24; AO23] managed to prove improved trickle-down theorems by
a purely linear algebraic argument extending the proof of Theorem 1.7 by running a more so-
phisticated inductive proof via a technique called “matrix trickle-down theorem”. Although they
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succeeded in giving near optimal mixing time arguments for sampling edge coloring of graphs
[ALO21; WZZ24] the technique seemed rather complicated and non-trivial to generalize. It is
also typically lossy. In this work, building on [LLO25], we continue building a new approach
that is proving tight trickle-down theorems using the machinery of C-Lorentzian polynomials.
For experts, the polynomial techniques so far are analogous to the diagonal induction machinery
introduced in [ALO21].

C-Lorentzian polynomials and commutative maps. In the C-Lorentzian polynomial technique,
we recursively define a family of polynomials pσ over faces σ of a complex X such that their Hes-
sian has only one positive eigenvalue when evaluated in certain open convex cones (the definition
is in fact more general, see Theorem 2.1). These polynomials are constructed in such a way that
eigenvalues of Pσ can be computed by evaluating and taking directional derivatives of pσ. Prior
to our works, there has been several suggestive definitions for stable or Lorentzian polynomials
with respect to cones [DGT21; Ali+21; BD24]. These definitions are incomparable to our machin-
ery since the cone is often fixed; in our machinery the cone changes and gets “bigger” as we take
more (directional) derivatives. For example, we relate the cone of pσ to that of pσ∪{x} (for some
x ∈ Xσ(1)) by defining a family of “commutative” π maps

πσ+x : RXσ(1) → RXσ∪{x}(1) for all σ ∈ X, x ∈ Xσ(1),

so that applying πσ+x to the cone of pσ gives the cone of pσ∪{x}, where “commutative” roughly
speaking means

πσ∪{x}+y(πσ+x(·)) = πσ∪{y}+x(πσ+y(·)) for all {x, y} ∈ Xσ(2).

Commutative π maps of a specific form are then utilized in the definition of the polynomials pσ.
Concretely, we define pσ = µ(σ) when σ is a facet of X , and otherwise we inductively define

(d− |σ|) · pσ(t) =
∑

x∈Xσ(1)

tx · pσ∪{x}(πσ+x(t)) with πσ+x(t)y = ty − ϕσ(y, x) · tx,

for a carefully chosen ϕσ(·, ·). As we will demonstrate, such families of commutative π maps
very generally give rise to trickle-down-type theorems, yielding eigenvalue bounds on all links
from eigenvalue bounds on links of codimension 2. Thus the main challenge is to find the right
family of commutative π maps. (We note here that the commutativity property is equivalent to
a highly over-constrained system of linear equations and thus is a priori difficult to satisfy; see
Theorem 4.2.)

Main contribution. The main contribution of this paper is to define commutative π maps based
on a family of random walks on the sites V . In fact, once we add a carefully chosen set B of
absorbing vertices to V , any random walk transition matrix W ∈ R(V ∪B)×(V ∪B) that absorbs in B
(in a finite number of steps) gives a family of commutative π maps by letting ϕσ(y, x) (above) be
the probability that a random walk starting from the site of y hits the site of x before the sites of
σ or the any of the boundary vertices B. The commutativity property then simply follows from
properties of random walks (see Theorem 3.4).

From this we obtain that any absorbing random walk transition matrix W gives rise to a trickle-
down theorem. This may seem surprising at first, but the hitting probabilities used to define the

7



commutative π maps above are capturing long-range correlations in the underlying probability
distribution µ.

Finally, to fully define our polynomials pσ we choose the transition matrix W based on the
pairwise spectral influence matrix I in such a way that, for τ ∈ X of codimension 2, the polyno-
mial pτ is a (quadratic) Lorentzian polynomial. This implies eigenvalue bounds on the links of
codimension 2, enabling us to apply the trickle-down theorem associated to our commutative π
maps.

With these polynomials defined, the proofs of our main results are detailed in Section 4 and
Section 5. They generally follow three main steps:

1. For all σ ∈ X such that codim(σ) = 2, prove that the Hessian of the quadratic form

pσ(t) =
∑

{x,y}∈Xσ(2)

µ(σ ∪ {x, y}) ·
(
txty −

ϕσ(y, x)

2
t2x −

ϕσ(x, y)

2
t2y

)
has at most one positive eigenvalue (i.e. λ2 ≤ 0). Note that including π maps has the effect
of adding negative values to the diagonal of ∇2pσ. Without these values, the multi-affine
terms in pσ would need to be supported on bases of a matroid (in order to obtain λ2 ≤ 0),
which would not allow for the more general applications of C-Lorentzian polynomials given
in this paper.

By Theorem 4.8 this implies pσ is Cσ-Lorentzian for all σ ∈ X for certain cones Cσ. That is,
from eigenvalue bounds for σ ∈ X with codim(σ) = 2, we obtain eigenvalue information for
all σ ∈ X .

2. Bound the second eigenvalue of Pu,v, the bipartite random walk matrix between Su, Sv

(in the link of ∅) where every edge (su, sv) is weighted by Pσ∼µ[usu, vsv ∈ σ]. We do
this by applying one well-chosen directional derivative ∇α(w) for each site w ∈ V \ {u, v}
(where α(w) ∈ C∅), which has the effect of marginalizing out the site w. Because p∅ is C∅-
Lorentzian, the Hessian of what remains has at most one positive eigenvalue, which yields
the desired bound.

3. Use bounds on all Pu,v’s together with some basic facts from spectral graph theory to bound
λ2(P∅) (and λ2(Pσ) for all σ ∈ X); see Theorem 2.8. We remark that our approach differs
substantially from the matrix trickle-down arguments of [ALO21] in the sense that we don’t
directly bound eigenvalues of P∅. Instead, as described above, we first use the theory of C-
Lorentzian polynomials to bound eigenvalues of the induced subgraph between every two
parts of the underlying d-partite graph, and then we combine these bounds to obtain the
desired upper bound on λ2(P∅).

Future directions. It can be seen that our current machinery is not enough to obtain significantly
improved bounds on mixing time of the Glauber dynamics for sampling proper colorings of a
graph. This is mainly because in our inductive argument we only use second eigenvalues of
Pτ for faces τ of codimension 2, and that is not enough even to obtain optimal mixing results
for proper colorings of the complete graph. Going forward, we expect a more general family of
commutative π maps (which we call “non-diagonal π maps”) can exploit the full spectra of links of
codimension 2. We hope that this will allow us to extend the current machinery to give improved
mixing bounds for fundamental sampling problems.
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2 Preliminaries

2.1 Log-concave Polynomials

We recall the definition of C-Lorentzian polynomial from [LLO25], along with the main lemma
which makes such polynomials useful for bounding second eigenvalues (and for log-concavity,
but we do not utilize this in this paper).

Definition 2.1 (C-Lorentzian polynomials; Defn. 2.1 of [BL23]). Let p ∈ R[t1, . . . , tn] be a d-homogeneous
polynomial for d ≥ 2, and let C ⊂ Rn be a non-empty open convex cone. We say that p is C-Lorentzian if

(P) ∇v1 · · · ∇vd
p(t) > 0 for all v1, . . . ,vd ∈ C, and

(Q) the Hessian of ∇v1 · · · ∇vd−2
p(t) has at most one positive eigenvalue for all v1, . . . ,vd−2 ∈ C.

Note that (P) implies any Hessian in (Q) also has at least one positive eigenvalue.
Additionally, any linear form for which (P) holds is defined to be C-Lorentzian of degree d = 1, and any

positive constant is defined to be C-Lorentzian of degree d = 0.

