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1 Model Form and Simplifications

We consider the consumer-resource model30

Ṙi = ρi −Ri
∑

j
CijNj +

∑
j
Pji
∑

k

(
CjkRj −

gk
εjk

)
Nk + θ

∑
j
P̃ji
∑

k

gk
εjk

Nk

Ṅk = Nk ((1− θ)gk − ηk) = Nk

(
(1− θ) min

j∈{1,...,S}
{εjkCjkRj : Cjk 6= 0} − ηk

) (S1)

with parameters as defined in the main text. Throughout our simulations and analytical theory,
we generally set the εii values all to some small fraction and set the remaining εij = 1 for i 6= j,32

meaning that the diagonal consumer-resource pairs are limiting. We focus on this case mainly for
convenience, as it simplifies our numerical and mathematical analysis.34

In addition, there can be added complexity in this model when consumers do not require and
therefore deplete all of the resources in the system. In this case, the sum over the P̃ji parame-36

ters will not actually be over all of the k indices, because only those resources that are actually
consumed will lead to cross-feeding. Similarly, consumer growth rates are actually dependent on38

the total number of resources that each consumer depletes. When consumers don’t deplete all
resources, this number can vary between consumers. Throughout our analysis, we measure con-40

sumer abundances in units that eliminate this additional multiplicative factor in consumer growth
rates, simplifying the model.42

2 Stability Criteria

In this section, we derive the sufficient stability criteria described in the main text. We show that,44

if a fixed point exists in the model dynamics and if our stability criteria are satisfied, the fixed
point is guaranteed to be stable. We describe how these stability criteria apply to our example46

consumption and production structures. Last, we discuss under what conditions our sufficient
stability criteria are also necessary.48

2.1 Deriving the Jacobian

Suppose that the model in Eq. (1) of the main text admits a fixed point with (positive) abundances50

~R? and ~N?. As discussed in the main text, near to a fixed point, the model reduces to the dynamical
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system in Eq. (2), so we evaluate the Jacobian J of Eq. (2) at the fixed point ~R? and ~N? to52

determine its stability. If the eigenvalues of the Jacobian all have negative real part, then the
equilibrium is stable to small perturbations. Let’s compute the Jacobian of this system:54

∂Ṙi
∂Rj

= −δij
∑

k
CikNk + Pji

∑
k
CjkNk − CjjNj

∑
k
Pkiε̃kj + θ CjjNj

∑
k
P̃kiε̃kj

∂Ṙi
∂Nj

= −RiCij +
∑

k
PkiCkjRk − CjjRj

∑
k
Pkiε̃kj + θ CjjRj

∑
k
P̃kiε̃kj

∂Ṅi

∂Rj
= δij(1− θ)NiεiiCii

∂Ṅi

∂Nj
= 0

(S2)

In matrix notation, the Jacobian is

J =

[
−[C ~N ]d + P T [C ~N ]d − P T ε̃CdNd + θP̃ T ε̃CdNd −~RdC + P T ~RdC − P T ε̃Cd ~Rd + θP̃ T ε̃Cd ~Rd

(1− θ) ~NdεdiagCdiag 0

]
(S3)

where Cdiag (and similarly εdiag) is the diagonal matrix with entries from the diagonal of C (re-56

spectively, ε). For convenience in the calculations ahead, we will define the short-hand no-
tations A and B for the upper-left and upper-right blocks of J , respectively (so we have A =58

−[C ~N ]d +P T [C ~N ]d−P T ε̃CdNd + θP̃ T ε̃CdNd and B = −~RdC+P T ~RdC−P T ε̃CdRd + θP̃ T ε̃CdRd).
Note that we abuse notation here by including the abundances ~Rd in this definition of B, which is60

slightly different from the definition in the main text. However, in the cases we focus on analytically,
this new B is directly proportional to the B in the main text. In the following sections, we will derive62

criteria for the stability of the Jacobian under some additional assumptions.

2.2 Sufficient conditions for stability64

First, we show that 0 is not an eigenvalue of J , so that we can invert the matrix −λI (where λ is an
eigenvalue of J) when applying block determinant rules. Suppose 0 is an eigenvalue of J ; then J66

is singular and there exists a non-zero vector, with first S components denoted by ~v, and second
S components denoted by ~w, such that68

J

[
~v

~w

]
=

[
A B

(1− θ) ~NdεdiagCdiag 0

][
~v

~w

]
= ~0 . (S4)
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Since (1 − θ) ~NdεdiagCdiag is a diagonal matrix with positive entries by assumption, it is invertible
and we know that ~v = ~0. Therefore, B~w = ~0. But we notice that −B−1 is precisely the matrix that70

defines ~N? in Eq. (3) of the main text. So B is also invertible by our assumption that ~N? is well-
defined, and we know that ~w = 0. This contradicts our initial assumption that (~v, ~w) is non-zero.72

Thus, we conclude that 0 is not an eigenvalue of J .

