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1 Abstract

Consumer-resource models provide a tractable framework for linking microscopic ecological interactions to
macroscopic community-level behavior. In the standard MacArthur Consumer Resource Model, the species-
resource couplings are quenched random variables. In real ecosystems however, interactions between species
and resources can change over ecological timescales.

This thesis studies an adaptive extension of the MacArthur model in which couplings evolve dynamically
as a function of species and resource abundances. Integrating out these adaptive variables generates non-
Markovian memory terms in the effective ecological dynamics. In the large-system limit (large number
of species and resources), we derive a Dynamical Mean-Field Theory (DMFT) description based on the
dynamical cavity method. The resulting effective process is closed by self-consistency equations for means,
correlations, and response functions.

Assuming convergence to a stationary state, we derive fixed-point equations for species and resource
abundances, compute abundance statistics, and determine stability criteria for the fixed-point phase. We
then compare analytical predictions with numerical simulations of the full adaptive system, focusing on
abundance distributions, phase diagrams, and the fixed-point instability boundary. In addition, we identify
parameter regimes with oscillatory dynamics in simulations, which complements the fixed-point DMFT
stability analysis.

Overall, the results provide a controlled analytical and numerical characterization of how adaptive inter-
actions reshape collective dynamics in large ecological communities.

2 Introduction

Understanding how ecological complexity emerges from microscopic interactions is a central problem in
theoretical ecology and statistical physics. In recent years, a research area has developed at the intersec-
tion of statistical physics, mathematical biology, and ecology, with the goal of identifying robust statistical
regularities in many-species communities across very different systems, from forests to microbial ecosystems.

The goal is to then answer questions such as: how can many biologically similar species coexist locally;
why does a relatively small subset of coexisting species often account for most of the biomass; and what
mechanisms drive shifts in dominant species across space and time? Addressing these questions in a model-
specific way is possible, but it is often more informative to ask which conclusions are stable under broad
changes of microscopic assumptions.

Consumer-resource models offer a natural route toward this objective. The MacArthur Consumer Re-
source Model (MCRM) captures competition mediated by shared resources and has been studied extensively.
In large random systems, methods from disordered statistical mechanics, such as Dynamical Mean-Field
Theory (DMFT), map the many-body dynamics onto an effective single-species stochastic process with self-
consistency conditions [1, 2]. This framework has enabled analytical predictions for both fixed-point and
non-equilibrium phases [1, 2, 3].

An important strength of DMFT is that it operates at a more “meta” level than direct simulation of
one specific microscopic model. It makes it possible to expose universal behavior shared by broad classes of
models. When a prediction is insensitive, or only weakly sensitive, to microscopic details, it is more likely
to reflect real structural properties of ecological dynamics rather than artifacts of a particular model choice.
Indeed, Barbier et al. [4] demonstrated that many equilibrium properties of large generalized Lotka–Volterra
communities depend primarily on a small set of statistical descriptors of the interaction matrix — such as
its mean, variance and reciprocity — rather than on the detailed distribution of interaction strengths. This
robustness is precisely what makes the approach promising for connecting toy models to real biological sys-
tems. In that spirit, we deliberately adopt a Gaussian, effectively all-to-all coupling ensemble as the simplest
coarse-grained description of collective interactions. Empirical work on multispecies microbial communities
motivates this type of community-level modelling [5], but the Gaussian choice itself is a theoretical simplifi-
cation. However, this simplification is justified by the central limit theorem, which implies that the effective
dynamics in the thermodynamic limit depend only on the first two moments of the underlying distributions
of quenched disorder.

A central limitation of most existing analyses is the assumption of quenched interactions. In real ecosys-
tems, interaction strengths are not static: they adapt through behavioral, ecological, and evolutionary feed-
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back. Introducing adaptive couplings therefore captures an important biological ingredient but also raises
new theoretical challenges.

In this sense, the present work also moves toward incorporating evolutionary structure into disordered-
systems ecology: although the adaptation rules are minimal, they represent a first step toward understanding
how adaptive dynamics can shape the statistical organization of ecological communities.