Lemma 2.2. Let p be a d-homogeneous polynomial on Rn, and let C ⊂ Rn be a non-empty open convex
cone. If p is C-Lorentzian and u,w,v1, . . . ,vd−2 ∈ C (the closure of C), then:

1. the Hessian of ∇v1 · · · ∇vd−2
p has at most one positive eigenvalue, and

2. the coefficients of f(x) = p(u · x+w) form an ultra log-concave sequence.

Proof. For (1), let (v1(i), . . . ,vd−2(i))∞i=1 be a sequence of vectors in C which approach (v1, . . . ,vd−2).
Thus the Hessian of ∇v1(i) · · · ∇vd−2(i)p has at most one positive eigenvalue for all i ≥ 1. Therefore
the limit of these Hessian matrices also has at most one positive eigenvalue.

The statement of (2) follows from Remark 2.4 of [BL23].

2.2 Linear Algebra

We next state some eigenvalue bounds which will be useful in our analysis. The first two results
are standard, whereas Theorem 2.6 and a weaker version of Theorem 2.8 were both proven and
used in [LLO25].

Lemma 2.3 ([Tro01]). For any matrix A and any matrix norm,

ρ(A) = lim
n→∞

∥An∥1/n (1)
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For a square (non-symmetric) matrix A ∈ Rn×n let Ā be the symmetrized version of A where
Āi,j =

√
Ai,jAj,i. We will prove the following two lemmas. The following lemmas are immediate

consequences of the above.

Lemma 2.4 ([Mey00, Example 7.10.2]). For any pair of matrix A,B ∈ Rn×n
≥0 such that A(i, j) ≤ B(i, j)

for all i, j we have ρ(A) ≤ ρ(B).

Lemma 2.5. For any A ∈ Rn×n
≥0 we have

ρ(A) ≥ ρ(Ā)

where ρ is the spectral radius.

Proof. We choose the trace norm ∥A∥ =
√

Tr(AAT ) =
√∑

i,j A
2
i,j . By Theorem 2.3, it is enough to

show for any integer n ≥ 1,
∥An∥ ≥

∥∥Ān
∥∥ .

We show that for any n and i, j we have

(An
i,j)

2 + (An
j,i)

2 ≥ 2(Ān
i,j)

2. (2)

Then, the lemma immediately follows from the fact that ∥An∥2 =
∑

i,j(A
n
i,j)

2 =
∑

i,j(A
n
j,i)

2.
It remains to show (2). First we notice that An

i,j can be written as the sum over all walks of
length n from i to j (with non-zero diagonal entries of A indicating loops):

An
i,j =

∑
P=(u0,...,un),i=u0,j=un

n∏
i=1

Aui−1,ui =
∑

Q=(u0,...,un),i=u0,j=un

A→Q

where we let A→Q =
∏n

i=1Aui−1,ui . Similarly,

An
j,i =

∑
P=(u0,...,un),i=u0,j=un

n∏
i=1

Aui,ui−1 =
∑

Q=(u0,...,un),i=u0,j=un

A←Q

where we let A←Q =
∏n

i=1Aui,ui−1 . Since Ā is symmetric we have Ā→Q = Ā←Q; furthermore since
it is a symmetrization of A for any path Q we have√

A→QA←Q = Ā→Q

Therefore, by the Cauchy-Scwhartz inequality we can write

(
Ān

i,j

)2
=

 ∑
Q=(u0,...,un),i=u0,j=un

√
A→QA←Q

2

≤
∑
Q

A→Q ·
∑
Q

A←Q = An
i,jA

n
j,i

Now, by AM-GM we have

An
i,jA

n
j,i ≤

1

2
((An

i,j)
2 + (An

j,i)
2)

as desired.

10



2.3 Spectral Graph Theory

In this subsection, we state and prove several facts about bipartite and d-partite graphs.
For an undirected (possibly weighted) graph G = (V,E), let P be the transition probability of

the simple random walk on G. Let µ be the stationary distribution of the walk. For f, g : V → R,
let

⟨f, g⟩µ := Ex∼µf(x)g(x)

Recall that P is self-adjoint with respect to this inner product, i.e., ⟨Pf, g⟩µ = ⟨f, Pg⟩µ. Further-
more, the all-ones vector 1 is an eigenfunction with eigenvalue 1.

Lemma 2.6 (Eigenvalues of Bipartite graphs). Let G = (X,Y ) be a (weighted) bipartite graph, A ∈
R(X+Y )×(X+Y ) be the adjacency matrix of G, P be the transition probability matrix of the simple random
walk on G, and D be the diagonal matrix of vertex degrees, i.e., P = D−1A. Let S, S̄ ∈ R(X+Y )×(X+Y ) be
diagonal matrices such that S(x, x) = sX , S(y, y) = sY for all x ∈ X, y ∈ Y and S̄ =

√
sXsY · IX+Y .

Then the following are equivalent:

1. D−1/2AD−1/2 ⪯ S + vvT for some vector v ∈ RX+Y ,

2. D−1/2AD−1/2 ⪯ S̄ + wwT for some vector w ∈ RX+Y ,

3. λ2(P ) ≤ √
sXsY ,

4. λ2(P − S) ≤ 0.

In what follows, given a vector U ∈ RX∪Y we define uX to be the vector with X entries equal
to those of u and Y entries equal to 0 (and we define uY similarly).

Lemma 2.7. Let P be a random walk matrix on a bipartite graph (X,Y ) with stationary distribution µ,
self-adjoint with respect to ⟨·, ·⟩µ. If g is such that ⟨g,1X⟩µ = ⟨g,1Y ⟩µ = 0, then

⟨g, Pg⟩µ ≤ λ2(P ) · 2
√

⟨gX , gX⟩µ⟨gY , gY ⟩µ.

Proof. First notice that if gX = 0 then ⟨g, Pg⟩µ = 0 since G is bipartite; so the statement holds
trivially. Similarly, we are done if gY = 0. So, we assume gX , gY ̸= 0. Let h = αgX + βgY for
some α · β = 1 that we choose later. Since G is bipartite and α · β = 1, ⟨h, Ph⟩µ = ⟨g, Pg⟩µ. Since
⟨h,1⟩µ = ⟨g,1⟩µ = 0, we have

⟨h, Ph⟩µ ≤ λ2(P ) · ⟨h, h⟩µ = λ2(P ) · (α2⟨gX , gX⟩µ + β2⟨gY , gY ⟩µ)

Since gX , gY ̸= 0, ⟨gX , gX⟩µ, ⟨gY , gY ⟩µ > 0. Letting α2 =
√
⟨gY ,gY ⟩µ
⟨gX ,gX⟩µ and β2 = 1/α2 proves the

claim.

Lemma 2.8. Let G = (V,E,w) be a weighted d-partite graph with parts T1, . . . , Td such that for i, j ∈ [d]

with i ̸= j, and any x ∈ Ti, we have w(x, Tj) =
∑

y∈Tj
w(x, y) = dw(x)

d−1 . Here, dw(x) is the weighted
degree of x. Let P be the simple random walk on G with stationary distribution µ. Then, µ(Ti) = 1/d for
all i. For all distinct i, j ∈ [d], let Gi,j be the induced bipartite graph on parts Ti, Tj with corresponding
random walk matrix Pi,j , and let M(i, j) ≥ 0 be such that λ2(Pi,j) ≤ M(i, j). Then

λ2(P ) ≤ λmax(M)

d− 1
,

where M ∈ Rd×d is the real symmetric matrix with entries given by M(i, j).
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Proof. For i ∈ [d], define

ei(x) =

{
d− 1 if x ∈ Ti

−1 otherwise.

Then since for any i ̸= j and x ∈ Ti, P (x, Tj) = 1
d−1 we get that ei is also an eigenfunction of P

with eigenvalue −1
d−1 , i.e, Pei =

−ei
d−1 . We call 1 and ei’s trivial eigenfunctions of P .

