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Abstract

Resolvent Monte Carlo estimates eigenvalues of large matrices by sampling Markov chains
and reading the target value off a truncated resolvent quotient, trading exact arithmetic
for a stochastic error that the almost-optimal sampling scheme is designed to suppress.
This paper studies when that error vanishes outright. An exact closed-form identity is
derived for the variance of the moment estimators of a general, possibly signed matrix, and
is used to isolate a hierarchy of zero-variance notions ranging from the most local, which
constrains only the first draws, through the finite-truncation regime that a practical run can
certify, to the global regime in which every moment estimator is deterministic. Determinism
of the estimator is separated from correctness of the eigenvalue it reports, and the exact
conditions under which each notion holds are exhibited, together with the examples that
separate them. A single edgewise condition, termed the eigen-triple condition, forces the
truncated quotient to equal the target eigenvalue in finite samples; the associated moment
and quotient variances are second order in the maximal edge defect and vanish at the
eigen-triple. A linear-time procedure certifies the condition.

Keywords: resolvent Monte Carlo; variance reduction; zero-variance estimator; eigenvalue
computation; Markov chain Monte Carlo; almost-optimal sampling
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1. Introduction
Eigenvalues govern the behavior of linear systems: they fix stability and decay rates,

set the norms and conditioning that control numerical algorithms, and encode the char-
acteristic modes of physical and stochastic models. For matrices small enough to factor,
the symmetric and nonsymmetric eigenvalue problems are solved to high accuracy by
mature dense and sparse methods [1–3]. As the dimension grows, however, a full decom-
position becomes infeasible, and one turns to algorithms whose cost is governed by the
sparsity of the matrix and by the accuracy demanded rather than by the dimension itself.

Randomization is one route to such algorithms. Randomized numerical linear algebra
builds low-dimensional sketches that capture the dominant spectral subspace and recover
eigenvalues and singular values from them [4–7]. A complementary, older tradition es-
timates spectral quantities directly as expectations: stochastic trace and spectral-density
estimators sample matrix-vector products [8–12], and Markov chain methods sample short
random walks on the index set whose weighted returns are unbiased for bilinear forms in
powers of the matrix. The cost of a single walk depends on the number of nonzero entries,
not on the order of the matrix, which is what makes the approach attractive at scale.
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Resolvent Monte Carlo (RMC) is the eigenvalue algorithm of this second tradition. It
replaces the matrix A by a resolvent operator (I − qA)−m, expanded as a Neumann series,
so that the dominant eigenvalue problem for A becomes one for the resolvent, and reads the
target value off a Rayleigh quotient of resolvent-weighted moments [13–15]. The moments
themselves are estimated by the almost-optimal, namely, Monte Carlo Almost Optimal
(MAO) sampling scheme, whose transition probabilities are proportional to the absolute
entries of A; among the permissible sampling densities these minimize the second moment
of the estimator, and they are the standard choice throughout the literature on stochastic
linear algebra [16]. The method and its variants have been developed extensively for
extremal and interior eigenvalues, for parallel and quasi-Monte Carlo implementations,
and with error-balancing refinements [17–22].

The variance of the estimator is what determines the sample size, and the almost-
optimality of the MAO densities is precisely a statement about it: a one-sided bound on the
second moment that no permissible density improves [16]. That bound, however, leaves
open the sharper question we address here. When is the variance not merely small but
exactly zero? Equivalently, for which input data (A, v, h)—the matrix A together with
the two vectors v, h ∈ Rn that specify the bilinear forms (v, Akh) the walks estimate—is
the Monte Carlo estimator deterministic, so that a single sampled walk returns the exact
answer? And when the final eigenvalue estimate is a quotient of two random sums,
a second subtlety appears: the quotient can be deterministic even though its numerator
and denominator fluctuate, and it can be deterministic yet wrong. Determinism of the
estimator and correctness of the eigenvalue it reports are distinct properties, and the
classical optimality theory does not separate them.

Zero-variance estimators have a long history in importance sampling. The classi-
cal zero-variance principle holds that an importance-sampling estimator is deterministic
exactly when the sampling density is proportional to the integrand, equivalently when
the estimator is constant on its support; this idea underlies zero-variance and adaptive
importance-sampling schemes in computational physics [23], in rare-event and reliability
estimation [24], and for Markov-process expectations characterized as solutions of a linear
system, where a variance-preserving change of measure yields a zero-variance Markov
estimator [25]. Our moment-level results are the RMC instance of this principle: each θ(k)

has zero variance exactly when it is constant on the admissible paths. What is specific to
RMC, and new here, is the structure the principle acquires for the resolvent eigenvalue
estimator, namely the nested moment hierarchy with the finite K-step interpolant that a run
can certify, the separation of determinism of the quotient from correctness of the eigenvalue
it reports, the single edgewise eigen-triple condition that forces finite-sample exactness
with the eigenvalue recovered as a local edge ratio, and the edge-defect perturbation theory
that controls the departure from it.

This paper develops the zero-variance theory of RMC. Our contributions are
the following.

(i). An exact closed-form identity for the variance of the MAO moment estimator of
a general, possibly signed, matrix (Section 3), which turns every subsequent zero-
variance question into an algebraic one and makes explicit the second moment that
the classical almost-optimality bound minimizes.

(ii). A complete hierarchy of zero-variance notions, from the local no-step and single-step
conditions, through the finite-truncation K-step regime that a practical run can actually
certify, to the global all-step regime, together with the two quotient-level notions of
zero-variance and exactness; we characterize each notion and give the examples that
separate them (Sections 5–9).
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(iii). A single edgewise condition, the eigen-triple condition, that forces the truncated quo-
tient to equal the target eigenvalue in finite samples (Sections 6 and 7); the eigenvalue
is recovered as the common value of a local edge ratio rather than assumed, and the
exactness degrades only to second order in a measurable edge defect.

(iv). A linear-time procedure that certifies the condition in a single pass over the sparsity
pattern of A (Appendix A).

The paper is organized as follows. Section 2 fixes notation and states the MAO
estimator and the RMC quotient. Section 3 proves the variance structure theorem, and
Section 4 applies it to the balanced-matrix regime. Section 5 develops the moment-level
zero-variance hierarchy; Section 6 introduces the eigen-triple condition and its perturbation
theory; Section 7 treats the quotient level. Section 8 exhibits the separating examples,
and Section 9 collects the full hierarchy. Sections 10 and 11 discuss the results and conclude.

2. Preliminaries
This section fixes the notation used throughout and states the two objects the rest of

the paper analyses: the MAO moment estimator and the finite-truncation RMC quotient
built from it.

Throughout, let

A = (aij)
n
i,j=1 ∈ Rn×n, v, h ∈ Rn, v ̸= 0, h ̸= 0.

For each row, we write its absolute row sum

di ⇋
n

∑
j=1
|aij|,

and we assume that every row reached by the Markov chain is not identically zero, so that
di ̸= 0 there. We use the following derived quantities:

• v = {|vi|}n
i=1 and A =

{
|aij|

}n
i,j=1, the entrywise absolute values of v and A;

• h◦2 =
{

h2
i
}n

i=1, the Hadamard (entrywise) square of h;
• D = diag(d1, . . . , dn), the diagonal matrix of absolute row sums, so that

(DA)ij = di|aij|;
• Sv = {i : vi ̸= 0}, the support of v, and R(A, v) the set of indices reachable from Sv

through nonzero entries of A;
• (u, w) = ∑i uiwi, the bilinear form, and ∥u∥1 = ∑i |ui|, the ℓ1 norm.

The almost-optimal (MAO) scheme samples a Markov chain on the index set {1, . . . , n}
with initial and transition probabilities

pi ⇋
|vi|
∥v∥1

, pij ⇋
|aij|
di

. (1)

Among all permissible sampling densities these minimize the second moment of the
estimator below, which is the sense in which they are almost optimal [16]. The scheme (1)
generates a random path ω = (α0, α1, . . . , αk): the initial state α0 is drawn from the dis-
tribution {pi}n

i=1 and each subsequent state from the transition row
{

pαs j
}n

j=1. The MAO

estimator of the bilinear moment (v, Akh), as introduced in [16], is the random variable

θ(k)(ω) ⇋
vα0

pα0

k−1

∏
s=0

aαsαs+1

pαsαs+1

hαk , (2)
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a deterministic function of the path, random because the path it is evaluated on is; the
factors vα0 /pα0 and aαsαs+1 /pαsαs+1 are the importance-sampling weights that compensate

for drawing the path from (1) instead of enumerating it. It is unbiased, E
{

θ(k)
}
= (v, Akh)

(this is recovered in the proof of Theorem 1), so that the moments (v, Akh), and through
them spectral quantities of A, can be estimated by averaging (2) over independent chains.
The bilinear moments are how Markov chain methods access the spectrum of A: the vector
v fixes the distribution of the starting state, h evaluates the terminal state, and for v and h
with nontrivial projection on the dominant eigendirection the ratio of consecutive moments
(v, Ak+1h)/(v, Akh) converges to the dominant eigenvalue of A, which is the power method
in bilinear form [16]. The RMC quotient below aggregates the same moments with resolvent
weights to accelerate and stabilize this limit.

The resolvent of order m is expanded as a Neumann series,

(I − qA)−m = ∑
k≥0

w(m)
k Ak, w(m)

k ⇋
(

k + m− 1
k

)
qk,

for m ≥ 1, K ≥ 0, and a real parameter q for which the series converges. Truncating at order
K and forming the resolvent-weighted Rayleigh quotient of the moment estimators over N
independent chains gives the finite-truncation RMC estimator of the target eigenvalue,

λ̂
(m)
K,N =

∑N
r=1 ∑K

k=0 w(m)
k θ

(k+1)
r

∑N
r=1 ∑K

k=0 w(m)
k θ

(k)
r

, (3)

defined whenever the denominator is nonzero. The numerator estimates (v, A(I− qA)−mh)
and the denominator (v, (I − qA)−mh), so that λ̂

(m)
K,N approximates the corresponding resol-

vent Rayleigh quotient.
The usual eigenvalue interpretation requires the standard RMC spectral regime: q is

chosen in the resolvent domain so that the Neumann series converges, the resolvent
Rayleigh quotient has a nonzero denominator, and the chosen vectors v and h have nontriv-
ial projection on the eigendirection that the resolvent filter is meant to isolate. Under the
familiar simple-target setting, increasing the truncation and resolvent order then drives
the deterministic resolvent quotient to the selected eigenvalue. The zero-variance results
below are finite-truncation algebraic statements; except where a limiting interpretation is
explicitly invoked, they are conditioned only on the stated reachability assumptions and
on the sampled denominator being nonzero.