In this thesis, we study an adaptive extension of the MCRM where species-resource couplings are re-
inforced by simultaneously abundant species and resources and relax on finite adaptation timescales. The
main goals are:

� derive the DMFT equations for the adaptive model via the dynamical cavity method,

� obtain closed fixed-point self-consistency equations,

� characterize the stability boundary of the fixed-point regime,

� validate analytical predictions against numerical simulations of the full dynamics.

3 Adaptive MacArthur Consumer Resource Model

We consider S species with abundances ni(t), i = 1, . . . , S, competing for Q resources with abundances
Rµ(t), µ = 1, . . . , Q. The ecological dynamics is

ṅi = ni

[
−m+

Q∑
µ=1

(
Γ

Q
+ ξµi

)
Rµ

]
, (1a)

Ṙµ = Rµ

[
1−Rµ −

S∑
i=1

(
Γ

Q
+ ξ̃µi

)
ni

]
. (1b)

Here m > 0 is the mortality rate and Γ controls the mean coupling between species and resources.
Heterogeneity is encoded by random matrices ξ and ξ̃. Species grow by consuming resources modulated by
the couplings Γ/Q+ξµi , while resources are depleted by consumption from species modulated by the couplings

Γ/Q+ ξ̃µi . The factor 1/Q ensures that the mean-field contribution remains finite in the thermodynamic limit
S,Q → ∞ with fixed ratio α = S/Q. The model is a generalization of the MacArthur Consumer Resource
Model (MCRM) [6], which is recovered for ξ = ξ̃ = 0. It can be mapped into the generalized Lotka-Volterra
model, by assuming resources to evolve on a faster timescale than species. Then species interactions are
mediated by resources and can be described by a Lotka-Volterra model with effective interactions Aij =∑Q

µ=1

(
Γ
Q + ξµi

)(
Γ
Q + ξ̃µj

)
[2].

3.1 Adaptive interactions

In the standard disordered MCRM, ξ and ξ̃ are quenched random matrices, typically characterized by
their first two moments (zero mean, variance σ2/Q, and cross-correlation γ), and extensively studied with
cavity/DMFT methods [1, 2]. We extend this work by allowing interactions to adapt to the ecological state.
This complements adaptive extensions of MacArthur-type models in which adaptation acts on metabolic
strategies or trade-offs to promote coexistence [7, 8]; here adaptation acts directly on interaction couplings,
which leads to a different dynamical feedback structure. The initial conditions are Gaussian with

ξµi (0)ξ
ν
j (0) = δijδ

µν σ
2

Q
, (2a)

ξ̃µi (0)ξ̃
ν
j (0) = δijδ

µν σ
2

Q
, (2b)

ξµi (0)ξ̃
ν
j (0) = γ δijδ

µν σ
2

Q
, (2c)
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where σ sets disorder strength and γ ∈ [−1, 1] controls cross-correlation between the two matrices.
We decompose interactions into a quenched part and an adaptive contribution,

ξµi (t) = ξµi (0) + zµi (t), (3)

and analogously ξ̃µi (t) = ξ̃µi (0) + z̃µi (t). The adaptive variables obey

τ żµi = −zµi +
ϵ

Q
niRµ, (4a)

τ̃ ˙̃zµi = −z̃µi +
ϵ̃

Q
niRµ. (4b)

The parameters (τ, τ̃) set adaptation timescales and (ϵ, ϵ̃) set feedback strengths. These equations implement
Hebbian-like reinforcement: interactions coupled to simultaneously large ni and Rµ are increased, while
couplings relax to baseline in the absence of activity. This choice can be motivated as follows: species
tend to adapt so as to increase their growth rate, which in the present model favors a stronger coupling
to resources with large abundance Rµ, while species with large abundance ni are more likely to undergo
behavioral or evolutionary changes simply because more individuals are experiencing the environment and
generating variation. The product niRµ is therefore the simplest ansatz that couples adaptation to both
selective pressure and opportunity for change. The baseline corresponds to the initial quenched values ξµi (0)

and ξ̃µi (0), which are the conditions studied in [2]. The Hebbian term can also be viewed as a gradient-like
contribution, since żµi ∝ ∂(ṅi)/∂ξ