Let f be a non-trivial eigenfunction of P ; for any i ∈ [d] we have

0 = ⟨f,1+ ei⟩µ = d · ⟨f,1i⟩µ.

where 1i is the indicator vector of the set Ti.
Note that if λ2(P ) ≤ 0 we are already done since M(i, j) ≥ 0 for all i, j. So we assume

λ2(P ) ≥ 0. Let g be the second eigenfunction of P . Consider the bipartite graph Gi,j for some
i ̸= j. Let µGi,j be the stationary distribution of the random in the graph Gi,j . Notice that since
dGi,j (x) =

1
d−1dw(x) for all x ∈ Ti ∪ Tj we have µGi,j (x) =

d
2µ(x) for any x ∈ Ti ∪ Tj . Therefore

⟨g,1i⟩µGi,j
= ⟨g,1j⟩µGi,j

= 0,

and thus by Theorem 2.7, we have

⟨g, Pi,jg⟩µGi,j
≤ λ2(Pi,j) · 2

√
⟨gi, gi⟩µGi,j

⟨gj , gj⟩µGi,j
≤ M(i, j) · 2

√
⟨gi, gi⟩µGi,j

⟨gj , gj⟩µGi,j
.

We now define

w(i) =
√

⟨gi, gi⟩µ =

√∑
x∈Ti

µ(x) · g(x)2

for all i ∈ [d]. Since µ(x) = 2
dµGi,j (x) for all x ∈ Ti, we then have

⟨g, Pi,jg⟩µGi,j
≤ M(i, j) · d

√
⟨gi, gi⟩µ⟨gj , gj⟩µ = M(i, j) · d · w(i) · w(j).

Using the fact that for x ∈ Ti and y ∈ Tj we have µ(x) = 2
dµGi,j (x) and P (x, y) =

Pi,j(x,y)
d−1 , we

compute

⟨g, Pg⟩µ =
∑
i<j

2

d
· 1

d− 1
· ⟨g, Pi,jg⟩µGi,j

≤ 2
∑
i<j

M(i, j)

d− 1
· w(i) · w(j) = ⟨w,Mw⟩

d− 1
,

where without loss of generality we assume that M(i, i) = 0 for all i. We then further have

⟨g, g⟩µ =
∑
x

µ(x) · g(x)2 =
∑
i

∑
x∈Ti

µ(x) · g(x)2 =
∑
i

w(i)2 = ⟨w,w⟩,

which implies
⟨g, Pg⟩µ
⟨g, g⟩µ

≤ 1

d− 1
· ⟨w,Mw⟩

⟨w,w⟩
.

Therefore λ2(P ) ≤ λmax(M)
d−1 by the variational characterization of eigenvalues.
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3 Random Walks on Absorbing Graphs

Let G = (V ∪ B,E) be a (possibly directed) graph. We call B the set of “boundary” vertices. Let
W ∈ R(V ∪B)×(V ∪B) be the transition probability matrix of a simple random walk on G. Without
loss of generality we assume W (u, v) > 0 for any (directed) edge u ∼ v ∈ E.

Definition 3.1 (Absorbing graph). We say G is an absorbing graph if for every vertex v ∈ V there is a
directed path with from v to B (with positive probability).

Unless otherwise specified, all graphs we work with in this manuscript are assumed to be
absorbing. The following fact is immediate:

Fact 3.2. If G is an absorbing graph then for any U ⊆ V , the graph with boundary vertices U ∪ B and
vertex set V \ U is also absorbing.

Proof. This can be shown by induction. Suppose statement holds for U ; consider U ′ = U ∪ {v}.
For any vertex u ∈ V \ U ′, either U has a path to v or a path to U ∪B (by IH).

Consider a simple random walk on G started at a vertex v ∈ V . Unless otherwise specified,
we assume that such a walk will terminate (or be absorbed) when it hits a boundary vertex. This
is despite the fact that we may have W (b, u) > 0 for b ∈ B. The following fact is immediate:

Fact 3.3. For any absorbing graph and any vertex v ∈ V , the simple random walk started at v will be
absorbed almost surely in a finite number of steps.

Proof. Let ϵ = min(u,v)∈E W (u, v) be the minimum probability in P . Then, for any v ∈ V , the
simple random walk from v hits B with probability ≥ ϵn−1 where n = |V |. So, the probability that
the walk is not absorbed by time t = k(n− 1) is at most (1− ϵn−1)t/(n−1) which → 0 as t → ∞.

For a walk Q = (vi)
ℓ
i=0, we use W[Q] =

∏ℓ−1
i=0 W (vi, vi+1) to denote the probability of going

along this walk in our random walk. For U ⊆ V , and a pair of vertices u, v ∈ V ∪B let

WU [u → v] =
⋃
ℓ≥0

{(vi)ℓi=0 : v0 = u, vℓ = v and v1, . . . , vℓ−1 /∈ B ∪ U}

be the set of all walks from u to v (in G) that do not hit any vertex of U∪B in between. Furthermore,
let

WU [u → v] =
∑

Q∈WU [u→v]

W[Q]

be the sum of the probabilities of all walks in WU [u → v]. When U = {w}, we may also write
Ww[u → v] and Ww[u → v].

Let us explain some concrete examples:

• If v ∈ U and u ̸= v, then WU [u → v] is the probability that, on G with boundary vertices
U ∪ B, a simple random walk started at u is absorbed at v. So, in particular, 0 ≤ WU [u →
v] ≤ 1 because G is absorbing.

• If v ̸∈ U then the walk is allowed to visit v multiple times, and we may have WU [u → v] > 1.
In fact, in the special case that v = u we always have WU (u → u) ≥ 1.
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The following fact is crucially used in our construction of C-Lorentzian polynomials.

Lemma 3.4. Fix any set U ⊆ V and any three vertices v ∈ V \U and u,w ∈ V . If u ̸= v and w ̸= v then
we have

WU [u → w] = WU∪{v}[u → w] +WU∪{v}[u → v] ·WU [v → w],

and if v = w then we have

WU [u → v] = WU∪{v}[u → v] ·WU [v → v].

Proof. We start by proving the identity when u ̸= v, w ̸= v. We give a bijection between walks
counted in the LHS and the RHS. By definition, the LHS is the the sum probabilities of all walks
in WU [u → w]. Let Q ∈ WU [u → w]. We show Q is counted (once) in the RHS.

Case 1: Q ∈ WU∪{v}[u → w]. Then W[Q] is counted in WU∪{v}[u → w].
Case 2: Q /∈ WU∪{v}[u → w]. In other words, v is hit (not at the end) in Q. Consider the first

time that it hits v. We can write Q = Q1Q2, i.e., we write Q as the concatenation of two walks
where

Q1 ∈ WU∪{v}[u → v], Q2 ∈ WU [v → w], W[Q] = W[Q1] ·W[Q2].

Note that Q1 is counted in WU∪{v}[u → v] and Q2 is counted in WU [v → w].
Conversely, we show that any walk in the RHS is counted (once) in the LHS. First, any Q1 ∈

WU∪{v}[u → v] and Q2 ∈ QU [v → w] can be concatenated to form Q1Q2 ∈ WU [u → w] which hits
v in the middle. WU∪{v}[u → w] makes up the rest of walks in WU [u → w].

Lemma 3.5. For any pair of vertices u, v ∈ V with u ̸= v we have

0 ≤ Wv[u → v] ≤ 1, min{Wv[u → v],Wu[v → u]} < 1.