Now, we apply block determinant rules to the matrix J − λI and compute the characteristic poly-74

nomial for J :

det[J − λI] = det[−λI] det

[
A− λI +

1− θ
λ

B ~NdεdiagCdiag

]
(S5)

As we have ruled out λ = 0, this implies that the eigenvalues of J are defined by76

det

[
A− λI +

1− θ
λ

B ~NdεdiagCdiag

]
= 0 (S6)

At this point we concentrate on a simplified version of the model, in which ~R? = r~1 and ~N? = n~1,
where~1 is a vector of all ones. We also assume that Cii = Cd and εii = εd for all i. Now the relevant78

matrices in the characteristic polynomial simplify toA = n
(
−[C~1]d + P T [C~1]d − CdP T ε̃+ θCdP̃

T ε̃
)

and B′ = 1−θ
λ B ~NdεdiagCdiag = 1

λ(1− θ)nrεdCd
(
−C + P TC − CdP T ε̃+ θCdP̃

T ε̃
)

.80

We aim to show that, given the two stability criteria described in the main text, the eigenvalues of
J must have strictly negative real parts. We use proof by contradiction: Assume that there is an82

eigenvalue λ with Re(λ) > 0. Then we will demonstrate that the matrix A+B′ has all eigenvalues
with strictly negative real part. Eq. (S5) shows that λ are also the eigenvalues of A + B′, so this84

results in a contradiction. Therefore, we will conclude that Re(λ) < 0.

First, notice that the stability criteria directly imply that B, and hence B′, given the assumption86

Re(λ) > 0, is negative definite. Next, observe that A can be expressed as

A = n

(
−[C~1]d + P T [C~1]d + C − P TC +

1

r
B

)
= n

(
−(I − P T )([C~1]d − C) +

1

r
B

)
(S7)

The positive factor n will not affect our conclusions, so we neglect it for simplicity. By the stability88

criteria in the main text, the matrices I − P T and [C~1]d − C are individually symmetric. In fact,
these matrices are (weakly) diagonally dominant, and so the Gershgorin circle theorem implies90

that they are individually positive semi-definite [1]. In particular, each matrix has an eigenvector
~1 with corresponding eigenvalue 0; then assuming P and C are invertible, the remaining S − 192

eigenvalues of the above matrices are strictly positive. For these conclusions, we use the fact that
P is column stochastic (i.e. P T~1 = ~1). However, the product (I − P T )([C~1]d − C) is not generally94
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symmetric, and so not positive semi-definite.

We will now show that despite this non-symmetry, A shares the same eigenvalues as a negative96

definite matrix, and thus has all real negative eigenvalues. Before proceeding, it is necessary to
deal with a small technical detail. We have seen that [C~1]d − C has one zero eigenvalue, which98

renders this matrix uninvertible. This will complicate our calculations, so we are motivated to
express A as100

A = −(I − P T )([C~1]d − C) + c (I − P T ) + c (I − P T ) +
1

r
B

= −(I − P T )([C~1]d − C − cI) +

(
c (I − P T ) +

1

r
B

) (S8)

where c is an arbitrary small constant. For c sufficiently small, the matrix c (I − P T ) + 1
rB = B′′ is

negative definite, because B is negative definite and the eigenvalues are a continuous function of102

the matrix entries (this can be shown formally using Weyl’s inequality). But now [C~1]d − C − cI is
negative definite, and in particular invertible. Let V ΛV T be the eigendecomposition of [C~1]d−C−104

cI. The matrix Q = Λ1/2V −1(A + B′)V Λ−1/2 = Λ1/2V T (A + B′)V Λ−1/2 is similar to A + B′, and
thus shares the same eigenvalues. Expanding Q, we have106

Q = −Λ1/2V T (I − P T )([C~1]d − C − cI)V Λ−1/2 + Λ1/2V TB′′V Λ−1/2 + Λ1/2V TB′V Λ−1/2

= −Λ1/2V T (I − P T )V Λ1/2 + Λ1/2V TB′′V Λ−1/2 + Λ1/2V TB′V Λ−1/2
(S9)

The first term of Q, in the second line above is congruent to −(I − P T ), which is a negative semi-
definite matrix. Then Sylvester’s law of inertia implies that this term is also negative semi-definite108

[1]. The remaining two terms are similar to negative definite matrices (B′′ and B′, respectively),
implying that they are also negative definite. Thus, Q is a sum of negative definite and negative110

semi-definite matrices. This implies that Q is negative definite, and therefore Q and A + B′ have
all real negative eigenvalues. This contradicts the assumption that Re(λ) > 0, so we have proved112

that the criteria in the main text are sufficient to ensure the stability of J .

6



2.3 Gershgorin bound implies that B is negative definite114

A straightforward application of the Gershgorin circle theorem to the matrix B yields a sufficient
condition for the stability ofB that provides additional ecological insight. IfH(B)ii+

∑
j 6=i |H(B)ij | <116

0 for each i, the eigenvalues of the Hermitian part of B are all contained in the left half of the com-
plex plane and H

(
1
λB
)

is negative definite. These inequalities demonstrate that, if B has large118

diagonal coefficients, then the system is more likely to be stable. Because the diagonal coefficients
of B are proportional to the diagonal consumption coefficients, this relationship helps to explain120

why Cd is a key bifurcation parameter in the model. In Fig D and E, we plot the predictions for this
sufficient Gershgorin condition in addition to the predictions from the second stability condition we122

stated in the main text.