µ
i . With zµi (0) = 0 and z̃µi (0) = 0, one may think of the dynamics as

progressively learning the interactions. The integrated form is

ξµi (t) = ξµi (0) +
ϵ

τQ

∫ t

0

ds e−(t−s)/τni(s)Rµ(s), (5a)

ξ̃µi (t) = ξ̃µi (0) +
ϵ̃

τ̃Q

∫ t

0

ds e−(t−s)/τ̃ni(s)Rµ(s). (5b)

Substituting these expressions into Eq. (1) yields effective non-Markovian ecological dynamics with mem-
ory kernels weighted by correlations. This is the starting point for the DMFT derivation developed in the
following sections.

If we take a system that is in a fixed-point phase without adaptive dynamics, we find that turning adaptive
dynamics on shifts the fixed point. When adaptation is turned off again, the dynamics do not relax to the old
fixed point because the resulting structure in the interaction matrices ξ and ξ̃ is permanent. This behavior
is shown in Figure 1. Another phenomenological effect of the adaptive dynamics is that for large enough ϵ̃
the system can be moved from a previously chaotic regime to a fixed point regime. For visualizations of this
effect see section 6. For large ϵ instead the system can acquire oscillatory dynamics as we discuss in section
7.

4 Dynamical Mean-Field Theory

In this section we take the thermodynamic limit of the adaptive MCRM model, where the number of species
S and resources Q go to infinity, while keeping the ratio α = S/Q fixed. We perform a dynamical mean field
theory (DMFT) analysis using the dynamical cavity method. The derivation is analogous to the derivation of
the DMFT equations for the genralized Lotka-Volterra model in [1]. The full derivation is given in Appendix
A. Due to the central limit theorem, in the thermodynamic limit the effective dynamics do not depend on the
detailed realization of the quenched disorder ξµi (0) and ξ̃µi (0), but only on their first two moments. This is
consistent with the Gaussian assumption in (2). In other words, we use a minimal mean-field, effectively all-
to-all random interaction ensemble whose role is to capture collective effects rather than a specific microscopic
network. Empirical work on multispecies microbial communities motivates this ecological setting [5], but it
does not justify the Gaussian approximation itself. At the same time, adaptive MacArthur models in which
species update metabolic strategies or satisfy metabolic trade-offs have shown that adaptation can strongly
affect coexistence [7, 8]; the present DMFT treatment addresses a complementary setting where adaptation
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Figure 1: The graph shows the time evolution of the species abundances ni(t) and resource abundances Rµ(t)
for a system that is in a fixed point phase without adaptive dynamics. Only a fraction of the trajectories
are shown for clarity. The adaptive dynamics are turned on at time t = 1000 and turned off again at time
t = 1500. The parameters used are S = 256, Q = 256, ϵ = 10, ϵ̃ = 1000, m = 1.0, Γ = 200, σ = 1.0, γ = 1.0.
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modifies interaction couplings in a disordered many-species regime. DMFT then allows one to replace the
full interacting many-species dynamics by an effective stochastic process for a randomly chosen species or
resource, in which the couplings to all other degrees of freedom are integrated out and represented by a
self-consistent Gaussian noise together with retarded response terms. The resulting DMFT equations are

dn(t)

dt
= n(t)

(
−m+ ΓR̄(t) + σηR(t) +

∫ t

0

ds n(s)MR(t, s) + h(t)

)
MR(t, s) =

ϵ

τ
e−

(t−s)
τ CR(t, s)− γσ2χ(t, s)

(6a)

dR(t)

dt
= R(t)

(
1−R(t) +

√
ασηn(t)−

∫ t

0

dsR(s)Mn(t, s) + h̃(t)

)
Mn(t, s) =

αϵ̃

τ̃
e−

(t−s)
τ̃ Cn(t, s) + αγσ2ν(t, s)