We isolate several notions of variance optimality, from the most local to the most
global. At the moment level, where the objects are the estimators θ(k) of the bilinear
moments (v, Akh), these are no-step and single-step zero-variance (only θ(0), respectively
θ(1), is deterministic), K-step zero-variance (the moments θ(0), . . . , θ(K) are deterministic),
and all-step zero-variance (every θ(k) is deterministic). The K-step notion is the finite moment-
level interpolant: no-step and single-step are its cases K = 0, 1, and all-step is the limit
K → ∞. At the quotient level, where the object is the RMC estimator λ̂

(m)
K,N formed from

θ(0), . . . , θ(K+1), these are quotient zero-variance (the quotient is deterministic) and quotient
exactness (that deterministic value is the target eigenvalue). Thus a quotient truncated
at order K is governed by the moment-level condition at level K+1. The moment-level
conditions are nested, (K+1)-step⇒ K-step, and the only implications across levels are

(K+1)-step zero-variance =⇒ quotient zero-variance ⇐= quotient exactness

(at truncation order K; the first arrow specializes to all-step⇒ quotient zero-variance as
K → ∞). Every other arrow fails, and Section 9 collects the counterexamples that show
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why. The single edge-ratio (eigen-triple) condition of Section 6 forces quotient exactness,
and adjoining no-step compatibility forces K-step, indeed all-step, zero-variance.

3. The Variance Structure Theorem
Every zero-variance question in this paper is decided by a single exact identity: the

variance of the moment estimator θ(k) of (2), written as the difference between a transport
term and the squared moment. We state and prove it for a general, possibly signed, matrix.

Theorem 1. Let A ∈ Rn×n and v, h ∈ Rn be the input data for the RMC algorithm.
We require:

v ̸= 0, h ̸= 0

∀i = 1, . . . n : ∑
j

∣∣aij
∣∣ ̸= 0

Define:

v ⇋ {|vi|}n
i=1, A ⇋

{∣∣aij
∣∣}n

i,j=1

h◦2 ⇋
{

h2
i

}n

i=1
D ⇋ diag(∥a1∥1, . . . , ∥an∥1)

Then:
Var
{

θ(k)
}
= ∥v∥1

(
v, (DA)kh◦2

)
−
(

v, Akh
)2

Proof. Write a path as ω = (α0, α1, . . . , αk), and call it admissible if vα0 ̸= 0 and aαsαs+1 ̸= 0
for s = 0, . . . , k− 1; only admissible paths carry positive MAO probability. Substituting
the MAO probabilities pi = |vi|/∥v∥1 and pij =

∣∣aij
∣∣/di into the estimator and using

x/|x| = sgn(x), every admissible path gives

θ(k)(ω) = ∥v∥1 sgn(vα0)
k−1

∏
s=0

(
dαs sgn(aαsαs+1)

)
hαk , (4)

since vα0 /pα0 = ∥v∥1 sgn(vα0) and aαsαs+1 /pαsαs+1 = dαs sgn(aαsαs+1). The probability of an
admissible path is

P(ω) = pα0

k−1

∏
s=0

pαsαs+1 =
|vα0 |
∥v∥1

k−1

∏
s=0

∣∣aαsαs+1

∣∣
dαs

.

Multiplying (4) by P(ω) and pairing the factors of the two products termwise, the iden-
tity |x| sgn(x) = x gives

P(ω) θ(k)(ω) =
( |vα0 |
∥v∥1

∥v∥1 sgn(vα0)
) k−1

∏
s=0

( ∣∣aαsαs+1

∣∣
dαs

dαs sgn(aαsαs+1)
)

hαk = vα0

k−1

∏
s=0

aαsαs+1 hαk .

The signs and the sampling weights cancel factor by factor, so the two products merge
into a single one. Summing over paths,

E
{

θ(k)
}
= ∑

ω

P(ω) θ(k)(ω) = ∑
ω

vα0

k−1

∏
s=0

aαsαs+1 hαk =
(

v, Akh
)

,

where the last sum ranges over all index tuples (α0, . . . , αk): a non-admissible tuple con-
tributes a zero factor, so extending the sum past the admissible paths adds nothing. This
recovers the unbiasedness of the MAO estimator for the bilinear moment (v, Akh).
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Squaring (4) removes every sign, sgn(·)2 = 1, so

(
θ(k)(ω)

)2
= ∥v∥2

1

(k−1

∏
s=0

d2
αs

)
h2

αk
.

Multiplying by P(ω), the factor ∥v∥2
1/∥v∥1 = ∥v∥1 and each d2

αs /dαs = dαs remain, so

E
{(

θ(k)
)2
}
= ∑

ω

P(ω)
(
θ(k)(ω)

)2
= ∥v∥1 ∑

ω

|vα0 |
k−1

∏
s=0

(
dαs

∣∣aαsαs+1

∣∣)h2
αk

.

Since (DA)ij = di
∣∣aij
∣∣, the path sum contracts to a matrix power,

∑
ω

|vα0 |
k−1

∏
s=0

(DA)αsαs+1 h2
αk

=
(

v, (DA)kh◦2
)

,

whence E
{
(θ(k))2

}
= ∥v∥1

(
v, (DA)kh◦2

)
.

Subtracting the square of the mean gives

Var
{

θ(k)
}
= E

{(
θ(k)
)2
}
−
(
E
{

θ(k)
})2

= ∥v∥1

(
v, (DA)kh◦2

)
−
(

v, Akh
)2

.

Remark 1. The second moment E
{
(θ(k))2

}
= ∥v∥1(v, (DA)kh◦2) is exactly the quantity

whose minimization over permissible densities underlies the almost-optimality of the MAO
densities [16,26]. Theorem 1 makes that second moment explicit as a closed form for general
(possibly signed) A and general h, and records it as an exact variance identity rather than the
one-sided bound used to establish optimality. The Hadamard square h◦2 and the transport operator
(DA)k that appear here are what drive the structural results of the following sections.

4. Variance Optimality of RMC on Balanced Matrices
A simple optimality condition can be extracted from Theorem 1. The result is a routine

extension of the balanced-matrix zero-variance phenomenon for MAO estimators discussed
in [16].

Proposition 1. Let C be the set of n× n matrices that have non-negative entries and constant row
sums, i.e.,

C ⇋
{

A ∈ Rn×n
≥0 | ∃c ∈ R>0 : A1 = c1

}
.

For A ∈ C choose
v =

1
n

1, h = 1.

Then Var
{

θ(k)
}
= 0 for all k ≥ 0.

Proof. For A ∈ C, every entry is nonnegative and every row sums to c, so di = ∑j |aij| =
∑j aij = c and A = A. With v = n−11 and h = 1 we have ∥v∥1 = 1, v = n−11, h◦2 = 1,

and D = cI, hence DA = cA and (DA)k1 = ck Ak1 = c2k1. Therefore, ∥v∥1(v, (DA)kh◦2) =
(n−11, c2k1) = c2k, while the mean term is (v, Akh) = (n−11, ck1) = ck. By Theorem 1,
Var
{

θ(k)
}
= c2k − (ck)2 = 0 for every k ≥ 0.

Corollary 1. Suppose A ∈ C with A1 = c1, and take v = 1
n 1, h = 1 as in Theorem 1. Then,

θ(k) = ck almost surely for every k ≥ 0.
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Proof. By Theorem 1, Var
{

θ(k)
}
= 0, so θ(k) is almost surely equal to its mean E

{
θ(k)
}
=

(v, Akh) = ck, computed in the preceding proof.

Corollary 2. Let A ∈ Rn×n
≥0 have no zero rows. Define:

ri =
n

∑
j=1

aij > 0, i = 1, . . . , n,

and assume that the ri are not all equal. Choose v and h as per Theorem 1. Then, the one-step MAO
estimator satisfies

Var
{

θ(1)
}
= ∥v∥1(v, (DA)h◦2)− (v, Ah)2 =

1
n

n

∑
i=1

r2
i −

(
1
n

n

∑
i=1

ri

)2

> 0.

The right-hand side is the population variance of the vector r, which can equivalently be
written as

1
2n2 ∑

i
∑

j
(ri − rj)

2.

Proof. Here A ≥ 0, so A = A and di = ri. With v = n−11 and h = 1, we have
∥v∥1 = 1, v = n−11, h◦2 = 1, and (DA h◦2)i = di ∑j aij = r2

i , so ∥v∥1(v, DA h◦2) = 1
n ∑i r2

i
while (v, Ah) = 1

n ∑i ri. Theorem 1 then gives the displayed identity. The rearrangement
1
n ∑i r2

i −
( 1

n ∑i ri
)2

= 1
2n2 ∑i ∑j(ri − rj)

2 is the standard variance identity, which is strictly
positive because the ri are not all equal.

The complementary degeneration—keeping equal row sums but dropping nonnegativity
—fails just as decisively, and quantifiably so.

Theorem 2 (Failure for signed matrices with equal row sums). Let A ∈ Rn×n have no zero
rows and equal algebraic row sums, A1 = c1 with c > 0, and choose v = 1

n 1, h = 1 as in
Theorem 1. Then, the one-step MAO estimator satisfies

Var
{

θ(1)
}
= ∥v∥1(v, (DA)h◦2)− (v, Ah)2 =

1
n

n

∑
i=1

d2
i − c2, di =

n

∑
j=1
|aij|.