2.4 Stability criteria for the example consumption and production patterns124

We now show that the example consumption and production structures which we described in
the main text automatically generate symmetric B matrices, satisfying our first sufficient stability126

criterion. We consider the two terms of the matrix

B = r
[(
I − P T

)
C +

(
P T − θP̃ T

)
ε̃ ~Cd

]
(S10)

separately.128

In the tradeoff parameterization, Pij = 1
S−1 when i 6= j while Pii = 0. C is a symmetric

matrix with row (or column) sums
∑

j Cij = Cd + (S − 1)C0 for each i. The (i, j)-th entry130

of the matrix product P TC is [P TC]ij = 1
S−1 (Cd + (S − 1)C0 − Cij), while the (j, i)-th entry is

[P TC]ji = 1
S−1 (Cd + (S − 1)C0 − Cji). Since C is symmetric, Cij = Cji and P TC is symmetric132

as well. Therefore, B is symmetric since it is the sum of symmetric matrices, and the first stabil-
ity condition is satisfied. Circulant matrices commute with one another, and

(
P T − θP̃ T

)
ε̃ ~Cd =134

Cd

(
P T − θP̃ T

)
ε̃ is the product of two symmetric circulant matrices, and therefore is symmetric

itself. Overall, B is symmetric.136

Now, we consider the symmetric circulant matrix case. Since C and P T are both symmetric and
circulant, we have that (P TC)T = CTP = CP T = P TC. In other words P TC is symmetric.138

Similarly, the second term in the B matrix is also a product of two symmetric circulant matrices.
Therefore, B is symmetric and the first condition is always satisfied. It is possible for the second140

condition to be false, so we need to explicitly check this condition, as we do in the main text.
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2.5 Stability criteria without cross-feeding142

When there is no cross-feeding, Pij = P̃ij = 0 for all i, j. In this section, we assume that∑
j 6=iCij = (S − 1)C0 for analytical tractability, and we also continue to assume that ~R? = r~1,144

~N? = n~1, Cii = Cd and εii = ε for all i. The eigenvalues λ of the Jacobian J satisfy the character-
istic polynomial146

0 = det(J−λI) = det

([
−[C ~N ]d − λI −~RdC
~NdεdCdiag −λI

])
= det

([
−n((S − 1)C0 + Cd)I − λI −rC

nCdI −λI

])
.

(S11)
First, let’s decide if λ = −n((S−1)C0 +Cd) can be an eigenvalue. Let v, w ∈ RS and suppose that

148 [
0 −rC

nεCdI n((S − 1)C0 + Cd)I

][
v

w

]
= ~0 . (S12)

Since −rC is invertible, w = ~0, but then v = ~0 as well, and λ = −n((S − 1)C0 + Cd) is not an
eigenvalue of J . Therefore, we can safely apply block determinant rules to find all the eigenvalues.150

We find that

0 = det

(
− ~NdεdCdiag

(
[C ~N ]d + λI

)−1
~RdC − λI

)
= det

(
− nrεCd
n((S − 1)C0 + Cd) + λ

C − λI
)

(S13)
so we can write down the eigenvalues of J in terms of the eigenvalues of C. If ω is an eigenvalue152

of C, then the roots of the polynomial

λ2 + n((S − 1)C0 + Cd)λ+ nrεCdω = 0 (S14)

are eigenvalues of J . So, we want to know when the roots of this complex quadratic have negative154

real part. We can derive constraints on ω under which λ is guaranteed to have negative real

part by using the quadratic formula and the identity Re
(√
x+ iy

)
= 1√

2

√√
x2 + y2 + x, or just by156

appealing to the Routh-Hurwitz stability criteria. In either case, if

n((S − 1)C0 + Cd) > 0

n((S − 1)C0 + Cd)
2Re(ω) > rCdIm(ω)2

(S15)

hold, then Re(λ) < 0. The first constraint in (S15) is always satisfied from the definitions. The158

second constraint is the interesting one. First of all, if Re(ω) ≤ 0 (ie. if −C is unstable), then the
Jacobian J is unstable, since the right hand side of (S15) is non-negative. So, we can already160

rule out consumption structures (C matrices) that are unstable by themselves. In addition to the
stability of C, (S15) shows that the magnitude of Im(ω) must be small compared the magnitude162

of Re(ω). If Im(ω) 6= 0, which is true for a generic consumption matrix, then by sending n→ 0, we
will eventually get instability. These results directly mirror those presented in the main text, where164
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low consumer abundances lead to instability. Moreover, the criteria we have derived in this simpler
case unify our two stability criteria in the more general case. To see this, let’s interpret our more166

general stability criteria in the non-cross-feeding parameterization. The first symmetry criterion in
the general case forces the imaginary part of the eigenvalues of C to be zero (Im(ω) = 0) and168

the second stability criterion ensures that the matrix C is itself stable. In the non-cross-feeding
case, however, we see that these stability criteria are overly restrictive. It is possible to have170

stability without necessarily being precisely symmetric (and therefore forcing Im(ω) = 0), as long
as the real parts of the eigenvalues of the matrix C are large enough. These results mirror our172

conjecture in the main text that if the matrix B has small imaginary parts, then it will be protected
from stability at low consumer abundances (see also Fig I). In addition, the bound in (S15) predicts174

that, for larger values of r, the system will become unstable at larger values of n, which we then
observe for our more complex model in Fig F.176

2.6 Calculating the eigenvalues of J when A and B are symmetric and simultane-
ously diagonalizable178

In the previous section, we showed how the eigenvalues of J are directly related to the eigenvalues
of C when there is no cross-feeding. Now, we prove a similar result in a different context. We180

show that the eigenvalues of J can be written in terms of the eigenvalues of the matrices A and B
provided that these matrices are simultaneously diagonalizable. In particular, the two consumption182

and production structures which we present in the main text (the tradeoff and circulant cases) give
rise to A and B matrices which are simultaneously diagonalizable.184