Proof. First observe that for any u, v ∈ V , Wv[u → v] is the probability that a simple random walk
started at u hits v before any boundary vertex in B. This proves the first assertion of the lemma.
To prove the second assertion, we use that G is absorbing. Therefore, there is a directed path from
each u and v to B. Let Q be the shortest path from any of u or v to B; say it is from u. But then, this
path does not visit v (otherwise there is an even shorter path). This implies, that the walk started
at u has a positive probability of hitting B before hitting v; i.e., Wv[u → v] < 1 as desired.

We now define W[u] to be the set of walks which start at u ∈ V , and end the first time a vertex
in B is reached. Since we assume G is absorbing, for any u ∈ V we have∑

Q∈W[u]

W[Q] = 1;

i.e., the LHS defines a probability distribution. So, we abuse notation by also letting W[u] denote
the probability distribution over all walks in this set. For a walk Q = (vi)

ℓ
i=0, we let

d(Q) := |{vi : 0 ≤ i ≤ ℓ}|

to denote the number of distinct vertices visited in Q.
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Lemma 3.6. For any u ∈ V we have∑
v∈V :v ̸=u

Wv[u → v] = EQ∼W[u] [d(Q)− 2] ≤ EQ∼W[u][|Q| − 1],

where |Q| is the length (number of edges) of Q.

Proof. First, we write,

EQ∼W[u] [d(Q)− 2] = EQ∼W[u]

∑
v∈Q:v/∈B∪{u}

W[Q1Q2],

where the inner sum in the RHS is over the first occurrence of any vertex v ∈ Q (other than u and
the last vertex), Q1 is the (prefix) of Q which is a walk from u → v and Q2 is the rest which is a
walk from v → B. Note that inner-sum in the RHS ranges over exactly d(Q)− 2 vertices as we are
excluding u and the last vertex of Q. Changing the order of sums we can write,

EQ∼W [u][d(Q)− 2] =
∑
v ̸=u

∑
Q∈Wv [u→v]

W[Q] ·
∑

Q∈W[v]

W[Q]

=
∑
v ̸=u

∑
Q∈Wv [u→v]

W[Q] · 1 =
∑
v ̸=u

Wv[u → v].

where the second to last identity uses that the set of walks in W[v] form a probability distribution.
This proves the first identity in lemma’s statement. The inequality simply follows from d(Q) ≤
|Q| + 1, i.e. the number of distinct vertices of Q is at most one more than the number of edges of
Q.

4 Local to Global Argument via C-Lorentzian Polynomials

In this section, we prove a sort of edge trickle-down theorem for partite simplicial complexes,
based on the C-Lorentzian polynomial machinery. We first recall some notation from the previous
sections which we will utilize here.

Throughout, we fix a partite simplicial complex (X,µ) with parts given by Sv = {vsv ∈ X(1)}
for v ∈ V , and an absorbing (possibly directed) graph G = (V ∪ B,E) with boundary vertices B
which has no edges between boundary vertices. We further associate to G a random walk matrix
W ∈ R(V ∪B)×(V ∪B), where W (u, v) > 0 if and only if u ∼ v ∈ E. Given any σ ∈ X(d− 2), we also
denote by Pσ the transition probability matrix on the skeleton of Xσ, weighted according to µ.

Further, given u, v ∈ V we let Gu,v be the bipartite graph on Su∪Sv with adjacency matrix Au,v

with edge weights Au,v(usu, vsv) = Pσ∼µ[usu, vsv ∈ σ], diagonal weighted degree matrix Du,v,
and transition probability matrix Pu,v of the simple random walk on Gu,v.

The main goal of this section is then to prove the following result.

Theorem 4.1. Suppose (X,µ) is connected, and suppose for all σ ∈ X(d− 2) we have

λ2(Pσ) ≤
√

W (u, v) ·W (v, u), (3)

where u, v are the two distinct vertices in V for which u, v ̸∈ V (σ). Then we have

λ2(Pu,v) ≤
√
Wu[v → u] ·Wv[u → v]

for all distinct u, v ∈ V .
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In the following sections we will prove the above theorem. To do this, we will at various points
recall results and notation from [LLO25, Sec. 4].

4.1 Polynomials and π Maps for Partite Complexes

In this section, we recursively define polynomials associated our given simplicial complex X ,
which we will later prove are C-Lorentzian with respect to particular cones. To construct these
polynomials, we need to define a family commutative π maps. We first recall the definition of
commutativity.

Definition 4.2 (Commutative π maps). Let π = {πσ+τ : RXσ(1) → RXσ∪τ (1)}σ∈X,τ∈Xσ be a family of
linear maps having the following property:

πσ+τ (t)H = tH − L
(
(tx)x∈τ

)
, for all H ∈ Xσ∪τ (1), where L = Lσ,τ,H is some linear functional.

We will also use the shorthands πσ+x := πσ+{x} and πσ := π∅+σ. We say that π is commutative if for
all σ ∈ X , τ ∈ Xσ, ω ∈ Xσ∪τ , we have:

πσ+(τ∪ω)(t) = π(σ∪τ)+ω(πσ+τ (t)).

We now construct the commutative family of π maps, which will lead to the polynomials we
will use in our analysis. To do this, we will utilize the random walk notation of Section 3. Given
σ ∈ X and {usu, vsv} ∈ Xσ(2), we define

πσ+usu(t)vsv = tvsv −WV (σ)∪{u}[v → u] · tusu .

We now prove that these π maps are commutative.

Lemma 4.3. For all σ ∈ X and {usu, vsv, wsw} ∈ Xσ(3), we have

π(σ∪{usu})+vsv(πσ+usu(t))wsw = π(σ∪{vj})+usu(πσ+vsv(t))wsw .

Proof. We compute

π(σ∪{usu})+vsv(πσ+usu(t))wsw

= πσ+usu(t)wsw −WV (σ)∪{u,v}[w → v] · πσ+usu(t)vsv

= (twsw −WV (σ)∪{u}[w → u] · tusu)−WV (σ)∪{u,v}[w → v] · (tvsv −WV (σ)∪{u}[v → u] · tusu)
= twsw −WV (σ)∪{u,v}[w → v] · tvsv − (WV (σ)∪{u}[w → u]−WV (σ)∪{u,v}[w → v] ·WV (σ)∪{u}[v → u]) · tusu
= twsw −WV (σ)∪{u,v}[w → v] · tvsv −WV (σ)∪{u,v}[w → u] · tusu
= π(σ∪{vj})+ui(πσ+vj(t))wsw .

The second to last equality follows by Theorem 3.4 for U = V (σ) ∪ {u}.

With this, we can now construct the polynomials associated to X . Note that the following
definition applies to any simplicial complex, but here we will apply it specifically to partite com-
plexes.
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Definition 4.4. We inductively define a family of polynomials pσ(t) on RXσ(1) of degree d− |σ| associated
to every σ ∈ X . If σ is a facet of X (so that |σ| = d) we define pσ(t) = µ(σ), and if |σ| < d we define pσ(t)
via

(d− |σ|) · pσ(t) =
∑

x∈Xσ(1)

tx · pσ∪{x}(πσ+x(t)).

In particular, if |σ| = d− 1 then pσ is the linear form given by

pσ(t) =
∑

x∈Xσ(1)

tx · µ(σ ∪ {x}). (4)

In what follows we will prove that these polynomials pσ are Lorentzian with respect to certain
associated cones. We next describe these cones.

4.2 Cones of Positive Vectors

In this section we define cones Cσ such that pσ is Cσ-Lorentzian under condition (3). The cone Cσ
is called the cone of positive vectors, and we recall its definition now.

Definition 4.5 (Cone of positive vectors). Given σ ∈ X , we say that a vector v ∈ RXσ(1)
>0 is π-positive

if πσ+τ (v) ∈ RXσ∪τ (1)
>0 for all τ ∈ Xσ. We also say v is π-non-negative if the inequalities are not strict.