(6b)

where ηn(t) and ηR(t) are Gaussian processes with zero mean and correlations given by Cn(t, s) and CR(t, s),
respectively. The fields h(t) and h̃(t) are external perturbations needed to compute the response functions
(susceptibilities) ν(t, s) and χ(t, s) and that we set to zero after computing the response functions. With
the assumption of self-averaging dynamics we get the following self-consistent equations that give the closed
solution for the above DMFT equations:

n̄(t) = E[n(t)]
R̄(t) = E[R(t)]

Cn(t, s) = E[n(t)n(s)]
CR(t, s) = E[R(t)R(s)]

ν(t, s) = E
[

δn(t)
δh(s)

∣∣∣
h=0

]
χ(t, s) = E

[
δR(t)

δh̃(s)

∣∣∣
h̃=0

]
(7)

The DMFT equations are a set of coupled stochastic integro-differential equations that can be solved nu-
merically using an iterative scheme, as described in [1]. However this analysis is computationally expensive
and does not provide much insight into the underlying dynamics. In the next section we will analyze the
fixed-point regime of the DMFT equations, which allows us to derive closed self-consistency equations for
the order parameters n̄, R̄, Cn, CR, νint and χint. We can then also analyze the stability of the fixed-point
solution and derive the phase boundary between the fixed-point and chaotic or at least non fixed point
regimes.

5 Fixed-Point Regime

At steady state, meaning the space of parameters for which the system reaches a fixed point where the species
abundances n(t) and resource abundances R(t) converge to constant values n∞ and R∞. In this regime,
the self-consistency equations can be derived explicitly, allowing for analytical predictions of the species and
resource abundance distributions.

n∞ = max

{
0,

−m+ ΓR̄+ σ
√
CRZ

γσ2χint − ϵCR

}
, R∞ = max

{
0,

1− αΓn̄+
√
ασ

√
CnZ

1 + αϵ̃Cn + αγσ2νint

}
(8)

where Z is a zero-mean unit variance Gaussian random variable, and n̄, R̄, Cn, CR, νint, and χint are the order
parameters that can be computed self consistently. The derivation of the fixed point abundance distributions
is detailed in Appendix B. The corresponding self-consistency equations are derived in Appendix C.

Figure 2 shows a comparison of the species abundance distribution obtained from numerical simulations
(see Appendix F) of the full system dynamics and the analytical prediction from the DMFT fixed point
solution in the absence of adaptation (ϵ = ϵ̃ = 0). We see that there is a good agreement between the
two, confirming the validity of the DMFT analysis in the fixed-point regime. We find similarly good results
when we turn on adaptive dynamics ξ̃ by setting ϵ̃ > 0, as shown in Figure 3 and we see that the match is
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equally good confirming the validity of the DMFT results also for the case of adaptation. In Figure 4 we
show the analytical prediction of the species and resource abundance distributions for different values of the
adaptation parameter ϵ̃, showing how the adaptation dynamics affects the abundance distributions. We see
that as ϵ̃ increases, the species abundance becomes flatter and the resource abundance distribution becomes
more peaked, indicating that the adaptation dynamics leads to a broader distribution of species abundances
and a more concentrated distribution of resource abundances. We also observe that for significant changes
in the abundance distribution to be visible we need to set ϵ̃ to be quite large. This is in fact due to equally
large value of Γ, which is the mean of the species-resource interaction matrix ξ. Only when ϵ̃ ni Rµ is of the
same order of magnitude as Γ we see significant changes in the abundance distribution. Analogously for ϵ,
we need ϵ ni Rµ to be of the same order of magnitude as Γ to see significant changes. This is consistent with
the fact that the adaptation dynamics is a perturbation to the species-resource interactions, and only when
this perturbation is strong enough compared to the mean interaction strength do we see significant changes
in the abundance distributions. We can see this directly in Eq. (36) and Eq. (39), where the adaptation
parameters ϵ and ϵ̃ appear in the denominators of the fixed point solutions for n∞ and R∞. When ϵ and ϵ̃
are small compared to Γ, their effect on the fixed point solutions is negligible, leading to similar abundance
distributions as in the case without adaptation. However, as ϵ and ϵ̃ increase, their effect becomes more
pronounced, leading to changes in the abundance distributions.