If at least one row of A contains entries of both signs, then di > c for that row and hence

Var
{

θ(1)
}
=

1
n

n

∑
i=1

d2
i − c2 > 0.

Thus, equal algebraic row sums alone do not imply zero-variance MAO sampling: the nonneg-
ativity hypothesis of Theorem 1 cannot be dropped.

Proof. By Theorem 1 with v = n−11 and h = 1, we have ∥v∥1 = 1, v = 1
n 1, and h◦2 = 1.

Since A1 = (d1, . . . , dn)⊤ and D = diag(d1, . . . , dn),

∥v∥1(v, DA h◦2) =
1
n

n

∑
i=1

d2
i .

The mean term is (v, Ah) = 1
n 1⊤A1 = c, giving Var{θ(1)} = 1

n ∑i d2
i − c2. For every

row, di = ∑j |aij| ≥
∣∣∑j aij

∣∣ = c, with strict inequality whenever row i has entries of
both signs. Hence 1

n ∑i d2
i ≥ c2, strictly when some row is mixed-sign, and therefore

Var{θ(1)} > 0.
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Remark 2. The class from Theorem 1 is not maximal. It can be extended for matrices with only
non-positive entries, i.e.,

C ′ ⇋
{

A ∈ Rn×n
≤0 | ∃c ∈ R<0 : A1 = c1

}
.

So the maximal class is C ∪ C ′. However, the result cannot be extended to mixed-sign ma-
trices: dropping nonnegativity makes the one-step estimator fluctuate already at equal row sums
(Theorem 2).

Remark 3. The maximality statement is relative to the fixed test vectors v = n−11 and h = 1. If v
and h are allowed to depend on A, then additional degenerate zero-variance cases appear, for example
when v is supported on a deterministic closed component. Thus, the theorem classifies the canonical
balanced-row zero-variance regime, not all triples (A, v, h) with zero MAO variance.

As an example, take A =

(
2 0
0 3

)
with h = 1. The full-support choice v1 = 1

2 1 gives

θ(1) ∈ {2, 3} and hence Var
{

θ(1)
}
> 0, since A /∈ C (the row sums 2 and 3 differ). The choice

v2 = e1, on the other hand, traps the walk in the closed component {1}, so θ(k) = 2k is deterministic:
a zero-variance triple lying outside the balanced class C and produced only by the A-dependent
support of v.

5. Moment-Level Zero-Variance
We now study when the moment estimators θ(k) of (2) are deterministic. The conditions

form a nested family indexed by how many moments are constrained: the local no-step
and single-step conditions fix only θ(0) and θ(1); the K-step condition fixes θ(0), . . . , θ(K) and
is the finite notion a truncated run can certify; and the all-step condition fixes every θ(k).
The three subsections below treat these in turn, with no-step and single-step appearing
as the cases K = 0, 1 and all-step as the limit K → ∞. Each notion is characterized by a
path-balance condition on the collapsed form of the estimator.

5.1. No-Step and Single-Step Variance Optimality

We first isolate the local zero-variance conditions for the first two MAO estimators.
These are the weakest variance-optimality statements, since they involve only the initial
draw and the first transition.

Let
Sv ⇋ {i ∈ {1, . . . , n} | vi ̸= 0}

and define the one-step admissible edge set

E1(A, v) ⇋
{
(i, j) | i ∈ Sv, aij ̸= 0

}
.

All atoms in Sv and E1(A, v) have strictly positive MAO probability.

Definition 1. The triple (A, v, h) is called no-step compatible if there exists β0 ∈ R such that

sgn(vi)hi = β0 for every i ∈ Sv.

It is called single-step compatible if there exists β1 ∈ R such that

sgn(vi)di sgn(aij)hj = β1 for every (i, j) ∈ E1(A, v).
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Proposition 2. The MAO estimators satisfy

Eθ(0) = (v, h), Eθ(1) = (v, Ah).

Proof. Since pi = |vi|/∥v∥1, one has

θ(0) =
vα0

pα0

hα0 = ∥v∥1 sgn(vα0)hα0 .

Taking expectation over α0 gives

Eθ(0) = ∑
i∈Sv

|vi|
∥v∥1

∥v∥1 sgn(vi)hi = ∑
i

vihi = (v, h).

Similarly,
θ(1) = ∥v∥1 sgn(vα0)dα0 sgn(aα0α1)hα1 .

Therefore,

Eθ(1) = ∑
i∈Sv

∑
j:aij ̸=0

|vi|
∥v∥1

∣∣aij
∣∣

di
∥v∥1 sgn(vi)di sgn(aij)hj

= ∑
i

∑
j

viaijhj = (v, Ah).

Proposition 3. Var
{

θ(0)
}
= 0 if and only if (A, v, h) is no-step compatible.

Proof. The sample space Sv is finite and every admissible atom has positive probability, so
θ(0) has zero variance if and only if it is constant on its support. Since

θ(0) = ∥v∥1 sgn(vα0)hα0 ,

this holds if and only if sgn(vi)hi is constant on Sv, which is precisely no-step compatibility.

Proposition 4. Var
{

θ(1)
}
= 0 if and only if (A, v, h) is single-step compatible.

Proof. The edge set E1(A, v) is finite and every admissible atom has positive probability,
so θ(1) has zero variance if and only if it is constant on its support. On the admissible
edge (i, j),

θ(1) = ∥v∥1 sgn(vi)di sgn(aij)hj,

so this holds if and only if sgn(vi)di sgn(aij)hj is constant on E1(A, v), which is precisely
single-step compatibility.

5.2. K-Step Variance Optimality

The no-step and single-step criteria of Section 5.1 control only θ(0) and θ(1). The all-step
criterion of Section 5.3 treats the opposite extreme, constraining θ(k) for every k ≥ 0. We
therefore isolate the finite moment-level condition that θ(0), . . . , θ(K) be deterministic. It
interpolates between the local criteria (K ≤ 1) and all-step zero variance (K → ∞), and it is
the condition one can actually certify for a finite simulation. Since a quotient truncated at
order K uses the moments θ(0), . . . , θ(K+1), the corresponding moment-level certificate is
(K+1)-step zero variance.
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As in Section 5.3, assume di ̸= 0 for every reachable i, and for k ≥ 0 let Ωk(A, v) be
the set of admissible paths ω = (α0, . . . , αk) with vα0 ̸= 0 and aαsαs+1 ̸= 0; every such path
carries strictly positive MAO probability. On its admissible support the estimator takes the
sign/row-sum form (4), where di = ∑n

j=1 |aij|.

Definition 2 (K-step zero variance). For K ≥ 0, the triple (A, v, h) has K-step zero variance if

Var
{

θ(k)
}
= 0 for every k = 0, 1, . . . , K.

Theorem 3. For K ≥ 0, the following are equivalent.

(i). (A, v, h) has K-step zero variance.
(ii). For each k = 0, . . . , K there is a constant ck ∈ R with θ(k)(ω) = ck for every ω ∈ Ωk(A, v).
(iii). for each k = 0, . . . , K there is βk ∈ R with

sgn(vα0)
k−1

∏
s=0

(
dαs sgn(aαsαs+1)

)
hαk = βk

for every ω ∈ Ωk(A, v).

In either case θ(k) = ∥v∥1βk almost surely for k = 0, . . . , K. The cases K = 0 and K = 1 are
Proposition 3 and Proposition 4, and the limit K → ∞ is Theorem 4.

Proof. (i)⇔(ii). For each k, the sample space Ωk(A, v) is finite and every admissible atom
has positive probability, so θ(k) has zero variance if and only if it is constant on its support.
Applying this for k = 0, . . . , K gives the equivalence, with the common values ck. (ii)⇔(iii).
By the collapsed form, θ(k) = ∥v∥1Bk where Bk is the levelwise quantity in (iii). Since
∥v∥1 > 0 is fixed, θ(k) is constant on Ωk(A, v) if Bk is, with ck = ∥v∥1βk.

The condition is monotone in K and brackets the criteria already established.

Proposition 5. (K+1)-step zero variance implies K-step zero variance, and (A, v, h) has all-
step zero variance if and only if it has K-step zero variance for every K ≥ 0. Each implication
(K+1)⇒ K is strict.

Proof. The defining condition for (K+1)-step zero variance contains that for K-step, giving
the implication; all-step zero variance is the conjunction over all k ≥ 0, i.e., K-step for every
K. Strictness is witnessed by Example 1.

Example 1. Let v = e1, h = 1, and

A =

0 2 2
0 4 0
0 0 6

.

From Sv = {1} the admissible paths are 1→ {2, 3} followed by the forced self-loops 2→ 2
and 3→ 3. Here d1 = 4, d2 = 4, d3 = 6, and all reachable edges are positive. Thus θ(0) = h1 = 1
and θ(1) = d1 = 4 on either first edge, so (A, v, h) has 1-step (single-step) zero variance. But

θ(2) =

d1d2 = 16, on 1→ 2→ 2,

d1d3 = 24, on 1→ 3→ 3,
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so Var
{

θ(2)
}
> 0 and 2-step zero variance fails. (The edge ratios ρ22 = 4 ̸= 6 = ρ33 differ, so this

is not an eigen-triple; cf. Section 6.) The same construction, balanced up to level K and broken at
level K+1, makes every implication of Proposition 5 strict.

A single edgewise condition is again sufficient, now required only out to the trunca-
tion depth.

Proposition 6. Suppose (A, v, h) is no-step compatible, sgn(vi)hi = β on Sv, and the eigen-triple
condition (Definition 5) with eigenvalue λ holds on every edge lying on some admissible path of
length ≤ K. Then, (A, v, h) has K-step zero variance, with θ(k) = ∥v∥1βλk almost surely for
k = 0, . . . , K.

Proof. No-step compatibility gives θ(0) = ∥v∥1β on every admissible path. As in
Proposition 9, the eigen-triple identity on the edges used yields θ(k+1) = λθ(k) along
every admissible prefix of length < K, so by induction θ(k) = ∥v∥1βλk for k = 0, . . . , K,
a constant; hence Var{θ(k)} = 0 for those k.