In the proof of our sufficient stability criteria, we showed that each non-zero eigenvalue λ of J
satisfies186

0 = det
[
λA+ nεrCdB − λ2I

]
(S16)

which means that the matrix λA+nεrCdB−λ2I has an eigenvalue of 0. Equivalently, there exists
an vector ~v such that188

λA~v + nεrCdB~v = λ2~v (S17)

for each eigenvalue λ of J . When A and B are simultaneously diagonalizable, they share the
same eigenspaces, so we can find a vector ~v that is an eigenvector of both A and B. Let λA190

denote the corresponding eigenvalue of A and λB the corresponding eigenvalue of B. Then, we
can re-write the above vector equation in terms of these eigenvalues and solve for λ to get that192

λ =
1

2

(
λA ±

√
λ2A + 4nεrCdλB

)
(S18)

so we have solved for the eigenvalues of J in terms of the corresponding pairs of eigenvalues

9



of A and B. Using Eq. S18, we can also prove that J is stable if and only if B is stable194

when B is symmetric. If A and B are symmetric, then both λA are λB are real. In this case,√
λ2A + 4nεrCdλB ≤ λA as long as λB < 0, so that λ < 0 and the equilibrium is stable. Since B is196

symmetric, we know that λA < 0, so the only way to have a positive λ is to have λB > 0. In other
words, the sign of λ is simply given by the sign of λB and J is stable if and only if B is stable. In198

Fig J, we plot the predictions of Eq. S18 as well as the spectrum of J and the agreement is exact.

2.7 Is J stable if and only if B is stable when B is symmetric?200

We have shown in two different simplified scenarios that J is stable if and only if B is stable
provided that B is symmetric, which suggests that this may be true in general. We cannot prove202

this statement in its full generality. In this section, we first provide additional numerical evidence
that it is true. We consider a more general parameterization of the Jacobian:204

J =

[
A B

nI 0

]
(S19)

where A is an arbitrary negative definite matrix, B is an arbitrary symmetric matrix and n is some
positive constant. Note that these new definitions ofA, B and n slightly abuse the notation we have206

developed because they absorb additional constants (such as ε and r), but this choice does not
affect any of the qualitative results. This more general parameterization of J includes the Jacobian208

we have analyzed, but it removes the relationship between A and B that exists in our model.
Instead, A and B are arbitrary matrices, as long as they are negative definite and symmetric210

respectively. In Fig K, we plot the maximum eigenvalue of B against the real part of the eigenvalue
of J with largest real part for A and B matrices with randomly sampled entries and for a few212

different system sizes S. We vary the diagonal entries of B to create stable and unstable matrices
(see the R code on Github at https://github.com/theogibbs/essential-stability-criteria for details).214

Across many replicates, the sign of the leading eigenvalue of B predicts exactly the sign of the
leading eigenvalue of J even in this more general parameterization of the Jacobian.216

We have already proven that, if B is stable, then J is stable when B is symmetric. One way to
prove the reverse implication is to show that, if B is unstable, then so is J . We will actually show218

that, ifB is unstable with an odd number of positive eigenvalues and no repeated eigenvalues, then
J is unstable. Since B has no repeated eigenvalues, it admits an eigendecomposition. Therefore,220

there exists a matrix Q such that B = Q−1ΛQ where Λ is a diagonal matrix containing the eigen-
values of B. Because B is symmetric, we also know that Q is orthogonal so that Q−1 = QT . Now,222

let’s set

U =

[
Q 0

0 Q

]
(S20)
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so that we can define the matrix224

J1 = U−1JU =

[
Q−1AQ Λ

nI 0

]
. (S21)

J1 is similar to J , so they share the same eigenvalues. Let’s denote the eigenvalues of B by
λ1 > λ2 > · · · > λk > 0 > λk+1 > · · · > λS for some odd integer k ∈ {1, . . . , S} and let’s define226

the matrix |Λ| as the entry-wise absolute value of the matrix Λ. Let’s also define the matrix T as a
2S × 2S block matrix with S × S size blocks. The off-diagonal blocks of T are all zeroes, the upper228

left-hand block is the identity and the lower right-hand block is a diagonal matrix with −1 in the first
k columns and 1 in the remaining columns. Then, we can write the matrix J1 as230

J1 =

[
Q−1AQ −|Λ|
nI 0

]
T = J2T (S22)

where we have defined J2. Last, let’s define

J3 = UJ2U
−1 =

[
A Q (−|Λ|)Q−1

nI 0

]
. (S23)

We have already shown that J3 is stable because it satisfies our two stability criteria. In par-232

ticular, Q|Λ|Q−1 is symmetric because Q is orthogonal: [Q (−|Λ|)Q−1]T = Q−T (−|Λ|)QT =

Q (−|Λ|)Q−1. It is also similar to the matrix −|Λ| so it has negative eigenvalues and is nega-234

tive definite. Similarly, A is negative definite by assumption. Therefore, J3 is stable and so is J2
because they are similar. On the other hand, det[J2] = −det[J1] because det[T ] = −1 since k236

is odd. From this, we can conclude that J has at least one positive real eigenvalue. Since J is
a real matrix, its complex eigenvalues come in complex conjugate pairs. The determinant is the238

product of the eigenvalues, so these conjugate pairs do not change its sign, regardless of whether
or not they have positive or negative real part, since they enter the determinant only through their240

modulus. Since J1 and J2 have opposite signs, we know that at least one of the real eigenvalues
of J1 must be positive. If this were not true, then J1 and J2 would have determinants with the same242

sign. So, because J is similar to J1, J is unstable as well.