We find that that when we turn on adaptive dynamics for ξ by setting ϵ > 0, the fixed point seems to be
still stable for γ large, but the solution for the self-consitancy equations becomes unstable and we are able
to find a solution that fits the numerical simulations only for ϵ small. This could have several causes, but
might be due to oscillatory behavior induced by adaptation in ξ that we discuss in section 7

More generally and independently of adaptive dynamics, we find that the fixed point solution is stable
for γ large and ϵ small, but becomes unstable for γ small and ϵ large. This is presented in the next section
6.

6 Stability Analysis

By analyzing fluctuations around the DMFT fixed point, we determine where the system leaves the stable
fixed-point regime and enters a dynamical unstable phase. The derivation of the instability boundary is
given in Appendix D.

Without adaptive dynamics, the fixed point is stable for large γ and small σ, and becomes unstable as
these parameters are varied. Figure 5 shows the corresponding phase diagram, where the heatmap reports
the fraction of full-system simulations that converge to a fixed point. The black line is the DMFT prediction
for the transition between fixed-point and unstable phases.

Our non-adaptive phase diagram is qualitatively consistent with [2]. The main model difference is that
we use constant capacities (mi = m, Kµ = 1), whereas [2] considers heterogeneous capacities with quenched
disorder. Heterogeneous capacities tend to reduce the effective dimension of the dynamics as more species
and resources are driven to extinction, which can stabilize the fixed point but also increase finite size effects.
This is consistent with the fact that our phase diagram shows a larger unstable region than [2], where we
observe a sharper transition as it is less smoothed by finite-size effects. In the thermodynamic limit, the
non-adaptive unstable phase is expected to be chaotic [2].

When adaptive dynamics is turned on for ξ (ϵ > 0), the stability boundary shifts upwards, as shown in
Figure 6. We do not plot an analytical boundary in that graph because the self-consistency equations for the
instability condition were numerically unstable in this regime. The loss (see Appendix F.2) was significantly
higher and the solutions jumped from one minimization run to another and did not follow a smooth trend
along ϵ. With adaptive dynamics the instability condition becomes more complex, and this makes the
minimization problem more difficult to solve and might have introduced instabilities. Another cause could
be that the derivation of the instability condition is done in the zero-frequency sector (Appendix D), which
might miss finite-frequency instabilities under conditions where Hopf bifurcations occur as found in the zero
disorder case (Section 7). More work is needed to understand the origin of this numerical instability and to
find a more robust way, potentially allowing for finite frequencies, to solve the self-consistency equations for
the instability condition in the adaptive case. Nevertheless, the transition remains sharp in simulations, as
seen from the convergence measure in Figure 7, which suggests that a well-defined instability boundary exists.
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Figure 2: Comparison of the species abundance distribution obtained from numerical simulations of the full
system dynamics (blue histogram) and the analytical prediction from the DMFT fixed point solution (orange
line). The parameters used are S = 256, Q = 256, ϵ = 0, ϵ̃ = 0, m = 1.0, Γ = 200, σ = 1.0, γ = 1.0. The
numerical simulations were run for 104 time steps, and the abundance distribution represents the abundances
of the species at the final time step. The analytical prediction is obtained by solving the self-consistency
equations in the fixed-point regime, as described in Section B.

In addition, the analysis in Section 7 indicates that part of the unstable adaptive regime can be oscillatory
rather than chaotic. How this might affect the instability boundary is an interesting open question for future
work.

For the case of adaptive dynamics turned on for ξ̃ (ϵ̃ > 0), the phase diagram is shown in Figure 8. Unlike
the case of adaptive dynamics for ξ, the instability boundary is shifted downwards/disappears for large ϵ̃.
The data in this figure is limited to just two values of ϵ̃. Data for more values of ϵ̃ would allow for a better
understanding of how the instability boundary is shifted as a function of ϵ̃.