Remark 4. The truncated quotient λ̂
(m)
K,N (Section 7) is formed from θ(0), . . . , θ(K+1). Hence (K+1)-

step zero variance makes every moment entering the quotient deterministic, and by Proposition 13
the quotient is then deterministic (quotient zero-variance). This is the finite, certifiable condition
that all-step zero variance over-delivers: at truncation order K, one never needs determinism beyond
level K+1.

5.3. All-Step Variance Optimality

The no-step and single-step criteria of Section 5.1 are local: they constrain only the
initial draw and the first transition, and they say nothing about θ(2), θ(3), . . . . We now intro-
duce the moment-level notion that controls every power simultaneously and characterize it
exactly; Section 6 then isolates a structural subclass—the eigen-triples—that is easy to verify
and contains the balanced-row regime of Theorem 1 as a special case.

Throughout, we keep the standing hypotheses v ̸= 0, h ̸= 0, and

di ⇋
n

∑
j=1
|aij| ̸= 0 for every i ∈ R(A, v),

where Sv = { i : vi ̸= 0 } and R(A, v) is the set of states (R(A, v) is the transitive closure
of E1(A, v) introduced in Section 5.1.) reachable from Sv through nonzero entries of A.
For k ≥ 0 let Ωk(A, v) be the set of admissible paths

ω = (α0, . . . , αk), vα0 ̸= 0, aαsαs+1 ̸= 0 (s = 0, . . . , k− 1).

On its admissible support the MAO estimator collapses to the sign/row-sum form
of Equation (4), obtained in the proof of Theorem 1 from vα0 /pα0 = ∥v∥1 sgn(vα0) and
aαsαs+1 /pαsαs+1 = dαs sgn(aαsαs+1).

Definition 3. The triple (A, v, h) has all-step zero variance if

Var
{

θ(k)
}
= 0 for every k ≥ 0.

Proposition 7. The triple (A, v, h) has all-step zero variance if and only if, for every k ≥ 0, there
is a constant ck ∈ R with

θ(k)(ω) = ck for every ω ∈ Ωk(A, v).
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Proof. For each k the sample space Ωk(A, v) is finite and every admissible path carries
strictly positive MAO probability. A random variable on a finite probability space whose
atoms all have positive probability has zero variance if and only if it is constant on its
support. Applying this to θ(k) for every k gives the claim.

This reduces the analytic statement Var{θ(k)} = 0 to a combinatorial one: the path-
wise value (4) must not depend on the path. Naming that requirement yields the exact
(maximal) class.

Definition 4. The triple (A, v, h) is levelwise path-balanced if for every k ≥ 0 there exists βk ∈ R
such that

sgn(vα0)
k−1

∏
s=0

(
dαs sgn(aαsαs+1)

)
hαk = βk

for every admissible path ω = (α0, . . . , αk) ∈ Ωk(A, v).

Theorem 4. Under the standing hypotheses the following are equivalent.

(i). (A, v, h) has all-step zero variance.
(ii). (A, v, h) is levelwise path-balanced.

In either case, θ(k) = ∥v∥1 βk almost surely for every k ≥ 0.

Remark 5. The no-step and single-step zero-variance criteria (Proposition 3 and Proposition 4)
are exactly the k = 0 and k = 1 instances of levelwise path-balance: constancy of sgn(vα0)hα0 on
Sv is the level-0 condition, and constancy of sgn(vα0)dα0 sgn(aα0α1)hα1 on E1(A, v) is the level-1
condition. Thus Theorem 4 subsumes both as the two lowest levels of the all-step characterization.

Proof. By (4), θ(k) = ∥v∥1 Bk(ω), where Bk(ω) denotes the levelwise quantity of
Definition 4. Since ∥v∥1 > 0 is a fixed scalar, θ(k) is constant on Ωk(A, v) if and only
if Bk is. By Proposition 7, all-step zero variance is exactly constancy of every θ(k), hence of
every Bk, which is precisely Definition 4. The common value is ck = ∥v∥1βk.

Remark 6. Theorem 4 is a genuine characterization: levelwise path-balance is necessary and
sufficient, so it describes the maximal all-step zero-variance class. It is, however, a condition on
the entire path family, with one scalar βk per level. The next subsection gives a single edgewise
condition that implies it uniformly across all levels.

6. The Eigen-Triple Criterion
The levelwise characterization above is exact but global, with one scalar βk per

level. We now isolate a single edgewise condition—the eigen-triple—that implies it uni-
formly across all levels, contains the balanced-row regime of Theorem 1 as a special case,
and is equivalent to a purely local condition on (A, h) that never mentions the eigen-
value. The eigenvalue itself emerges as the common edge ratio (Theorem 6), and quotient
exactness (Theorem 8) is the immediate payoff at the quotient level.

Definition 5. A triple (A, v, h) is an eigen-triple with eigenvalue λ ∈ R if

aij

pij
hj = λhi, equivalently di sgn(aij) hj = λhi,

for every reachable nonzero edge i→ j (that is, i ∈ R(A, v) and aij ̸= 0).

The condition is edgewise, and is strictly stronger than the ordinary eigenvector equa-
tion, which it nevertheless implies on the reachable part.
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Proposition 8. If (A, v, h) is an eigen-triple with eigenvalue λ, then (Ah)i = λhi for every
i ∈ R(A, v).

Remark 7. We concern ourselves with the reachable indices only; in this sense, h is MAO-
observably an eigenvector, though it need not be an actual eigenvector.

Proof. Fix a reachable row i. The eigen-triple condition gives sgn(aij)hj = λhi/di for each
j with aij ̸= 0. Hence

(Ah)i = ∑
j

aijhj = ∑
j: aij ̸=0

|aij| sgn(aij)hj =
λhi
di

∑
j: aij ̸=0

|aij| =
λhi
di

di = λhi.

The defining property propagates to a pathwise recurrence, the engine behind all the
zero-variance statements below.

Proposition 9. If (A, v, h) is an eigen-triple with eigenvalue λ, then

θ(k+1) = λ θ(k)

along every admissible coupled path prefix; i.e., for ω = (α0, . . . , αk+1) ∈ Ωk+1(A, v), with θ(k)

evaluated on the prefix (α0, . . . , αk).

Proof. For admissible ω = (α0, . . . , αk+1), separate the last factor in (4):

θ(k+1) = ∥v∥1 sgn(vα0)
k−1

∏
s=0

(
dαs sgn(aαsαs+1)

)(
dαk sgn(aαkαk+1)hαk+1

)
.

The edge αk → αk+1 is a reachable nonzero edge, so the eigen-triple condition gives
dαk sgn(aαkαk+1)hαk+1 = λhαk . Substituting,

θ(k+1) = λ ∥v∥1 sgn(vα0)
k−1

∏
s=0

(
dαs sgn(aαsαs+1)

)
hαk = λ θ(k).

Pathwise recurrence alone fixes only the ratios of consecutive moments; to pin down
each moment it must be combined with the no-step compatibility condition (Definition 1).
Together, they give the strong sufficient criterion.

Theorem 5 (Strong all-step zero-variance criterion). Suppose (A, v, h) is an eigen-triple with
eigenvalue λ and that there exists β ∈ R with

sgn(vi)hi = β for every i ∈ Sv.

Then
θ(k) = ∥v∥1 β λk almost surely, for every k ≥ 0,

and in particular (A, v, h) has all-step zero variance.

Proof. For k = 0, (4) and the compatibility hypothesis give θ(0) = ∥v∥1 sgn(vα0)hα0 =

∥v∥1β on every admissible path. By Proposition 9, θ(k+1) = λθ(k) along every admissible
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prefix, so by induction θ(k) = λkθ(0) = ∥v∥1βλk almost surely. The right-hand side is
constant, whence Var{θ(k)} = 0 for every k.

Corollary 3. Under the hypotheses of Theorem 5, (A, v, h) is levelwise path-balanced with
βk = βλk.

Proof. By Theorem 5, θ(k) = ∥v∥1βλk almost surely; comparing with θ(k) = ∥v∥1βk from
Theorem 4 gives βk = βλk.

Example 2.

(i). If A ≥ 0 with A1 = c1, c > 0, and v = n−11, h = 1, then di = c for every row, so
di sgn(aij)hj = c = c hi: an eigen-triple with λ = c. No-step compatibility holds with β = 1,
so Theorem 5 yields θ(k) = ck almost surely, recovering Corollary 1.

(ii). For A =
(

0 2
8 0
)

and h =
(

1
2
)

the row sums d1 = 2, d2 = 8 differ, yet d1 sgn(a12)h2 =

4 = 4h1 and d2 sgn(a21)h1 = 8 = 4h2, so (A, v, h) is an eigen-triple with λ = 4 for any v
supported on {1, 2}; indeed Ah = 4h. The all-step property therefore holds for a matrix that
is not row-balanced.

(iii). For A =
( 1 −1

0 2

)
and h =

( 1
−1
)

one has d1 = d2 = 2 and, on the reachable edges 1 → 1,
1→ 2, 2→ 2,

2(+1)(1) = 2 = 2h1, 2(−1)(−1) = 2 = 2h1, 2(+1)(−1) = −2 = 2h2,

an eigen-triple with λ = 2. Mixed signs, excluded in the matrix-only setting h = 1, become
admissible once h is allowed to vary.

6.1. Eigenvalue-Free Characterization

Definition 5 presupposes a value λ. In practice, λ is exactly the quantity one is trying
to compute, so a criterion that can be checked from (A, h) alone—without knowing λ in
advance—is preferable. We add the nondegeneracy hypothesis hi ̸= 0 on the reachable part
and replace the prescribed eigenvalue by the requirement that a single local ratio coincide
on every edge.

Definition 6. Assume hi ̸= 0 for every i ∈ R(A, v). For every reachable nonzero edge i→ j define

ρij(A, h) ⇋
di sgn(aij) hj

hi
.

The triple (A, v, h) satisfies the edge-ratio condition if

ρij(A, h) = ρi′ j′(A, h)

for all reachable nonzero edges i→ j and i′ → j′.