Although we have not shown the if-and-only-if statement in full generality, we have shown that the244

transition from stability to instability is sharp when B does not have degenerate eigenvalues. Let’s
consider slowly changing some parameter (like Cd) such that B just becomes unstable. Then, B246

has only one positive eigenvalue because it does not have any degenerate eigenvalues. From the
above argument, we know that J is also unstable. We cannot analytically rule out the possibility248

that J becomes stable after more of the eigenvalues of B become positive, though we do not
observe this behavior in simulations.250
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2.8 Intuition for why small consumer abundances cause instability

As the consumer abundances are reduced in our model, the spectrum of the Jacobian begins to252

have many eigenvalues with non-zero imaginary parts. These complex eigenvalues are separated
into two clouds above and below the real axis (see Fig M). The imaginary parts of the eigenvalues254

of B control the width of these clouds, while the consumer abundances determine where they are
centered. If B has purely real eigenvalues, then these two clouds have no width, so regardless256

of how small the consumer abundances become, no eigenvalues will cross over the imaginary
axis. If instead B has eigenvalues with non-zero imaginary part, then the clouds in the spectrum258

of J will have non-zero width, and some of these eigenvalues will cross the imaginary axis at a
small value of n, creating an unstable fixed point. This description also helps to explain why the260

interaction network B need not be precisely symmetric to still promote, but not guarantee, stability.
As the imaginary parts of the eigenvalues of B become smaller, so too does the width of the262

eigenvalue clouds in the spectrum of J . As a result, networks which are not precisely symmetric
but do have eigenvalues with small imaginary parts are better protected from instability at low264

consumer abundance than those with larger imaginary parts.

3 Feasibility Analysis266

Throughout the stability analysis in the previous section, we assumed that a fixed point ~R? and ~N?

existed. We now evaluate when such a fixed point exists, and describe how our feasibility criteria268

relate to our stability criteria.

3.1 General feasibility criteria270

As we stated in the main text, there is a fixed point in the simplified model (where consumers do
not change their resource preferences as a function of resource availability) when the abundances272

~N? =
[(
I − P T

)
~R?dC +

(
P T − θP̃ T

)
ε̃ ~Cd ~R

?
d

]−1
~ρ (S24)

are all positive for the specified resource inflow ~ρ. We can solve for the resource abundances im-274

mediately because the consumer dynamics involve only one resource. We get thatR?i = ηi
(1−θ)εiiCii

.
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3.2 Feasibility for the example consumption and production patterns276

We now show that the abundances ~N = n~1 is a fixed point for the example consumption and
production structures that we consider in the main text. We need the vector278

~ρ = nr
[(
I − P T

)
C +

(
P T − θP̃ T

)
ε̃ ~Cd

]
~1 (S25)

to have all positive components. In each of our parameterizations, the C, P and P̃ matrices are
symmetric and have constant row and column sums. Specifically,

(
I − P T

)
C~1 = ((S − 1)C0 +280

Cd)
(
I − P T

)
~1 = ~0, while

(
P T − θP̃ T

)
ε̃ ~Cd~1 = (1 − θ)Cd[ε̃~1] which has all positive components.

Therefore, this constant supply vector (~ρ = (1 − θ)Cd[ε̃~1]) is always positive by definition, so the282

example consumption and production structures are always feasible. For more complex resource
inflows, however, ~N is not a constant vector and we have not proven that these interaction struc-284

tures guarantee feasibility. Moreover, the unstructured network structures can give rise to feasible
or unfeasible abundances, even when the abundances are constant (see Fig E).286

3.3 Sufficient stability criteria imply feasibility

The Gershgorin bound that implies the second stability criterion requires the row sums of the288

matrix B̄ to be negative, where B̄ is the same as the matrix B except with the absolute value
of the off-diagonal entries rather than their original values. For feasibility in the case of constant290

abundances, we need the row sums of the matrix −B to be positive. Therefore, the Gershgorin
bound that implies the second stability criterion is a more restrictive condition than feasibility in this292

case. In Fig E, we can see the affect of feasibility on the different matrix parameterizations as we
vary the parameter ε. In the tradeoff and circulant cases, we proved in the previous section that294

these matrices are always feasible. As a result, the points which are the numerically determined
stability thresholds do not change as ε changes, while the Gershgorin bound (the dashed lines in296

the figure) does change, because it is sensitive to changes in ε. For the unstructured case, both
the numerically computed thresholds and the Gershgorin bounds change as a function of ε. This is298

because we enforce both feasibility and stability when we compute the numerical thresholds in Fig
E, so the analytical bound is capturing the behavior of the probability of feasibility at low ε, rather300

than the probability of stability. By contrast, in Fig D, we only enforce stability in the numerically
determined Cd values, so the difference between Fig D and Fig E reveals the influence of feasibility302

on the system.
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3.4 Feasibility for different growth rules304