We further define Cσ to be the set of all π-positive vectors. By definition of π, it follows that Cσ is an open
convex (possibly empty) cone.

The main goal of this section is then to prove some basic properties of the cones of non-negative
vectors for the polynomials and π maps defined above. To do this, we first define some special
vectors in those cones called the α vectors. For σ ∈ X and w ∈ V \V (σ), we define ασ(w) ∈ RXσ(1)

via
ασ(w)usu = WV (σ)[u → w] for all usu ∈ Xσ(1).

The following is the main result we will use regarding the α vectors.

Lemma 4.6. For any σ ∈ X , τ ∈ Xσ, and v ∈ V \ V (σ), we have

πσ+τ (ασ(v)) =

{
ασ∪τ (v), v ̸∈ V (τ)

0, v ∈ V (τ).

Furthermore, ασ(v) is π-non-negative.

Proof. By a standard induction argument, we only need to prove this for τ = {usu}. For all
zsz ∈ Xσ∪{usu}(1), we compute

πσ+usu(ασ(v))zsz = ασ(v)zsz −WV (σ)∪{u}[z → u] · ασ(v)usu

= WV (σ)[z → v]−WV (σ)∪{u}[z → u] ·WV (σ)[u → v]

=
Theorem 3.4

{
WV (σ)∪{u}[z → v], u ̸= v

0, u = v

=

{
ασ∪τ (v)zsz , v ̸∈ V (τ)

0, v ∈ V (τ),

as desired.
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This gives non-emptiness of the cones of non-negative vectors as an immediate corollary.

Corollary 4.7. For all non-facets σ ∈ X , the cone Cσ is non-empty.

Proof. For all σ ∈ X and usu ∈ Xσ(1), we have ασ(u)us = WV (σ)[u → u] ≥ 1. Thus for all τ ∈ Xσ

and usu ∈ Xσ∪τ (1) we have

πσ+τ

 ∑
v∈V \V (σ)

ασ(v)


usu

=
Theorem 4.6

∑
v∈V \V (σ∪τ)

ασ∪τ (v)usu ≥ ασ∪τ (u)usu ≥ 1 > 0,

and therefore
∑

v∈V \V (σ)ασ(v) ∈ Cσ.

4.3 Polynomials pσ are Cσ-Lorentzian

We are now ready to prove that the polynomials pσ are Cσ-Lorentzian under condition (3). To
do this, we need the following theorem, along with a lemma which puts into context the main
required condition of the theorem.

Theorem 4.8 (Connected + Quadratics =⇒ Lorentzian). Suppose (X,µ) is a d-dimensional connected
simplicial complex and C∅ is non-empty. If the Hessian of pσ has at most one positive eigenvalue for all
σ ∈ X(d− 2), then pσ is Cσ-Lorentzian for all σ ∈ X .

Lemma 4.9. Fix σ ∈ X(d − 2), and let A be the adjacency matrix of the 1-skeleton of Xσ, weighted
according to µ. That is, for all {x, y} ∈ Xσ(2) the entry A(x, y) is µ(σ ∪ {x, y}). Further, let D be the
diagonal matrix with entries given by

D(x, x) =
∑

y∈Xσ∪{x}(1)

A(x, y) · ∂txπσ+x(t)y = ∇ [A · πσ+x(t)]x .

Then the Hessian of pσ is A+D.

We now apply Theorem 4.8 to prove that pσ is Cσ-Lorentzian for all σ ∈ X . To do this, we just
need to prove that the Hessian of pσ has at most one positive eigenvalue for all σ ∈ X(d− 2).

Theorem 4.10. Let (X,µ) be connected, and suppose that for every σ ∈ X(d− 2) we have

λ2(Pσ) ≤
√

W (u, v) ·W (v, u),

where u, v are the two distinct vertices such that u, v ̸∈ V (σ). Then pσ is Cσ-Lorentzian for all σ ∈ X .

Proof. By Theorem 4.8 and the fact that Cσ is non-empty by Theorem 4.7, we just need to prove that
the Hessian of pσ has at most one positive eigenvalue for all σ ∈ X(d− 2). Given σ ∈ X(d− 2), to
compute the Hessian of pσ, we use Theorem 4.9. Let u, v be the two vertices such that u, v ̸∈ V (σ).
For {usu, vsv} ∈ Xσ(2) compute

∂tusuπσ+usu(t)vsv = −WV (σ)∪{u}[v → u] = −W (v, u),
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where the last equality follows from the fact that every vertex adjacent to v is contained in V (σ) ∪
{u} ∪ B. Now let Aσ be the adjacency matrix of the skeleton of Xσ, weighted according to µ, and
let Mσ be the diagonal matrix with entries given by

Mσ(usu, usu) = W (v, u)
∑

vsv∈Xσ∪{usu}(1)

Aσ(usu, vsv) for all usu ∈ Xσ(1)

and
Mσ(vsv, vsv) = W (u, v)

∑
usu∈Xσ∪{vsv}(1)

Aσ(vsv, usu) for all vsv ∈ Xσ(1),

By Theorem 4.9, the Hessian of pσ is equal to Aσ −Mσ. Letting Dσ be the diagonal degree matrix
weighted according to µ, we have

Mσ =

[
W (v, u) · Iusu∈Xσ(1) 0

0 W (u, v) · Ivsu∈Xσ(1)

]
·Dσ,

where IS is the identity matrix indexed by the elements of S. Now by assumption we have

λ2(D
−1
σ Aσ) = λ2(Pσ) ≤

√
W (v, u) ·W (u, v),

and thus by Theorem 2.6 we have that

D−1/2σ AσD
−1/2
σ −

[
W (v, u) · I{usu∈Xσ(1)} 0

0 W (u, v) · I{vsv∈Xσ(1)}

]
= D−1/2σ (Aσ −Mσ)D

−1/2
σ

has at most one positive eigenvalue. Therefore the Hessian Aσ − Mσ has at most one positive
eigenvalue.

4.4 Special Directional Derivatives of pσ

In this section, we will prove a nice formula for directional derivatives in α(v) directions (for
various v ∈ V ) applied to pσ. This will produce a quadratic polynomial with Hessian related to
the random walk matrix Pu,v. Since the α(v) vectors are π-non-negative, this Hessian will have
one positive eigenvalue, allowing us to analyze the eigenvalues of Pu,v. First we recall a few
lemmas which will make out computations much simpler.

Lemma 4.11 (cf. Lem. 3.3 of [BL21]). Given σ ∈ X and x ∈ Xσ(1), we have

∂txpσ(t) = pσ∪{x}(πσ+x(t)).

Further, for x, y ∈ Xσ(1) with x ̸= y, we have

∂ty∂txpσ(t) =

{
pσ∪{x,y}(πσ+{x,y}(t)), {x, y} ∈ Xσ(2)

0, otherwise.

Lemma 4.12 (Chain rule). If f ∈ R[t1, . . . , tn] is a polynomial, L : Rm → Rn is a linear map, and
v ∈ Rm then

∇v[f(L(t))] = [∇L(v)f ](L(t)).
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Using these two lemmas, we now prove the nice formula for applying α(v) directional deriva-
tives to pσ.

Lemma 4.13. Given σ ∈ X , let {v1, . . . , vm} be any ordering of the vertices of V \ V (σ). We have ∏
v/∈V (σ)

∇α(v)

 pσ(πσ(t)) =

[
m∏
i=1

WV (σ)∪{v1,...,vi−1}[vi → vi]

] ∑
τ∈X(d):σ⊆τ

µ(τ).

In particular,
∏m

i=1WV (σ)∪{v1,...,vi−1}[vi → vi] is independent of the order of {v1, . . . , vm}.