7 Oscillations in the Adaptive Model

When numerically integrating the full system dynamics, we see that for large enough ϵ the dynamics can
become oscillatory, as shown in Figure 9. A plausible mechanism is that adaptive dynamics induces effective
time delays in the feedback between species and resources, which can produce oscillatory behavior analogously
to second-order differential equations (pendulum). In Appendix D, the fixed-point analysis is formulated
in terms of fluctuation spectra. In principle, this framework could be extended to characterize oscillatory
phases through the power spectrum and the adaptive memory kernels; we leave that full analysis for future
work.

To support this numerical observation, we also analyze the deterministic limit σ = 0 (no quenched
disorder). This shows explicitly that adaptive dynamics alone can generate oscillations through a Hopf
mechanism, even in the absence of disorder. In this case, one can reduce the dynamics to an effective
single-species/single-resource system on the permutation-symmetric manifold, compute the positive fixed
point, and study the Jacobian spectrum at that fixed point. How this oscillatory mechanism interacts with
quenched disorder in the full model remains an open question and requires finite-frequency DMFT analysis;
see also related disorder-driven stabilization effects in many-species ecosystems [9].

The fixed point is stable when the largest real part is negative, maxi ℜλi(J) < 0. Oscillatory instability
is identified by a complex-conjugate pair crossing the imaginary axis (Hopf condition) [10]. We observe this
in Figure 10, where we plot the largest real part of the Jacobian eigenvalues as a function of ϵ for σ = 0
and the corresponding imaginary part. We see that as ϵ increases, the largest real part of the eigenvalues
crosses the imaginary axis and the Hopf condition is satisfied. This indicates that the system undergoes a
Hopf bifurcation and enters an oscillatory phase.

The full derivation, including reduced equations, fixed-point conditions, and the explicit Jacobian matrix,
is provided in Appendix E.
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Figure 3: Comparison of the species abundance distribution obtained from numerical simulations of the
full system dynamics (blue histogram) and the analytical prediction from the DMFT fixed point solution
(orange line). The parameters used are S = 256, Q = 256, ϵ = 0, ϵ̃ = 5000, m = 1.0, Γ = 200, σ = 1.0,
γ = 1.0. The numerical simulations were run for 104 time steps, and the abundance distribution represents
the abundances of the species at the final time step. The analytical prediction is obtained by solving the
self-consistency equations in the fixed-point regime, as described in Section B.

Figure 4: Analytical prediction of the species abundance distribution and of the resource abundance distri-
bution in the fixed-point regime for different values of the adaptation parameter ϵ̃. The parameters used are
S = 256, Q = 256, ϵ = 0, m = 1.0, Γ = 200, σ = 1.0, γ = 1.0.
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Figure 5: Phase diagram of the MCRM model with adaptive dynamics turned off. The graph shows the
heatmap of the fraction of simulations (of the full system dynamics) that reach a fixed point, for different
values of the parameters σ (the magnitude of fluctuations in the species-resource interactions) and γ (the
reciprocity of species-resource interactions). The black line shows the theoretical DMFT prediction for the
transition between the fixed point and chaotic phases, obtained from the stability analysis of the fixed point
solution. The parameters used are S = 256, Q = 256, ϵ = 0, ϵ̃ = 0, m = 1.0, Γ = 200.

Figure 6: Phase diagram of the MCRM model with adaptive dynamics turned on for ξ. The graph shows the
heatmap of the fraction of simulations (of the full system dynamics) that reach a fixed point, for different
values of the parameters ϵ (the adaptation rate of the resource dynamics) and γ (the reciprocity of species-
resource interactions). The parameters used are S = 256, Q = 256, ϵ = 0, ϵ̃ = 0, m = 1.0, Γ = 200, σ = 1.0.
The black line shows the theoretical DMFT prediction for the transition between the fixed point and chaotic
phases, obtained from the stability analysis of the fixed point solution.
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Figure 7: The graph shows the relative convergence measure of the MCRM model for different values of γ,
with adaptive dynamics turned on for ξ (orange) and turned off (blue). The convergence measure quantifies
how sharp the transition from fixed-point to unstable dynamics is. It is defined as the absolute numerical
gradient of the trajectories n(t) and R(t), averaged over the last 500 time steps (full trajectory: 50000 time
points), then averaged over all species and resources and over 8 independent runs. The parameters used are
S = 256, Q = 256, ϵ̃ = 0, m = 1.0, Γ = 200, σ = 1.0. For visual comparison, each curve (ϵ = 0 and ϵ = 500)
is normalized by its own maximum over γ.