Thus far, we have only discussed feasibility in the context of the simplified model where consumers
do not change their preferred resource. However, given a feasible fixed point in this simpler model,306

it is not necessarily achieved in the dynamics of the model with a specified growth rule. For
example, there could be a feasible fixed point in which a given consumer actually derives less308

benefit from a different resource than the one it is consuming. Under Liebig’s law, the consumer
switches to this resource, meaning that the feasible fixed point for the simplified model is not an310

equilibrium of the Liebig model. Under Liebig’s law, we need

min
j∈{1,...,S}

{εjkCjkRj : Cjk 6= 0} = εiiCd (S26)

for the assignment of consumer to resources to generate the feasible fixed point. In this equation,312

the ε matrix, in combination with the consumption coefficients and the resource abundances, de-
termines which resources are limiting for each species. Therefore, if the the diagonal efficiencies314

εii are small relative to the off-diagonal efficiencies, then the diagonal resources are limiting for
the Liebig law growth rule. In Fig 5 of the main text and in Fig G, we fix ε and vary Cd which316

means that the minimum above is eventually realized by a different assignment of consumers to
resources. Liebig’s law introduces an upper limit on feasible Cd values. For a growth rule with a318

maximum instead of a minimum, the dependence is reversed. In this case, because Cd is large
compared with the remaining consumption coefficients in order to ensure stability, the maximum is320

automatically realized by the diagonal consumer-resource pairs in the growth dynamics, and the ε
matrix does not need to have a small diagonal.322

3.5 Variable resource abundances

In Fig 5 of the main text, we showed that our qualitative stability conclusions still applied to a model324

where resource inflows were not chosen to ensure that all consumers had the same abundance.
We still set ηi = η, however, so all resource abundances were equal (as in a chemostat with326

a constant dilution rate). In Fig H, we plot the analogous probabilities as in G, except we now
sample the washout rates ηi from a uniform distribution. As a result, the resource abundances328

now vary between resources, but we observe the same qualitative transition into instability at low
resource supply rates.330
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4 Matrix Parameterizations

In this section, we summarize the different matrix parameterizations we used to generate Fig332

G which test our hypothesis that the imaginary parts of the eigenvalues of B control stabil-
ity. All the code used to run simulations and generate the figures is available on GitHub at334

https://github.com/theogibbs/essential-stability-criteria. In each case, we set the diagonal values
of the consumption coefficients to be Cd. We also set the diagonal values of the P matrix to be336

zero. In Fig B, we visualize all of the consumption and production matrices we did not display in
the main text.338

4.1 Consumption matrices

Tradeoff: C is a symmetric matrix with row (or column) sums given by
∑

j Cij = Cd + (S − 1)C0340

for each i. To produce this parameterization numerically, we generate a random symmetric matrix
from the underlying uniform distribution. Then, we find the closest matrix with constant row sums342

using the R package Spbsampling [2].

Circulant: First, we sample a random vector of length S from the underlying uniform distribution.344

Then, we assign the matrix elements in the permuted fashion described in the main text. Last, we
make the matrix symmetric by taking its Hermitian part.346

Unstructured: We randomly sample all the off-diagonal entries from the underlying uniform distri-
bution.348

Banded: We randomly sample the off-diagonal entries displaced from the diagonal by one index
from the underlying uniform distribution. Then, we constrain each row to have a row sum of C0.350

Therefore, the matrix B when P is constant has only real eigenvalues but is not symmetric.

Correlated: We specify a parameter p which controls the degree of correlation between each off-352

diagonal pair (Cij , Cji). For each pair, we sample one random value from the underlying uniform
distribution, which we will call Mij . Then, Cij = pMij + (1 − p)C̄ij and Cji = pMij + (1 − p)C̄ji354

where C̄ij and C̄ji are new samples from the underlying uniform distribution. When p = 1, C is the
symmetric matrix given by M , while for p = 0, it is fully random.356

Non-symmetric Tradeoff: We sample all the off-diagonal elements of C fully randomly from the
underlying uniform distribution, and then we constrain all the row sums to be given by (S − 1)C0 +358
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Cd.

Sparse: We randomly select bS/3c off-diagonal entries from each row to be non-zero. Then, we360

sample these non-zero entries from the underlying uniform distribution.

4.2 Production matrices362

Constant: As described in the main text, we set Pij = 1/(S − 1) when i 6= j and set Pii = 0.

Circulant: We randomly sample a vector of length S from a uniform distribution on [0, 1] and create364

a circulant matrix by permuting this vector one index as we descend the rows. Then, we set
Pii = 0 and make the matrix symmetric by taking the Hermitian part. Last, we multiply the matrix366

by a constant to make all the row sums equal to 1.

Unstructured: We sample all the off-diagonal entries from the uniform distribution on [0, 1] and368