The edge-ratio condition refers only to absolute row sums, the signs of the nonzero
entries, the reachability graph, and h. It contains no eigenvalue. The next theorem shows it
is equivalent both to the eigen-triple condition and to the pathwise geometric recurrence
θ(k+1) = λθ(k)—the edgewise, pathwise, and recovered-eigenvalue faces of the same
property—with λ produced as output rather than required as input.

Theorem 6. Assume the standing hypotheses together with hi ̸= 0 for every i ∈ R(A, v). Then
the following are equivalent.

(i). There exists λ ∈ R such that (A, v, h) is an eigen-triple with eigenvalue λ.
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(ii). There exists λ ∈ R such that θ(k+1) = λ θ(k) along every admissible coupled path prefix, i.e.,
for every ω = (α0, . . . , αk+1) ∈ Ωk+1(A, v) with θ(k) evaluated on the prefix (α0, . . . , αk).

(iii). (A, v, h) satisfies the edge-ratio condition.

When any of these holds, the values of λ in (i) and (ii) coincide, are unique, and equal the
common edge ratio,

λ = ρij(A, h) for any reachable nonzero edge i→ j.

Proof. Given that v ̸= 0 and di > 0 on the reachable part, every reachable row has at least
one nonzero outgoing edge; hence the set of reachable nonzero edges is nonempty, and on
it the ratios ρij(A, h) are well defined (here hi ̸= 0, and hj ̸= 0 since j is itself reachable). We
prove the cycle (i)⇒(ii)⇒(iii)⇒(i).

(i)⇒(ii). This is Proposition 9: an eigen-triple with eigenvalue λ satisfies θ(k+1) = λθ(k)

along every admissible coupled path prefix.
(ii)⇒(iii). Let λ be as in (ii) and fix a reachable nonzero edge i→ j. Since i ∈ R(A, v)

there is an admissible prefix (α0, . . . , αk) with αk = i; appending j yields an admissible path
(α0, . . . , αk, j) ∈ Ωk+1(A, v). By the collapsed form (4), the two estimators on this coupled
prefix satisfy θ(k+1) = θ(k) di sgn(aij)hj/hi, while (ii) gives θ(k+1) = λθ(k). Since ∥v∥1 > 0,
dαs > 0, and hi ̸= 0, we have θ(k) ̸= 0; dividing yields ρij(A, h) = di sgn(aij)hj/hi = λ.
The edge i→ j was arbitrary, so every edge ratio equals λ: the edge-ratio condition.

(iii)⇒(i). Let λ denote the common value of the edge ratios, well defined by (iii) and the
nonemptiness above. For every reachable nonzero edge i→ j we have di sgn(aij)hj/hi = λ,
and multiplying by hi gives di sgn(aij)hj = λhi. Hence (A, v, h) is an eigen-triple with
eigenvalue λ.

Coincidence and uniqueness. The three constructions produce the same number:
(i)⇒(ii) carries the eigenvalue λ unchanged into the recurrence, and (ii)⇒(iii)⇒(i) returns it
as the common edge ratio. If (A, v, h) were an eigen-triple with eigenvalues λ and λ′, then
on any reachable nonzero edge λhi = di sgn(aij)hj = λ′hi with hi ̸= 0, so λ = λ′. Thus the
value in (i)–(iii) is unique and equals ρij(A, h).

Remark 8. The equivalence isolates the role of the eigenvalue. Definition 5 carries λ as a hypothesis;
the edge-ratio condition is a closed condition on (A, h) from which λ is recovered as the common
edge ratio. By Proposition 8, this common value is automatically an eigenvalue of the reachable
restriction of A, with eigenvector h—but that is a conclusion, not an input. Combined with no-step
compatibility, Theorem 6 turns the strong criterion of Theorem 5 into a test requiring no prior
spectral information: verify hi ̸= 0 and constancy of the edge ratios, read off λ, and check that
sgn(vi)hi is constant on Sv.

6.2. Edge Defects for Near-Eigen-Triples

Proposition 8 and its eigenvalue-free refinement describe the exact eigen-triple. It
is natural to ask how the conclusions degrade when h only approximately satisfies the
edgewise condition—when, in the language of the remark after Proposition 8, h strays
from being MAO-observably an eigenvector. The departure is measured edgewise, and the
eigen-triple is recovered throughout as the defect-free case.

Definition 7. For λ ∈ R and every reachable nonzero edge i→ j (that is, i ∈ R(A, v) and aij ̸= 0)
the edge defect is

εij ⇋ di sgn(aij) hj − λhi.

Proposition 10. (A, v, h) is an eigen-triple with eigenvalue λ if and only if the edge defect εij is 0
for every reachable nonzero edge.
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The eigenvector conclusion degrades by a weighted average of these defects, never by
amplification: the residual at a row is the row-mean of its edge defects.

Lemma 1. Under the standing hypotheses, for every λ ∈ R and every i ∈ R(A, v),

(Ah)i − λhi = ∑
j: aij ̸=0

wij εij ⇋ ε̄i, wij ⇋
|aij|
di

,

where the weights wij ≥ 0 satisfy ∑j wij = 1. In particular
∣∣(Ah)i − λhi

∣∣ ≤ maxj: aij ̸=0 |εij|,
and the defect-free case ε ≡ 0 recovers Proposition 8.

Proof. Fix a reachable row i. From Definition 7, sgn(aij)hj = (λhi + εij)/di for each j with
aij ̸= 0. Hence

(Ah)i = ∑
j: aij ̸=0

|aij| sgn(aij)hj =
1
di

∑
j: aij ̸=0

|aij|
(
λhi + εij

)
= λhi + ∑

j: aij ̸=0
wijεij,

using ∑j: aij ̸=0 |aij| = di. The weights wij = |aij|/di are nonnegative and sum to 1, giving
the convex-combination bound.

At the pathwise level the defect enters the geometric recurrence of Proposition 9
additively. Write, for an admissible prefix ω = (α0, . . . , αk),

Wk(ω) ⇋ sgn(vα0)
k−1

∏
s=0

(
dαs sgn(aαsαs+1)

)
, so that θ(k) = ∥v∥1 Wk hαk

by (4), with W0 = sgn(vα0) and |Wk| = ∏k−1
s=0 dαs .

Proposition 11 (Perturbed recurrence and its closed form). Under the standing hypotheses,
for every λ ∈ R the estimator satisfies, along every admissible coupled path prefix,

θ(k+1) = λ θ(k) + ∥v∥1 Wk εαkαk+1 ,

and hence, for every ω = (α0, . . . , αk) ∈ Ωk(A, v),

θ(k)(ω) = ∥v∥1

[
λk sgn(vα0)hα0 +

k−1

∑
s=0

λ k−1−s Ws(ω) εαsαs+1

]
.

The defect-free case ε ≡ 0 recovers Proposition 9.

Proof. For admissible ω = (α0, . . . , αk+1), factor the last edge: Wk+1 = Wk dαk sgn(aαkαk+1),
so by (4), θ(k+1) = ∥v∥1Wk dαk sgn(aαkαk+1)hαk+1 . The edge αk → αk+1 is reachable and
nonzero, so Definition 7 gives dαk sgn(aαkαk+1)hαk+1 = λhαk + εαkαk+1 . Substituting and
using θ(k) = ∥v∥1Wkhαk yields the recurrence. Unrolling from θ(0) = ∥v∥1 sgn(vα0)hα0 =

∥v∥1W0hα0 gives the closed form by induction.

When the no-step compatibility hypothesis of Theorem 5 holds, the leading term
is the constant ∥v∥1βλk, so all randomness in θ(k) comes from the defect sum. The stan-
dard deviation is therefore controlled to first order in the defect, and zero variance de-
grades continuously.
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Proposition 12 (First-order standard-deviation bound). Suppose (A, v, h) satisfies the stand-
ing hypotheses and the no-step compatibility condition sgn(vi)hi = β for every i ∈ Sv. Put
ε ⇋ max{|εij| : i→ j reachable nonzero} and dmax ⇋ maxi∈R(A,v) di. Then for every k ≥ 0,

√
Var
{

θ(k)
}
≤ ∥v∥1

k−1

∑
s=0
|λ| k−1−s

√
Var
{

Ws εαsαs+1

}
≤ ∥v∥1 ε

k−1

∑
s=0
|λ| k−1−sd s

max,

and, when dmax ̸= |λ|, the last sum equals (dk
max− |λ|k)/(dmax− |λ|). In particular, the standard

deviation is first order,
√

Var{θ(k)} = O(ε), so the variance is second order, Var{θ(k)} = O(ε2);
and ε = 0 recovers the all-step zero-variance conclusion of Theorem 5.

Proof. By Proposition 11 and the compatibility hypothesis, λk sgn(vα0)hα0 = βλk is a
constant, so θ(k) − ∥v∥1βλk = ∥v∥1 ∑k−1

s=0 λk−1−sWsεαsαs+1 . Variance is invariant under

subtracting a constant, so
√

Var{θ(k)} = ∥v∥1
∥∥∑s λk−1−sWsεαsαs+1

∥∥
L2

0
, where ∥·∥L2

0
is the

centered L2 norm. The triangle inequality for that norm gives the first bound. For the
second, the centered L2 norm is dominated by the uncentered one, and |Wsεαsαs+1 | ≤ ds

maxε

pointwise since |Ws| = ∏r<s dαr ≤ ds
max; hence

√
Var{Wsεαsαs+1} ≤ ds

maxε. Summing the
geometric series gives the closed form.

Remark 9. The two conclusions respond to different features of the defect. The eigenvector residual
ε̄i of Lemma 1 depends only on the row-mean of {εij}j, whereas the variance depends—already
through the s = 0 term θ(1) = ∥v∥1 sgn(vα0)(λhα0 + εα0α1)—on the full within-row dispersion
εij − ε̄i. Consequently, h can be an exact eigenvector of the reachable restriction, ε̄i = 0 for every
i ∈ R(A, v) so that (Ah)i = λhi, while Var{θ(k)} > 0: the within-row spread is invisible
to Ah yet inflates the estimator. This is the precise sense in which being MAO-observably an
eigenvector—the vanishing of every εij—is strictly stronger than being an eigenvector on R(A, v),
which forces only the row-means to vanish.