Figure 8: Phase diagram of the MCRM model with adaptive dynamics turned on for ξ̃. The graph shows the
heatmap of the fraction of simulations (of the full system dynamics) that reach a fixed point, for different
values of the parameters ϵ̃ (the adaptation rate of the species dynamics) and γ (the reciprocity of species-
resource interactions). The parameters used are S = 256, Q = 256, ϵ = 0, m = 1.0, Γ = 200, σ = 1.0.
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(a) Total species abundance as a function of
time.

(b) Autocorrelation of the total species abun-
dance.

Figure 9: Signatures of oscillatory dynamics. Full MCRM system dynamics at parameters: S = 256,
Q = 256, ϵ̃ = 0, m = 1.0, Γ = 200, σ = 1.0, γ = 0.5. Without adaptive dynamics, these parameters lie in
the chaotic phase. Simulations were run for T = 104 time steps.

Figure 10: Evolution of the largest real part of the Jacobian eigenvalues as a function of ϵ for σ = 0 and
the corresponding imaginary part. The parameters used are S = 256, Q = 256, ϵ̃ = 0, m = 1.0, Γ = 200,
σ = 0.0, γ = 1.0. The Hopf condition is satisfied when a complex-conjugate pair of eigenvalues crosses the
imaginary axis.
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8 Discussion

This work analyzed an adaptive extension of the MacArthur Consumer Resource Model using Dynamical
Mean-Field Theory (DMFT) and direct numerical simulations. The main result is that adaptation can
substantially reshape the collective dynamics while preserving much of the analytical structure that makes
large random consumer-resource models tractable.

In the fixed-point regime, the DMFT predictions agree well with simulations, both without adaptation
and for moderate adaptation strengths. This agreement supports the validity of the cavity-DMFT closure for
the adaptive model and indicates that the stationary abundance statistics remain well captured by a small
set of self-consistent order parameters. At the same time, increasing the adaptation strength modifies the
abundance distributions, so adaptation is not only a dynamical correction but also a driver of macroscopic
change, however, this is only visible with very large feedback strengths.

The stability analysis reveals two complementary effects. First, in the non-adaptive case we recover the
expected transition from fixed-point behavior to a dynamically unstable phase as reciprocity and interaction
strength are varied. Second, when adaptation is switched on, the instability boundary is shifted, demon-
strating that adaptive feedback changes where the system leaves the fixed-point regime. Numerically, this
transition remains sharp in the explored parameter ranges.

Beyond the fixed-point/chaotic transition, the spectrum analysis suggests that part of the adaptive unsta-
ble phase can be oscillatory. Time-domain traces, autocorrelation structure, and the deterministic Jacobian
calculation at σ = 0 are consistent with a Hopf-type mechanism. This could indicate that adaptation can
induce structured temporal organization rather than only amplifying irregular fluctuations.

Several limitations should be emphasized. First, the analytical instability boundary in the adaptive case
was numerically difficult to solve from the full self-consistency system, so the adaptive phase boundary could
only be computed numerically. Second, most numerical tests were performed at finite S = Q = 256 and for
specific parameter slices, so a full finite-size scaling analysis remains to be done although it is expected to
behave similarly as in the already studied non adaptive case (with quenched disorder capacities) [2]. Third,
the adaptation rule is intentionally minimal; more realistic ecological or evolutionary mechanisms may alter
quantitative phase boundaries and potentially introduce additional dynamical regimes.