then enforce that all row sums are 1.
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Figure A: Simplified and Liebig growth rules produce the same equilibria. We plot the dy-
namics of consumers and resources (the rows) for two different growth rules (the columns). In the
column labeled constant, the consumers never deviate from their assigned resource, while in the
column labeled Liebig, they grow according to the Liebig law growth rule described in the main
text. After a brief transient where the consumer and resource abundances differ, both of these
models reach the same equilibrium abundances. Parameters: S = 15, Cd = 15, ηi = 1, ε = 0.05
and εij = 1 for i 6= j. ρ is randomly sampled from a uniform distribution on [0, 0.1]. The off-diagonal
elements of C are sampled from a uniform distribution on [1, 3] and the off-diagonal elements of P
and P̃ are sampled uniformly and then the row sums are constrained to be 1.
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Figure B: Visualizations of the different matrix parameterizations. Darker colors indicate larger
values. Matrices in the same column are used together to parameterize the system in Fig G, even
though we label the heatmaps only by their consumption matrix.
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Figure C: Differences between analytical and numerical Cd values which induce stability.
We plot the difference between the analytical prediction for Cd from the second stability criterion
and the smallest value of Cd at which the system becomes stable numerically. We plot the differ-
ences as boxplots across a range of different coefficients of variation and three different average
consumption values (colors) for the different parameterizations of the consumption and produc-
tion matrices ((A) is the tradeoff parameterization, (B) is the circulant parameterization and (C) is
the unstructured parameterization). The differences are precisely zero when our first criterion is
satisfied (panels (A-B)), but in the unstructured case, the difference can be positive or negative.
Parameters are the same as in Fig 3 of the main text.
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Figure D: Diagonal consumption Cd required for stability as a function of the parameters ε, n
and r. We plot the behavior of the smallest Cd at which B becomes stable (the solid lines) and of
the Gershgorin bound on Cd (the dashed lines) as well as the numerically determined Cd at which
the system first becomes stable (points and error bars) as a function of the different parameters
in the model. We consider the three example consumption and production structures. The rows
are the different interaction structures and the columns are the different varying parameters. The
middle column (where n is changing) is the same as in the main text. We see that the Gershgorin
bound is an overestimate of the numerical Cd values, except for small n in the unstructured case,
where it is also violated by the empirical values. In the first column, changing ε does not appre-
ciably change the analytical prediction or the empirical Cd values. This is because we are only
enforcing stability in these plots which is not affected by ε. In the third column, varying r has no
affect on the numerically computed thresholds or the analytical bounds for any of the three matrix
parameterizations. Parameters: S = 15, the off-diagonal coefficients of C are sampled from a
uniform distribution on [0, 2] before each of the matrix parameterizations are imposed and εij = 1
for all i 6= j. For the ε column, n = r = 1. For the n column, r = 1 and ε = 0.05. For the r column,
n = 1 and ε = 0.05.
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Figure E: Diagonal consumption Cd required for feasibility and stability as a function of the
parameters ε, n and r. We plot the behavior of the smallest Cd at which B stable (the solid lines)
and of the Gershgorin bound on Cd (the dashed lines) as well as the numerically determined Cd
at which the system first becomes feasible and stable (points and error bars) as a function of the
different parameters in the model. We consider the three example consumption and production
structures. The rows are the different interaction structures and the columns are the different
varying parameters. The middle column (where n is changing) is the same as in the main text. The
feasibility constraint makes the empirical values of Cd larger than those predicted by the second
stability criterion because the system becomes stable before it becomes feasible. The Gershgorin
bound, however, is still larger than the empirical values (except for small n values) because it is
related to the feasibility criterion. In the first column, changing ε affects the Gershgorin bound in
all three cases, but it does not appreciably change the empirical values for the circulant or tradeoff
cases. In contrast, ε does affect the value of Cd in the unstructured case. These behaviors
can once again be explained by the relationship between the sufficient stability criterion and the
feasibility criteria, since small values of εmake feasibility less probable. In the third column, varying
r has no affect on the numerically computed thresholds or either of the analytical bounds for any
of the three matrix parameterizations. Parameters are the same as in Fig D
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Figure F: Cd values at which the system first becomes stable for larger r values These plots
are the same as Fig 4 of the main text, but now setting r = 125. For these larger r values, the
transition to instability occurs at a larger value of the consumer abundances (n ≈ 1). This effect of
the resource abundances r is consistent with our predictions for this threshold consumption values
in the no-cross-feeding case.
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Figure G: Probability of feasible and stable equilibria under Liebig’s law. We plot the prob-
ability of finding a feasible and stable fixed point in 5 replicates across a range of Cd values and
resource inflows ρ. We use three different possible resource inflow profiles (the rows). The con-
stant inflow has all resources supplied equally, the one resource inflow supplies only the first
resource and the random inflow has all resources supplied at rates sampled from a uniform dis-
tribution. In all cases, we ensure that the total resource supply to be given by ρ. We enforce
that the fixed point is realized under the Liebig’s law dynamics, where each consumer grows on
the most limiting nutrient of all the resources. The columns are the different consumption matrix
parameterizations, as shown in Fig B. Fig B also shows the corresponding production matrix used
to generate the heatmap. As we described in the main text, the matrix parameterizations which
generate B matrices with eigenvalues that have non-zero imaginary parts show a transition to in-
stability at low resource inflow. In contrast, parameterizations whose B matrices have purely real
eigenvalues do not show this transition. In particular, systems with larger diagonal consumption
Cd tend to be stable at lower levels of resource inflow ρ. In each of these cases, the resource inflow
profile does not significantly change the probability of feasible and stable fixed points. Parameters:
S = 10, θ = 0.5, εii = 0.05, εij = 1 for i 6= j and consumption coefficients sampled from uniform
distributions on [0.5, 1.5] before the constraints are imposed.
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Figure H: Probability of feasible and stable equilibria under Liebig’s law with variable re-
source abundances. We plot heatmaps fully analogous to those in Fig G, except we now sample
the ηi parameters from a uniform distribution on [0.9, 1.1] so that the resources equilibrium abun-
dances are not all given by the same value. Inflow vector paramterizations are given by the
columns while matrix parameterizations are given by the rows. We observe the same qualitative
transition into instability as in the main text and Fig G.