Proof. We prove this by induction on codim(σ) where the result is trivial in the case that codim(σ) =
0. For v /∈ V (σ), we first compute an expression for a single directional derivative.

∇α(v)[pσ(πσ(t))] =
chain rule

[∇πσ(α(v))pσ](πσ(t))

=
Theorem 4.6

[∇ασ(v)pσ](πσ(t))

=
Theorem 4.11

∑
wsw∈Xσ(1)

ασ(v)wsw · pσ∪{wsw}(πσ+wsw(·))](πσ(t))

=
commut. of π

∑
wsw∈Xσ(1)

ασ(v)wsw · pσ∪{wsw}(πσ∪{wsw}(t)).

To prove the desired expression, we now want to apply ∇α(u) for all other u ̸∈ V (σ) besides v.
A priori, it seems this computation could become quite complicated. However, we now make a
small observation which will simplify things significantly. Note that by Theorem 4.6 we have

πσ∪{usu}(α(u)) = 0,

which implies

∇α(u)[pσ∪{usu}(πσ∪{usu}(t))] =
chain rule

[∇πσ∪{ui}(α(u))pσ∪{usu}](πσ∪{usu}(t)) = 0. (5)

Therefore we have ∏
u̸∈V (σ)

∇α(u)

 pσ(πσ(t)) =

 ∏
u̸∈V (σ)∪{v}

∇α(u)

∇α(v)[pσ(πσ(t))]

=
∑

wsw∈Xσ(1)

ασ(v)wsw

 ∏
u̸∈V (σ)∪{v}

∇α(u)

 pσ∪{wsw}(πσ∪{wsw}(t))

=
(5)

∑
sv :vsv∈Xσ(1)

ασ(v)vsv

 ∏
u̸∈V (σ)∪{v}

∇α(u)

 pσ∪{vsv}(πσ∪{vsv}(t)).

That is, the sum of the RHS is only over vsv ∈ Xσ(1) for the specific vertex v with which we
applied the directional derivative ∇α(v). Now suppose we order vertices not in V (σ) as v1, . . . , vm
for m = codim(σ). Recalling that ασ(v)vsv = Wσ[v → v], by induction we finally have[

m∏
i=1

∇α(vi)

]
pσ(πσ(t))
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=
∑

s:v1s∈Xσ(1)

ασ(v1)v1s

[
m∏
i=2

∇α(vi)

]
pσ∪{v1s}(πσ∪{v1s}(t))

=
IH

∑
s:v1s∈Xσ(1)

Wσ[v1 → v1] ·

[
m∏
i=2

WV (σ)∪{v1,...,vi−1}[vi → vi]

] ∑
τ∈X(d):σ∪{v1s}⊆τ

µ(τ)

=

[
m∏
i=1

WV (σ)∪{v1,...,vi−1}[vi → vi]

] ∑
τ∈X(d):σ⊆τ

µ(τ)

as desired.

4.5 Proof of Theorem 4.1

We now finally use Theorem 4.13 to prove Theorem 4.1. First we compute a certain Hessian related
to the random walk matrix Pu,v. Let σ = {usu, vsv} and let w1, . . . , wd−2 be the rest of the vertices
in V . We have

∇α(w1) · · ·∇α(wd−2)∂usu∂vsvp∅(t)

=
Theorem 4.11

∇α(w1) · · · ∇α(wd−2)p{usu,vsv}(π{usu,vsv}(t))

=
Theorem 4.13

[
d−2∏
i=1

W{u,v,w1,...,wi−1}[wi → wi]

] ∑
τ∈X(d):{usu,vsv}⊆τ

µ(τ)

and

∇α(w1) · · ·∇α(wd−2)∂
2
usup∅(t)

=
Theorem 4.11

∑
s:vs∈X{usu}(1)

∂tusuπ{usu}(t)vs · ∇α(w1) · · · ∇α(wd−2)[p{usu,vs}(π{usu,vs}(t))]

=
Theorem 4.13

∑
s:vs∈X{usu}(1)

−Wu[v → u] ·

[
d−2∏
i=1

W{u,v,w1,...,wi−1}[wi → wi]

] ∑
τ∈X(d):{usu,vs}⊆τ

µ(τ)

= −Wu[v → u] ·

[
d−2∏
i=1

W{u,v,w1,...,wi−1}[wi → wi]

] ∑
τ∈X(d):usu∈τ

µ(τ).

Thus up to positive scalar, the Hessian Hu,v of ∇α(w1) · · · ∇α(wd−2)p∅(t) is equal to Au,v−Du,vMu,v

where Au,v and Du,v are as defined above Theorem 4.1 and Mu,v is the diagonal matrix which
equals Wu[v → u] for the u entries and equals Wv[u → v] for the v entries. Since p∅ is C∅-
Lorentzian by Theorem 4.10, and α(wk) ∈ C∅ for all k by Theorem 4.6, the matrix Hu,v has one
positive eigenvalue by Theorem 2.2. Since Gu,v is a bipartite graph, by Theorem 2.6 we finally
have that λ2(Pu,v) = λ2(D

−1
u,vAu,v) ≤

√
Wu[v → u] ·Wv[u → v]. This completes the proof of Theo-

rem 4.1.

5 From C-Lorentzian to Spectral Independence

In this section we prove Theorem 1.4 and then we use it to prove Theorem 1.5. We then use
Theorem 1.5 to prove Theorem 1.3.
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Proof of Theorem 1.4. By the conclusion of Theorem 4.1, for any pair of vertices u, v ∈ V we have

λ2(Pu,v) ≤
√

Wu[v → u] ·Wv[u → v], (6)

where recall that Pu,v is the simple random walk matrix on the weighted bipartite graph Gu,v on
Su∪Sv where the weight of every edge Au,v(usu, vsv) is the probability that usu, vsv are in a σ ∼ µ.
Observe that from (6) we have λ2(Pu,v) ≤ 0 if u, v there is no directed path from u to v (or from v
to u) w.r.t. the random walk matrix W . Thus recalling that M∅(u, v) =

√
Wu[v → u] ·Wv[u → v],

the assumptions of Theorem 2.8 are satisfied by M∅. Therefore we have

λ(P∅) ≤
λmax(M∅)

d− 1

as desired.
To prove Theorem 1.4 for any τ ∈ X of codimension at least 2, notice that (Xτ , µτ ) is a con-

nected codim(τ)-partite complex with parts indexed by V \V (τ). Thus by adding V (τ) to the set of
boundary vertices B, we consider a random walk on Vτ ∪Bτ for Vτ = V \V (τ) and Bτ = B∪V (τ),
with the same transition probabilities as W . Thus we can define Mτ analogously to M∅ by set-
ting Mτ (u, v) =

√
Wu[v → u] ·Wv[u → v] according to this new random walk matrix on Vτ ∪ Bτ .

Further, the assumptions of Theorem 2.8 are satisfied by Mτ . Therefore we have

λ(Pτ ) ≤
λmax(Mτ )

codim(τ)− 1

for all τ ∈ X of codimension at least 2, as desired.

5.1 Upper Bounds via the Number of Distinct Walk Vertices

Proof of Theorem 1.5. To prove this corollary, we just need to show that

λmax(Mτ ) ≤ max
u∈V \V (τ)

EQ∼WV (τ)[u][d(Q)− 2]

Given any τ ∈ X of codimension at least 2, let M ′τ be defined as M ′τ (u, v) = WV (τ)∪{v}[u → v] for
all u, v ∈ V \ V (τ), so that M̄ ′τ = Mτ (using the M̄ notation from Section 2.2). By Theorem 2.5, we
have

λmax(Mτ ) = ρ(Mτ ) ≤ ρ(M ′τ ),

and then we can bound the spectral radius by the maximum row sum via

λmax(Mτ ) ≤ ρ(M ′τ ) ≤ max
u∈V \V (τ)

∑
v∈V \V (τ):v ̸=u

Wv[u → v].