7. Quotient-Level Variance Optimality
The results of Sections 5.1 and 5.3 concern the primitive MAO moment estimators

θ(k), which estimate the bilinear moments (v, Akh). The RMC algorithm does not output
these moments directly; it outputs the finite-truncation quotient λ̂

(m)
K,N , a ratio of weighted

sums of the θ(k). A ratio can be deterministic even when its numerator and denominator
are random, so the variance of the quotient is a question distinct from the variance of the
individual moments. We isolate two quotient-level notions: quotient zero-variance, meaning
the quotient is deterministic, and quotient exactness, meaning the deterministic value is the
target eigenvalue.

For fixed m ≥ 1 and K ≥ 0, write the single-chain numerator and denominator
contributions

X(m)
K ⇋

K

∑
k=0

w(m)
k θ(k+1), Y(m)

K ⇋
K

∑
k=0

w(m)
k θ(k),

so that for N independent chains

λ̂
(m)
K,N =

∑N
r=1 X(m)

K,r

∑N
r=1 Y(m)

K,r

,

whenever the denominator is nonzero.
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7.1. Quotient Zero-Variance

Definition 8. The finite-truncation RMC quotient has quotient zero-variance with value τ ∈ R if

λ̂
(m)
K,N = τ

almost surely for every N ≥ 1, whenever the denominator is nonzero.

Proposition 13 (All-step zero variance implies quotient zero-variance). Suppose θ(k) = ck

almost surely for k = 0, . . . , K + 1, and that ∑K
k=0 w(m)

k ck ̸= 0. Then, the finite-truncation quotient
is deterministic, with value

τK,m =
∑K

k=0 w(m)
k ck+1

∑K
k=0 w(m)

k ck

.

Proof. If each θ(k) is deterministic, then X(m)
K and Y(m)

K are deterministic, and so are their
sums over independent chains. The quotient is therefore deterministic whenever its de-
nominator is nonzero, and its value is obtained by substituting θ(k) = ck.

Theorem 7. Assume Y(m)
K ̸= 0 almost surely. The following are equivalent.

(i). The single-chain quotient X(m)
K /Y(m)

K has zero variance.

(ii). There exists τ ∈ R with X(m)
K = τY(m)

K almost surely.

When either holds, λ̂
(m)
K,N = τ for every N ≥ 1 whenever the sample denominator is nonzero.

Proof. If X(m)
K /Y(m)

K has zero variance, it equals a constant τ almost surely; since Y(m)
K ̸= 0

almost surely this is equivalent to X(m)
K = τY(m)

K almost surely. Conversely, that iden-

tity gives X(m)
K /Y(m)

K = τ. For independent chains r = 1, . . . , N the same identity

yields ∑r X(m)
K,r = τ ∑r Y(m)

K,r , so the sample quotient equals τ whenever the denominator
is nonzero.

Remark 10. Quotient zero-variance is weaker than all-step zero variance: X(m)
K and Y(m)

K may
both fluctuate, yet if they fluctuate in exact proportion their ratio is deterministic.

7.2. Quotient Exactness

Quotient zero-variance only asserts that the quotient is deterministic; it does not
identify the deterministic value. Quotient exactness is the stronger property that the
finite-sample quotient equals a prescribed eigenvalue.

Definition 9. The RMC quotient is finite-sample exact for λ if λ̂
(m)
K,N = λ almost surely for every

m ≥ 1, K ≥ 0, and N ≥ 1, whenever the denominator is nonzero.

The eigen-triple framework of Section 6 delivers exactness directly. By Proposition 9,
an eigen-triple with eigenvalue λ satisfies θ(k+1) = λθ(k) along every admissible coupled
path prefix, and by Theorem 6 this is equivalent to the edge-ratio condition (Definition 6),
in which λ is recovered as the common edge ratio rather than assumed.

Theorem 8 (Quotient Exactness). Suppose (A, v, h) satisfies the edge-ratio condition of
Definition 6, and let λ be the common value of the edge ratios ρij(A, h). Then the coupled-prefix
RMC quotient is finite-sample exact for λ: for every m ≥ 1, K ≥ 0, and N ≥ 1,

λ̂
(m)
K,N = λ
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whenever the denominator is nonzero.

Proof. By Theorem 6, the triple is an eigen-triple with eigenvalue λ, so Proposition 9 gives
θ(k+1) = λθ(k) along every admissible coupled path prefix. Hence for each sampled chain r,

X(m)
K,r =

K

∑
k=0

w(m)
k θ

(k+1)
r = λ

K

∑
k=0

w(m)
k θ

(k)
r = λY(m)

K,r .

Summing over r = 1, . . . , N gives ∑r X(m)
K,r = λ ∑r Y(m)

K,r , so the quotient equals λ

whenever the denominator is nonzero.

Corollary 4. Fix K ≥ 0. If the edge ratio ρij(A, h) is constant, with common value λ, on every
edge lying on an admissible path of length ≤ K+1, then θ(k+1) = λθ(k) along coupled prefixes
for k = 0, . . . , K, and hence λ̂

(m)
K,N = λ for every m ≥ 1 and N ≥ 1 whenever the denomina-

tor is nonzero. Adjoining no-step compatibility yields, in addition, (K+1)-step zero variance
(Proposition 6 with K replaced by K+1).

Proof. The numerator and denominator at truncation K involve only θ(0), . . . , θ(K+1).
For each k = 0, . . . , K, the recurrence θ(k+1) = λθ(k) uses the last edge of an admissi-
ble path of length k+1, hence only edges lying on admissible paths of length at most K+1.
On these edges the edge-ratio hypothesis gives, as in Proposition 9, θ(k+1) = λθ(k) for
k = 0, . . . , K, so X(m)

K,r = λY(m)
K,r for each chain and the quotient equals λ. The last clause is

Proposition 6 applied at level K+1.

Remark 11. Finite-sample exactness requires θ(k) and θ(k+1) to be computed from coupled prefixes
of the same sampled trajectory. If the consecutive powers are estimated from independent chains
the pathwise cancellation is lost; the corresponding expectations remain proportional, but the
finite-sample quotient need not be exact.

7.3. Perturbation Analysis

Sections 7.1 and 7.2 are exact dichotomies: the quotient is either deterministic (pro-
portionality X = τY) or not. In practice (A, v, h) rarely lies exactly in the eigen-triple class,
and one wants a quantitative measure of how far the quotient fluctuates. The natural object
is the linearized (delta-method) variance of the ratio, which we record here and connect
to the edge defects of Section 6.2: it is the quotient-level analogue of the moment-level
departure analysis there.

Assume EY(m)
K ̸= 0 and set

η
(m)
K ⇋

EX(m)
K

EY(m)
K

, D(m)
K ⇋ EY(m)

K , U(m)
K ⇋ X(m)

K − η
(m)
K Y(m)

K ,

so that EU(m)
K = 0. The ratio variance is

σ2
ratio ⇋

Var
{

U(m)
K
}

|D(m)
K |2

=
Var
{

X(m)
K − η

(m)
K Y(m)

K
}

|D(m)
K |2

.

Proposition 14. Let the chains r = 1, . . . , N be i.i.d. and D(m)
K ̸= 0.

(i). If Y(m)
K is almost surely constant, then for every N ≥ 1

Var
{

λ̂
(m)
K,N
}
=

σ2
ratio
N

exactly.
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(ii). In general, as N → ∞,

Var
{

λ̂
(m)
K,N
}
=

σ2
ratio
N

(
1 + o(1)

)
,

the leading term being the first-order delta-method approximation, valid when the relative
denominator fluctuation Var{Y(m)

K }/|D(m)
K |2 is small.

Proof. (i) If Y(m)
K ≡ y0 almost surely, then λ̂

(m)
K,N =

(
∑r X(m)

K,r
)
/(Ny0), so Var{λ̂(m)

K,N} =

Var{X(m)
K }/(Ny2

0). Here, η
(m)
K Y(m)

K = EX(m)
K , hence U(m)

K = X(m)
K − EX(m)

K , Var{U(m)
K } =

Var{X(m)
K } and |D(m)

K |2 = y2
0; the two expressions coincide.

(ii) Writing X̄N , ȲN for the chain averages, the delta method about (EX,EY) gives
λ̂
(m)
K,N = X̄N/ȲN = η

(m)
K + (X̄N − η

(m)
K ȲN)/EY(m)

K + op(N−1/2), whence Var{λ̂(m)
K,N} =

Var{U(m)
K }/(N|D(m)

K |2) + o(N−1) = σ2
ratio/N + o(N−1).

The exact regime (i) is not vacuous: at K = 0 the denominator is the no-step estimator,
which is deterministic precisely under no-step compatibility. This makes the balanced-
matrix failures of the balanced-matrix section exact quotient-level statements.

Corollary 5. At K = 0, one has w(m)
0 = 1, X(m)

0 = θ(1), and Y(m)
0 = θ(0). If (A, v, h) is no-step

compatible, so that θ(0) = ∥v∥1β is deterministic, then Y(m)
0 is constant and Proposition 14(i)

gives, exactly,

Var
{

λ̂
(m)
0,N
}
=

1
N

Var{θ(1)}
∥v∥2

1β2
.

For the balanced-matrix test vectors v = n−11, h = 1 (so β = 1, ∥v∥1 = 1, θ(0) = 1) this
reduces to Var{θ(1)}/N. Hence, the one-step variances of Theorem 2 and Corollary 2 are, up to the
factor 1/N, exactly the K = 0 RMC quotient variance:

Var
{

λ̂
(m)
0,N
}
=

1
N

(
1
n ∑n

i=1 d2
i − c2

)
(signed, A1 = c1),

and 1
N
( 1

n ∑i r2
i − ( 1

n ∑i ri)
2) in the nonnegative unequal-row-sum case.