24



Figure I: Off-diagonal correlation between the consumption coefficients promotes stability.
(A) We plot the smallest value of Cd at which the system becomes unstable or unfeasible averaged
over 5 replicates as a function of the parameter p. In the correlated C matrix case, p determines
the correlation between the pair (Cij , Cji) by the formula Cji = pCij + (1 − p)C ′ij where Cij and
C ′ji are uniform random variables on [0, 1]. We take P as in the constant case. The different colors
are different values of the consumer abundance n. As the consumer abundances decrease, Cd
must be large to maintain stability for uncorrelated matrices (ie. small p). However, when p is
near 1, and hence the off-diagonal pairs (Cij , Cji) are highly correlated, n no longer affects the
numerically determined value of Cd. Because the transition between these two regimes is smooth,
even approximate symmetry in the C matrix promotes stability. (B) For the same range of p values
and choices of consumer abundance n, we plot the average of the absolute value of the imaginary
part of the eigenvalues of the matrix B = −C + P TC. This quantity does not depend on n, but
decreases to zero as p goes to 1 when the matrix B has purely real eigenvalues. Parameters:
S = 15, r = 1, θ = 0.5, εii = 0.9 and εij = 1 for i 6= j.
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Figure J: Predicting the spectrum of J from the spectra of A and B when A and B are sim-
ulataneously diagonalizable. Gray circles are the spectrum of J and blue crosses are analytical
predictions from the spectra of A and B. Parameters: S = 100, Cd = 10, θ = 0.5, εii = 0.05,
εij = 1 for i 6= j n = 0.001 and r = 1. C and P are given by the circulant parameterization with an
underlying uniform distribution on [0, 2] and [0, 1] respectively before the constraints are imposed.
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Figure K: J is stable if and only if B is stable in simulations We plot the eigenvalue of J
with maximum real part as a function of the largest eigenvalue of B for 1000 replicates. The
different colors and types of points indicate different number of species S. The sign of the leading
eigenvalue of B is always the same as the sign of the real part of the leading eigenvalue of J , and
the transition from stability to instability (negative to positive values) appears to be sharp.
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Figure L: Consumer dynamics close to and far from an unstable equilibrium. We plot the
consumer dynamics over time when the equilibrium is unstable for initial conditions close to (A)
and far from (B) equilibrium. To determine the initial conditions, we add noise to the equilibrium
values of ~N and ~R. We generate 2S samples from a normal distribution with mean 0 and a
specified standard deviation (0.01 in panel (A) and 0.1 in panel (B)). We then multiply these random
samples by the equilibrium abundances and add this quantity to the equilibrium abundances to get
the initial conditions. Parameters: S = 15, Cd = 5, θ = 0.5, εii = 0.05, εij = 1 for i 6= j and ~η = ~1.
The C matrices are sampled according to the sparse matrix parameterization with an underlying
uniform distribution on [0.5, 1.5]. The matrix P is given by the constant parameterization. The
resource inflow was ~ρ = 10−4~1. These parameters are the same as those used to generate the
unstable dynamics in Fig 1 of the main text. The stable dynamics in Fig 1 are also the same
parameters except with the total resource inflow ρ = 1.
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Figure M: The spectrum of J for small and large consumer abundances. We plot the spectrum
of J when the consumer abundances are small n = 0.0001 and large n = 0.01 under the tradeoff
and random parameterizations. Red vertical lines indicate the imaginary axis. In all four cases,
there are two bulks of eigenvalues, which are each a transformed version of the spectrum of B.
When the consumer abundances are small, these two eigenvalue bulks appear as two clouds of
eigenvalues with non-zero imaginary parts for both parameterizations. For the tradeoff parameter-
ization, the clouds have no width, because the underlying B matrix has purely real eigenvalues.
For the random parameterization, the clouds have non-zero width because B has eigenvalues
with non-zero imaginary part. As the consumer abundances become small, the non-zero width of
these clouds means that an eigenvalue complex conjugate pair eventually crosses the imaginary
axis at a value n > 0. Parameters: S = 100, Cd = 15, θ = 0.5, ε = 0.05, εij = 1 for i 6= j and
r = 1. In each of the parameterizations, the consumption coefficients are sampled from a uniform
distribution on [0, 2] before the constraints are imposed. In the tradeoff parameterization, the pro-
duction matrix is constant, while in the random parameterization, the production coefficients are
sampled from a uniform distribution on [0, 1] before the constraints are imposed.
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son, Blair Spatially balanced sampling designs for environmental surveys. Environmental mon-
itoring and assessment. 2019;191(8):1-7.376

30


	Model Form and Simplifications
	Stability Criteria
	Deriving the Jacobian
	Sufficient conditions for stability
	Gershgorin bound implies that B is negative definite
	Stability criteria for the example consumption and production patterns
	Stability criteria without cross-feeding
	Calculating the eigenvalues of J when A and B are symmetric and simultaneously diagonalizable
	Is J stable if and only if B is stable when B is symmetric?
	Intuition for why small consumer abundances cause instability

	Feasibility Analysis
	General feasibility criteria
	Feasibility for the example consumption and production patterns
	Sufficient stability criteria imply feasibility
	Feasibility for different growth rules
	Variable resource abundances

	Matrix Parameterizations
	Consumption matrices
	Production matrices