Therefore, by Theorem 3.6 we have

λmax(Mτ ) ≤ max
u∈V \V (τ)

∑
v∈V \V (τ):v ̸=u

Wv[u → v] = max
u∈V \V (τ)

EQ∼WV (τ)[u][d(Q)− 2]

as desired.
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5.2 Generalizing Dobrushin’s Condition

Proof of Theorem 1.3. Given a d-partite complex X corresponding to a multi-state spin system and
the pairwise spectral influence matrix I, we first construct an undirected graph G with corre-
sponding random walk matrix W and then we apply Theorem 1.5. We add a boundary vertex
bv for any v ∈ V , we let B = {bv : v ∈ V } and we let V (G) = V ∪ B. For any u, v ∈ V with
I(u, v) > 0 we include an edge {u, v}; we also connect any bv to v. Next, we determine the weight
of the edges.

Let V1∪B1, V2∪B2, . . . , Vℓ∪Bℓ be the connected components of G. Furthermore, let ϵ1, ϵ2, . . . , ϵℓ
be such that λmax(Ii) = 1− ϵi for all i ∈ [ℓ], where Ii is the principal submatrix of I corresponding
to G[Vi ∪ Bi]. Let xi ∈ RVi

>0 be the corresponding eigenvectors which can be chosen to be strictly
positive by the Perron-Frobenius theorem; i.e., Iixi = (1− ϵi)xi.

We now define W ∈ R(V ∪B)×(V ∪B). For any u, v ∈ Vi, we let

W (u, v) = I(u, v) · xi(v)
xi(u)

, for all u, v ∈ Vi.

Further, for v ∈ Vi we let W (v, bv) = ϵi,W (bv, v) = 1, and we set every other entry of W to be zero.
Next, we show that indeed W is a random walk matrix. First notice W (u, v) ≥ 0 for all u, v ∈

V ∪B. For any u ∈ Vi we have∑
v∈V ∪B

W (u, v) = W (u, bu) +
∑
v∈Vi

W (u, v) = ϵi +
∑
v∈Vi

I(u, v) · xi(v)
xi(u)

= ϵi +
(1− ϵi) · xi(u)

xi(u)
= 1.

So, W is stochastic.
Note that the graph G that we constructed above is absorbing as there are at least one boundary

vertex b in every connected component. Now we check the assumption of Theorem 1.5. Fix u, v ∈
Vi let τ ∈ X be a face of codimension 2 such that u, v /∈ V (τ). Then by the definition of I, we have

λ2(Pτ ) ≤ I(u, v) =
√
I(u, v)I(v, u) =

√
W (u, v)W (v, u).

Since X is connected, by Theorem 1.5 we have

λ2(Pσ) ≤
1

codim(σ)− 1
max
u

EQ∼WV (σ)[u][d(Q)− 2] ≤ 1

codim(σ)− 1
max
u

EQ∼WV (σ)[u][|Q| − 1]

for every σ ∈ X of codimension at least 2. We now upper-bound the RHS. For an arbitrary vertex
u ∈ V \ V (σ), we have

EQ∼WV (σ)[u][|Q| − 1] =
∞∑
k=2

P[|Q| ≥ k] ≤
∞∑
k=2

(1− ϵ)k =
(1− ϵ)2

ϵ

where in the first identity we used that every walk Q has length at least 1. The inequality uses that
from every vertex v ∈ Vi we jump to an absorbing vertex bv with probability at least ϵi ≥ ϵ. This
then implies λ2(Pσ) ≤ (1−ϵ)2

(codim(σ)−1)ϵ . Therefore µ is (1−ϵ)2
ϵ -spectrally independent.
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5.3 Path Complexes

In this section, we use the machinery of this paper to prove a generalization of one of the main
results of [LLO25] for path complexes. First let us recall some notation from [LLO25]. A d-partite
simplicial complex X is called a top-link path complex3 if the parts/sites V of X can be labeled
by [d] = {1, 2, . . . , d} so that the following holds: for every τ ∈ X of codimension 2 such that
V \ V (τ) = {i, j} for non-consecutive i, j, we have λ2(Pτ ) ≤ 0. The main trickle-down theorem
obtained for top-link path complexes is then given as follows.

Theorem 5.1 (Theorem 1.4 of [LLO25]). If (X,µ) is a connected d-partite top-link path complex such
that λ2(Pτ ) ≤ 1

2 for all τ ∈ X of codimension 2, then λ2(Pτ ) ≤ 1
2 for all τ ∈ X .

To reprove this theorem using our machinery, we first translate the definition of top-link path
complex into the language of this paper. Given any top-link path complex, we can set I(i, j) = 0
for all i, j which are non-consecutive integers. Thus our pairwise spectral influence matrix I is a
symmetric tri-diagonal matrix with zero diagonal (assuming the sites are ordered via the labels
[d]). The above theorem then says that if all non-zero entries of I are equal to 1

2 , then λ2(Pτ ) ≤ 1
2

for all τ ∈ X .
Note that if we could assume for some constant ϵ > 0 that λ2(Pτ ) ≤ 1−ϵ

2 for all τ of codimension
2, then we could simply bound λmax(I) by the maximum row sum of I and apply Theorem 1.3 to
obtain λ2(Pτ ) ≤ (1−ϵ)2

(codim(τ)−1)ϵ for all τ ∈ X . (In fact, this recovers a weaker form of Theorem 1.21
of [LLO25].) Thus to reprove Theorem 5.1, we will instead use Theorem 1.4.

Consider a path graph with V = [d] and two boundary vertices B = {0, d+1} adjacent to 1 and
d respectively, and let the (non-directed) edges be weighted by 1

2 . Thus for all adjacent i, j ∈ [d] we
have W (i, j) = 1

2 . We let M ′∅ be a (non-symmetric) real matrix with zero diagonal and off-diagonal
entries given by M ′∅(i, j) = Wi[j → i]. Since M̄ ′∅ = M∅ (using the M̄ notation from Section 2.2),
we have that Theorem 2.5 implies λmax(M∅) ≤ λmax(M

′
∅) by Perron-Frobenius. We then bound

λmax(M
′
∅) by bounding the maximum row sum as follows. For all i ∈ [d] we have∑

j

M ′∅(i, j) =
∑
j ̸=i

Wi[j → i] =
i−1∑
j=1

Wi[j → i] +
d∑

j=i+1

Wi[j → i] =
d− 1

2
.

To see the last equality, observe that by symmetry
∑i−1

j=1Wi[j → 0] =
∑i−1

j=1Wi[j → i] and they
sum up to i − 1. So, each must be exactly i−1

2 . Similarly, we have
∑d

j=i+1Wi[j → i] = d−i
2 . This

implies λmax(M
′
∅) ≤ d−1

2 .
Therefore applying Theorem 1.4 gives: if for all σ ∈ X(d− 2) we have

λ2(Pσ) ≤
√

W (i, j) ·W (j, i) =

{
1
2 , i, j are adjacent
0, i, j are not adjacent,

where i, j are the two distinct sites in V = [d] which have no spin in σ, then

λ2(P∅) ≤
λmax(M∅)

d− 1
≤

λmax(M
′
∅)

d− 1
≤ 1

2
.

By the definition of top-link path complex, this is precisely Theorem 5.1 for τ = ∅. The general
result for all τ ∈ X then follows from the fact that (Xτ , µ|Xτ ) is also a connected top-link path
complex (since (X,µ) is) with the same codimension 2 eigenvalue bounds.