For K ≥ 1 the denominator fluctuates and σ2
ratio is the first-order approximation of

Proposition 14(ii). Its dependence on the data is governed by the same edge defects that
control the moments. Recall from Section 6.2 the edge defect εij (Definition 7) and the path
weight Wk with θ(k) = ∥v∥1Wkhαk .

Proposition 15. Suppose (A, v, h) is no-step compatible with sgn(vi)hi = β on Sv, and let εij be
the edge defects (Definition 7) for a candidate eigenvalue λ. Then, the centered residual is, to first
order in the defect,

U(m)
K = ∥v∥1

(
S(m)

K −ES(m)
K

)
+ O(ε2), S(m)

K ⇋
K

∑
k=0

w(m)
k Wk εαkαk+1 ,

and consequently

σ2
ratio =

∥v∥2
1

|D(m)
K |2

Var
{

S(m)
K

}
+ O(ε3).

In particular σ2
ratio = O(ε2), and it vanishes at the eigen-triple, recovering the exactness of

Theorem 8.
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Proof. By Proposition 11, under no-step compatibility θ(k) = ∥v∥1βλk + δ(k) with δ(k) =

∥v∥1 ∑k−1
s=0 λk−1−sWsεαsαs+1 , and δ(k+1) − λδ(k) = ∥v∥1Wkεαkαk+1 . The deterministic parts

satisfy X̄(m)
K = λȲ(m)

K , so η
(m)
K = λ + O(ε), and X(m)

K − η
(m)
K Y(m)

K = ∑k w(m)
k (δ(k+1) −

λδ(k))− E[·] + O(ε2) = ∥v∥1(S
(m)
K − ES(m)

K ) + O(ε2). Dividing by |D(m)
K |2 and squaring

gives the variance to O(ε3). If all reachable edge defects vanish, then S(m)
K = 0 and the

displayed leading term is zero.

Remark 12. The expansion is the quotient-level mirror of Proposition 12: both the moment standard
deviation and the first-order quotient standard deviation are O(ε) and are driven by the same
weighted defect sums, differing only in the weights (λk−1−s at the moment level, w(m)

k Wk/D(m)
K at

the quotient level). As there, the eigenvector residual sees only the row-mean of the defects while
the variance sees their full within-row spread, so a quotient can inherit positive variance from
misalignment of h even when Ah = λh holds on the reachable part.

8. Independence of Exactness and All-Step Variance
8.1. Exactness Without Moment Zero-Variance

The quotient can be exact even when no individual moment estimator has zero vari-
ance, because a common random factor cancels in the ratio. The elementary structure is

X = λZ, Y = Z,

with Z random: both X and Y may have positive variance, yet X/Y = λ whenever Y ̸= 0.
The same cancellation drives the RMC quotient whenever θ(k+1) = λθ(k) pathwise, since
then X(m)

K,r = λY(m)
K,r for every sampled chain.

Example 3. Take

A =

(
1 −1
0 2

)
, h =

(
1
−1

)
, v = 1

2

(
1
1

)
.

This is the mixed-sign eigen-triple of Section 5.3 with λ = 2, so θ(k+1) = 2θ(k) along every
admissible path and the finite RMC quotient is exactly 2 whenever its denominator is nonzero.
However, ∥v∥1 = 1 and

θ(0) = ∥v∥1 sgn(vα0)hα0 =

 1, α0 = 1,

−1, α0 = 2,

so Var{θ(0)} > 0, and since θ(k) = 2kθ(0),

Var{θ(k)} = 4k Var{θ(0)} > 0 for every k.

The quotient is nevertheless exact, because each numerator contribution is exactly twice the
corresponding denominator contribution.

Thus, quotient exactness does not imply moment zero-variance. The full relationship
between the notions is summarized in Section 9.

8.2. Zero-Variance Without Exactness

The converse gap is the one most easily overlooked in the RMC setting, where the
quotient is built precisely to extract an eigenvalue: one expects that a quotient which has
stopped fluctuating must have settled on the right answer. It need not. Zero variance is
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a statement about the spread of the estimator, exactness a statement about its location; a
quotient can be perfectly deterministic and deterministically wrong. Concretely, if every
moment is deterministic, θ(k) = ck almost surely, then by Proposition 13 the quotient is
the constant

τK,m =
∑K

k=0 w(m)
k ck+1

∑K
k=0 w(m)

k ck

, ck = (v, Akh),

a finite-truncation resolvent Rayleigh quotient. This equals an eigenvalue for every K and
m only when the moments are geometric, ck+1 = λck—equivalently when (A, v, h) is an
eigen-triple (Theorem 6). When h is not aligned with an eigenvector on the reachable part
the equality is destroyed, while the quotient stays deterministic.

Example 4. Take

A =

(
0 1
4 0

)
, v =

(
1
0

)
, h =

(
1
1

)
.

From Sv = {1}, the walk is forced, 1→ 2→ 1→ 2→ · · · , because each reachable row has
a single nonzero entry. There is thus exactly one admissible path of each length, so every θ(k) is
constant on its support and (A, v, h) has all-step zero variance; in particular the quotient λ̂

(m)
K,N is

deterministic for every m, K, N. The moments are

ck = (v, Akh) = (1, 1, 4, 4, 16, 16, . . . ), i.e. c2j = c2j+1 = 4j,

so the consecutive ratios ck+1/ck alternate between 1 and 4 and never settle. The triple is not an
eigen-triple: the edge ratios

ρ12 = d1 sgn(a12) h2/h1 = 1, ρ21 = d2 sgn(a21) h1/h2 = 4

differ, so the edge-ratio condition of Definition 6 fails. (A has eigenvalues ±2 with eigenvectors
(1,±2); the chosen h = (1, 1) aligns with neither.)

The deterministic quotient is therefore a genuine constant that is not an eigenvalue. For m = 1,

τ0,1 = 1, τ1,1 =
1 + 4q
1 + q

, τ2,1 =
1 + 4q + 4q2

1 + q + 4q2 , . . . ,

none of which equals ±2 for any admissible q. The value drifts with K, m, and q, and even its
K → ∞ resolvent limit

τ∞,m =
(v, A(I − qA)−mh)
(v, (I − qA)−mh)

stays off the spectrum for every admissible q: for m = 1, it equals (1 + 4q)/(1 + q), which reaches
the dominant eigenvalue 2 only in the excluded singular limit q→ 1

2 = 1/ρ(A). The quotient is
zero-variance with a wrong value because h mixes the +2 and −2 eigencomponents and the ratio
returns a biased Rayleigh average rather than a single eigenvalue.

Hence, quotient zero-variance does not imply quotient exactness: the estimator can
concentrate on a deterministic value that is not the eigenvalue, through truncation (K-
dependence), through m and q, or—as above—through misalignment of h. Exactness is
recovered precisely by the edge-ratio (eigen-triple) condition, which forces ck+1 = λck and
hence τK,m = λ for all K, m.

9. The Hierarchy of Variance-Optimality Notions
The preceding analysis produces five optimality notions presented in Table 1. They

are related but not equivalent, because the primitive moment estimators θ(k) and the final
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quotient λ̂
(m)
K,N are different random variables, and because determinism of an estimator is

distinct from its correctness. Ordered from most local to most global:

(i). No-step and single-step zero-variance of θ(0) and θ(1) (Section 5.1): detects first-step
degeneracy through the no-step and single-step compatibility conditions.

(ii). K-step zero-variance (Section 5.2): the moments θ(0), . . . , θ(K) are deterministic; charac-
terized by levelwise path-balance up to level K (Theorem 3). This is the finite notion
that a truncated run can certify, with no-step and single-step as the cases K = 0, 1.

(iii). All-step zero-variance (Section 5.3): every θ(k) is deterministic, removing stochastic error
from every moment (v, Akh); characterized by levelwise path-balance (Theorem 4). It
is exactly K-step zero-variance for every K, i.e., the limit K → ∞ of the previous notion.

(iv). Quotient zero-variance (Section 7.1): the final RMC ratio is deterministic, even if the
individual moments fluctuate.

(v). Quotient exactness (Section 7.2): the deterministic quotient value equals the target
eigenvalue λ.

The first three concern the MAO moment estimators; the last two concern the RMC
eigenvalue estimator. The moment-level notions are nested, and the valid implications
across levels are

(K+1)-step zero variance =⇒ quotient zero-variance at truncation K

quotient exactness =⇒ quotient zero-variance,

both whenever the denominator is nonzero; the first specializes to all-step =⇒ quotient
zero-variance as K → ∞. The reverse and omitted implications fail:

• (K+1)-step zero variance⇒ K-step, strictly: balance up to one level does not propa-
gate to the next (Example 1);

• quotient zero-variance ̸⇒ all-step (nor (K+1)-step) zero variance, since numerator
and denominator may share a random factor that cancels (Example 3);

• quotient zero-variance ̸⇒ quotient exactness, since the deterministic value may be
wrong (truncation, vector choice, or h not aligned with an eigenvector; Example 4);

• (K+1)-step zero variance ̸⇒ quotient exactness, unless the deterministic moments
satisfy the geometric relation ck+1 = λck.

The single pathwise condition θ(k+1) = λθ(k)—equivalently the edge-ratio condition
of Definition 6—yields quotient exactness. Adjoining the no-step compatibility condition
sgn(vi)hi = β on Sv makes θ(0) deterministic and hence forces all-step zero variance
(Theorem 5). The same conditions have finite-truncation counterparts: imposing the edge
ratios only on the edges that lie on admissible paths of length ≤ K+1 already forces
θ(k+1) = λθ(k) for k ≤ K, hence finite-sample exactness of λ̂

(m)
K,N at truncation order K,

and adjoining no-step compatibility forces (K+1)-step zero variance (Proposition 6 applied
at level K+1). This gives the eigenvalue-free classification

Table 1. Eigenvalue-free conditions for optimality notions.

Property Eigenvalue-Free Condition

Exact at truncation K ρij(A, h) is constant on edges of admissible paths of
length ≤ K + 1.