3The definition we give here is slightly different than that of [LLO25], but the two definitions are equivalent.
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6 Future Directions

Given our improved Dorbrushin’s condition with a spectral pairwise influence matrix, the first
question is to find new applications of this statement which were not approachable using the
previous machineries. We expect to see many such directions in the next few years.

Another natural question stemming from our machinery is to prove a more general trickle-
down theorem for non-partite simplicial complexes. We intend to do this in future work; that is,
to reprove Theorem 1.7 and then to extend beyond worst case bounds on second eigenvalues of
top links. In fact, a slight variation of the machinery of this paper can already be used to reprove
Theorem 1.7, but it is currently unclear how to generalize this idea.

Finally, we conclude this paper with a natural conjecture stemming from our family of Lorentzian
polynomials. Given a graph G with d = |V | vertices, maximum degree ∆ > 1, and q colors, it is
conjectured that the natural Glauber dynamics mixes in poly(d) steps and generates a uniformly
random proper coloring of G as long as q ≥ ∆+Ω(1).

Let X be the d-partite complex defined as follows: For every vertex v, S(v) is the list of colors
available to v, facets of X correspond to all proper colorings of G, and µ is the uniform distribution
over all facets. Let A be the adjacency matrix of G; attach a boundary vertex bv to every v and let
P be the simple random walk matrix where W (u, v) = 1−ϵ

deg(u) for any u ∼ v, and W (u, bu) = ϵ for
all u. Having the random walk matrix W , we can recursively define pσ for any σ ∈ X using (4).

Conjecture 6.1. There is a constant C > 0 such that if |S(v)| ≥ deg(v) + C for all v ∈ V , then p∅ is
C∅-Lorentzian.

For example, if G is just one edge then the above conjecture holds for C ≥ 3. A few remarks
are in order:

• If the above conjecture holds, then by the argument in Section 4.4 and proof of Theorem 1.4
we obtain that λ2(P∅) ≤ O( 1

ϵ(d−1)).

• We don’t expect a trickledown argument that only uses second eigenvalues of links of codi-
mension 2 lead to a proof of the above conjecture. This is because in the case of a complete
graph on d vertices (and same set of colors) all links of codimension 2 have second eigen-
value 1

q−∆ . In general the trickle-down Theorem 1.7 is tight when all links of codimension 2
have the same eigenvalue (in the worst case).

• Theorem 4.8 and Theorem 1.4 only give sufficient conditions for pσ to be Cσ-Lorentzian.
In general, it could be that pσ is Cσ-Lorentzian for significantly smaller values of q ≪ 2∆.
In such a case we need to find new techniques to verify whether a given polynomial is C-
Lorentzian.
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A Pairwise Influence vs the Spectral Pairwise Influence Matrices

In this section we prove Theorem 1.2. We require the following lemma, which we will prove after
proving Theorem 1.2.

Lemma A.1. Let P =

[
0 A
B 0

]
be a real matrix with constant row sums a and suppose λ is an eigenvalue

of P other than ±a. If A is m× n with entries aij and B is n×m with entries bij then

|λ| ≤ 1

2

√√√√( max
1≤i,j≤m

n∑
s=1

|ais − ajs|

)(
max

1≤i,j≤n

m∑
s=1

|bis − bjs|

)
.

Proof of Theorem 1.2. Let I be the influence matrix of µ. By Theorem 2.5,

λmax(Ī) = ρ(Ī) ≤ ρ(I).

Next, we show that for any u, v,
I(u, v) ≤ Ī(u, v). (7)

Note that this finishes the proof as by Theorem 2.4 it would imply that λmax(I) ≤ λmax(Ī). For a
pair of vertices u, v consider the worst link τ of codimension 2 such that u, v /∈ V (τ) in the sense
that λ2(Pτ ) = I(u, v). Such a link exists by the definition of the spectral pairwise influence matrix
I.

Now we can write Pτ =

[
0 A
B 0

]
as a matrix with non-negative entries, such that every row

sum is 1. Let as,s′ (resp. bs,s′) be entries of A (resp. B). Suppose the rows of A correspond to
spins of u and the rows of B correspond to the spins of v. It then follows by the definition of the
influence matrix I that

1

2

(
max

1≤i,j≤m

n∑
s=1

|ais − ajs|

)
≤ Iu→v

1

2

(
max

1≤i,j≤n

m∑
s=1

|bis − bjs|

)
≤ Iv→u.

Since the skeleton Gτ of Xτ is connected, we have that λ2(Pτ ) ̸= 1. Thus either

λ2(Pτ ) < 0 = I(u, v) ≤ Ī(u, v),
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or else by Theorem A.1 we have

I(u, v) = λ2(Pτ ) ≤
1

2

√√√√( max
1≤i,j≤m

n∑
s=1

|ais − ajs|

)(
max

1≤i,j≤n

m∑
s=1

|bis − bjs|

)
≤ Ī(u, v).

This proves (7) as desired.

We now prove Theorem A.1, which is a bipartite version of a result found in [Sen81]. That
said, we will make use of the following intermediate lemma from [Sen81] for the proof.

Lemma A.2 (Lemma 2.4 of [Sen81]). Suppose δ ∈ Rn, n ≥ 2, δ⊤1 = 0, δ ̸= 0. Then for a suitable set
S = S(δ) of ordered pairs of indices (i, j) with 1 ≤ i, j ≤ n, we have

δ =
∑

(i,j)∈S

(ηij
2

)
· γ(i, j),

where ηij > 0 and
∑

(i,j)∈S ηij = ∥δ∥1, and γ(i, j) = ei − ej where ei is the ith standard basis vector.

Proof of Theorem A.1. Let z⊤ = (z1, . . . , zn) be an arbitrary row vector of complex numbers. For
any real δ ̸= 0 with δ⊤1 = 0, the previous lemma implies

|z⊤δ| ≤
∑

(i,j)∈S

(ηij
2

)
|zi − zj | ≤

1

2
max
i,j

|zi − zj | · ∥δ∥1. (8)

Note that the first term being at most the last term also trivially holds for δ = 0. Letting f(z) =
maxi,j |zi − zj |,

f(Az) = max
i,j

∣∣∣∣∣
n∑

s=1

(ais − ajs)zs

∣∣∣∣∣ ≤ 1

2
f(z)max

i,j

n∑
s=1

|ais − ajs|.

To see the inequality let δ be the vector in Rn given by the difference of the ith and jth rows of A.
Then δ⊤1 = 0, and so the inequality follows by (8).

Since we have a similar inequality for f(By) for any complex row vector y⊤ = (y1, . . . , ym),
we obtain

f(ABy) ≤ 1

2
f(By)max

i,j

n∑
s=1

|ais − ajs| ≤
1

4
f(y)

(
max
i,j

n∑
s=1

|ais − ajs|

)(
max
i,j

m∑
t=1

|bit − bjt|

)
.

Now let x⊤ = (y⊤, z⊤) = (y1, . . . , ym, z1, . . . , zn) be a right eigenvector of P corresponding to an
eigenvalue λ of P , so that ABy = λAz = λ2y. We thus have

|λ|2f(y) = f(ABy) ≤ 1

4
f(y)

(
max
i,j

n∑
s=1

|ais − ajs|

)(
max
i,j

m∑
t=1

|bit − bjt|

)
.

Now λ ̸= ±a implies both y and z are not multiples of the all-ones vector. Further, at least one of
y and z is non-zero, and we can assume it is y without loss of generality by possibly swapping A
and B. Thus f(y) ̸= 0, and therefore

|λ|2 ≤ 1

4

(
max
i,j

n∑
s=1

|ais − ajs|

)(
max
i,j

m∑
t=1

|bit − bjt|

)
.

The statement follows by taking the square root of both sides.
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