(K+1)-step zero-
variance triples

The same edge-ratio condition holds, and sgn(vi)hi is
constant on Sv.

Quotient-exact triples ρij(A, h) is constant on reachable nonzero edges.

All-step zero-variance triples ρij(A, h) is constant on reachable nonzero edges,
and sgn(vi)hi is constant on Sv.
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The last two rows are the limits K → ∞ of the first two.
To keep the notions distinct we reserve moment zero-variance for properties of θ(k), quo-

tient zero-variance for determinism of λ̂
(m)
K,N , and quotient exactness for λ̂

(m)
K,N = λ almost surely.

10. Discussion
The variance structure theorem (Theorem 1) is the heart of the mechanism. By writing

the variance of θ(k) as the explicit difference ∥v∥1(v, (DA)kh◦2)− (v, Akh)2, it turns every
zero-variance question into an algebraic identity between a transport term and the squared
moment. The second moment ∥v∥1(v, (DA)kh◦2) is exactly the quantity whose minimiza-
tion over permissible densities underlies the almost-optimality of the MAO scheme [16,26];
our identity records it as a closed form for general, possibly signed, A, and subtracts the
mean to give the variance itself rather than the one-sided bound used to establish optimality.
Every later characterization is read off this identity.

The hierarchy of Section 9 separates two properties that are easy to conflate. Deter-
minism of an estimator is a statement about its spread; correctness is a statement about
its location. At the moment level the two coincide only through unbiasedness, but at
the quotient level they come apart twice over. A quotient can be deterministic while its
numerator and denominator fluctuate, because a common random factor cancels in the
ratio (Section 8.1), so quotient zero-variance is strictly weaker than moment zero-variance.
And a deterministic quotient can be deterministically wrong, settling on a value that is not
an eigenvalue (Section 8.2). The second gap is the one most easily overlooked in the RMC
setting, where the quotient is built precisely to extract an eigenvalue and a stable output
invites the inference that it has settled on the right answer.

The eigen-triple condition resolves both gaps at once. A single edgewise requirement,
that the edge ratio ρij(A, h) = di sgn(aij)hj/hi be constant on the reachable nonzero edges,
forces the pathwise recurrence θ(k+1) = λθ(k) and hence finite-sample exactness of the
quotient (Theorem 8), with the eigenvalue recovered as the common ratio rather than
supplied in advance. The condition is genuinely stronger than h being an eigenvector: the
eigenvector residual at a row is the row-mean of its edge defects (Lemma 1), whereas the
variance sees the full within-row dispersion of those defects (Section 6.2). Consequently
h can satisfy Ah = λh on the reachable part while the estimator still fluctuates. This is
the precise content of the slogan that the eigen-triple asks h to be MAO-observably an
eigenvector, not merely an eigenvector.

For practice the operative notion is neither the local nor the global one but the finite
K-step condition. A truncated run forms the quotient from θ(0), . . . , θ(K+1) alone, so (K+1)-
step zero variance is exactly what makes every moment entering the quotient deterministic,
and the eigen-triple need only hold on the edges of admissible paths of length at most
K+1 (Corollary 4). When the data fall short of an exact eigen-triple, the degradation is
quantitative and benign: both the moment standard deviation and the first-order quotient
standard deviation are O(ε) in the maximal edge defect ε, so the variance is O(ε2) and
vanishes at the eigen-triple (Propositions 12 and 15). The edge-ratio condition is moreover
cheap to check: Algorithm A1 (Appendix A) certifies it, and returns the eigenvalue, in a
single pass over the nonzero entries of A, in time O(|Sv|+ nnz(A)).

Several limitations delimit the scope of these results. The analysis is for real A and real
test vectors, and the conditions are phrased on the reachable part R(A, v), so degenerate
triples whose support traps the walk in a deterministic component fall outside the canonical
classification (Theorem 1 and the remarks following it). Finite-sample exactness requires the
consecutive powers θ(k) and θ(k+1) to be read from coupled prefixes of the same trajectory;
estimating them from independent chains preserves proportionality only in expectation
and destroys the pathwise cancellation. Finally, a deterministic quotient can be pulled off
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the spectrum by truncation, by the resolvent order m, or by the parameter q, so quotient
zero-variance certifies stability of the output but not its correctness; only the edge-ratio
condition certifies both.

11. Conclusions
Resolvent Monte Carlo trades exact arithmetic for stochastic error, and the almost-

optimal sampling scheme is the classical answer to making that error small. We have asked
the sharper question of when the error vanishes, and answered it completely. The variance
structure theorem gives an exact closed-form identity for the variance of the moment
estimator of a general, possibly signed, matrix, and from it we have derived a full hierarchy
of zero-variance notions: the local no-step and single-step conditions, the finite-truncation
K-step condition that a practical run can certify, the global all-step condition, and the two
quotient-level notions of zero-variance and exactness. We have characterized each notion,
established the only implications that hold across levels, and exhibited the examples that
separate the rest, thereby distinguishing determinism of the estimator from correctness of
the eigenvalue it reports.

The structural core of the theory is the eigen-triple condition. A single edgewise
requirement on the edge ratios forces the truncated quotient to equal the target eigenvalue
in finite samples, recovers the eigenvalue as the common ratio rather than assuming it,
and contains the classical balanced-row regime as a special case. Away from the exact
condition the exactness degrades only to second order in a measurable edge defect, so the
optimality is robust, and the condition is certified, together with the eigenvalue it yields,
in a single linear-time pass over the sparsity pattern of the matrix.

These results turn the variance analysis of RMC from a one-sided optimality bound
into an exact calculus of when, and how nearly, the estimator is deterministic and correct.
Natural continuations include a numerical study of near-eigen-triple data against the
predicted O(ε2) scaling, the use of the edge-ratio certificate to guide the choice of the input
vectors v and h, and the extension of the zero-variance theory to resolvent Monte Carlo
with a complex parameter, where the chains remain real but the weights become complex.
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Appendix A. An Algorithm for the Edge-Ratio Condition
We give a direct procedure that decides whether a triple (A, v, h) satisfies the edge-ratio

condition of Definition 6 and, when it does, returns the common edge ratio λ. By Theorem 6
this λ is the eigenvalue carried by the eigen-triple, by Proposition 8 it is an eigenvalue
of the reachable restriction of A with eigenvector h, and by Theorem 8 the coupled RMC
quotient is then finite-sample exact for λ. The test inspects only the reachable nonzero
edges and runs in a single pass over the sparsity pattern of A.
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Recall the data of Definition 6: Sv = {i : vi ̸= 0}, the reachable set R(A, v) of indices
reachable from Sv through nonzero entries of A, the row sums di = ∑j

∣∣aij
∣∣, and, for a

reachable nonzero edge i → j, the edge ratio ρij(A, h) = di sgn(aij) hj/hi. The condition
holds when all these ratios coincide. The nondegeneracy hypotheses (di ̸= 0 and hi ̸= 0 on
R(A, v)) are exactly what makes every ρij well defined, so the algorithm checks them first.

Algorithm A1 Edge-ratio check for (A, v, h)
Input: A = (aij) ∈ Rn×n; vectors v, h ∈ Rn; relative tolerance τ ≥ 0 (τ = 0 for an exact test).
Output: (TRUE, λ) if (A, v, h) satisfies the edge-ratio condition, with λ the common ratio;
otherwise FALSE with a pair of disagreeing edges.
(i). Support and reachability. Set Sv ← {i : vi ̸= 0}. Compute R(A, v) by a breadth-first

search from Sv in the directed graph with an edge i→ j whenever aij ̸= 0.
(ii). Nondegeneracy. For each i ∈ R(A, v) compute di = ∑j

∣∣aij
∣∣. If di = 0 or hi = 0 for

some i ∈ R(A, v), return FALSE.
(iii). Reference ratio. Set λ← UNDEFINED.
(iv). Single pass over reachable nonzero edges. For each i ∈ R(A, v) and each j with aij ̸= 0:

(a) compute ρ← di sgn(aij) hj/hi;
(b) if λ is UNDEFINED, set λ← ρ and record the reference edge (i0, j0)← (i, j);
(c) otherwise, if |ρ− λ| > τ max{1, |λ|}, return

(
FALSE, (i0, j0), (i, j)

)
.

(v). Return. If λ is still UNDEFINED (no reachable nonzero edge), the condition holds
vacuously; return (TRUE, UNDEFINED). Otherwise return (TRUE, λ).

Remark A1 (Correctness). Steps 1–2 guarantee that every quantity in step 4(a) is defined, since j
reached from a nonzero edge is itself in R(A, v), where hj ̸= 0. Step 4 compares every reachable
edge ratio against a single reference value, so it returns TRUE exactly when ρij(A, h) is constant
on the reachable nonzero edge set, which is the edge-ratio condition. The returned λ is the common
ratio, which by Theorem 6 is the eigenvalue of the corresponding eigen-triple.

Remark A2 (Complexity). The breadth-first search visits each vertex and edge once, and the loop
of step 4 touches each reachable nonzero entry once, so the running time is O

(
|Sv|+ nnz(A)

)
and

the working memory is O(n), where nnz(A) is the number of nonzero entries. Row sums di may
be accumulated during the same pass.

Remark A3 (Floating-point and exact tests). With τ = 0 the comparison in step 4(c) is exact,
appropriate for integer or exact rational data. For floating-point data a small relative tolerance
τ (a modest multiple of the unit roundoff) absorbs rounding in the products dihj/hi; the witness
returned on failure, (i0, j0) versus (i, j), localizes the largest disagreement when the loop is ordered
to keep the extremal ratio.

Remark A4 (Certifying only a finite truncation). To certify exactness of the RMC quotient at a
fixed truncation order K rather than for all K (Corollary 4), restrict the breadth-first search of step 1
to depth K+1, i.e., collect exactly the edges lying on admissible paths of length ≤ K+1, and run
steps 2–5 on that edge set only. Adjoining the no-step compatibility check (sgn(vi)hi constant on
Sv) then certifies (K+1)-step zero variance (Proposition 6).
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