It is useful to place this in the context of previous adaptive MacArthur literature. Adaptive consumer-
resource formulations where species update metabolic strategies or evolve under metabolic trade-offs have
shown strong effects on coexistence and resource-use organization [7, 8]. Our results agree with the studies
that adaptation can qualitatively reshape community-level outcomes, while using a different adaptation
channel: here the couplings themselves adapt in a disordered high-dimensional setting, making memory
effects, instability boundaries, and oscillatory regimes central observables.

These limitations point to clear next steps. A first direction is to improve the numerical solution strategy
for adaptive self-consistency equations near instability. A second is to characterize the non-fixed-point phase
more systematically (Lyapunov spectra, frequency content, and scaling with system size) to distinguish
chaotic and oscillatory subregions. A third is to study different and more complex adaptive dynamics
models.

Overall, this thesis provides a consistent analytical-numerical framework for studying adaptive interac-
tions in large ecological communities. The results support the more general idea that disordered-systems
methods can identify robust macroscopic phenomena that persist under microscopic model variation, making
them promising tools for connecting high-dimensional ecological theory to real biological complexity.
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Appendix

A Cavity calculation

Inserting Eq. (5a) into Eq. (1), we get:

dni(t)

dt
= ni(t)

(
−m+

Γ

Q

∑
α

Rα(t) +
∑
α

ξαi (0)Rα(t) +
ϵ

τQ

∫ t

0

ds e−
(t−s)

τ ni(s)
∑
α

Rα(t)Rα(s)

)
(9a)

dRµ(t)

dt
= Rµ(t)

(
1−Rµ(t)−

Γ

Q

∑
ℓ

nℓ(t)−
∑
ℓ

ξ̃µℓ (0)nℓ(t)−
ϵ̃

τ̃Q

∫ t

0

ds e−
(t−s)

τ̃ Rµ(s)
∑
ℓ

nℓ(t)nℓ(s)

)
(9b)

We can now separate self-averaging terms from quenched disorder terms. We also add the field terms h
and h̃, which are test functions that are useful for the cavity method derivation we perform below and that
we later set to zero:

dni(t)

dt
= ni(t)

(
gi(t) +

∑
α

ξαi (0)Rα(t) + hi

)
(10a)

dRµ(t)

dt
= Rµ(t)

(
κµ(t)−Rµ(t)−

∑
ℓ

ξ̃µℓ (0)nℓ(t) + h̃µ

)
(10b)

with:

gi(t) := −m+ ΓR̄(t) + ϵ

∫ t

0

ds ni(s)KR(t, s) (11a)

R̄(t) :=
1

Q

∑
α

Rα(t) (11b)

KR(t, s) :=
1

τ
e−

(t−s)
τ

[
1

Q

∑
α

Rα(t)Rα(s)

]
=

1

τ
e−

(t−s)
τ CR(t, s) (11c)

κµ(t) := 1− αΓn̄(t)− αϵ̃

∫ t

0

dsRµ(s)Kn(t, s) (12a)

n̄(t) :=
1

S

∑
ℓ

nℓ(t), α =
S

Q
(12b)

Kn(t, s) :=
1

τ̃
e−

(t−s)
τ̃

[
1

S

∑
ℓ

nℓ(t)nℓ(s)

]
=

1

τ̃
e−

(t−s)
τ̃ Cn(t, s) (12c)

We now add a new species n0 and resource R0 to equation 1:

ṅi = ni

(
−m+

Q∑
α=1

(
Γ

Q
+ ξαi

)
Rα +

(
Γ

Q
+ ξ0i

)
R0 + hi

)
(13a)

Ṙµ = Rµ

(
1−Rµ −

S∑
ℓ=1

(
Γ

Q
+ ξ̃µℓ

)
nℓ +

(
Γ

Q
+ ξ̃µ0

)
n0 + h̃µ

)
(13b)

The perturbative terms can be split into O( 1
Q ) contributions to the fields h and h̃ and a quenched disorder

contribution O( 1√
Q
).
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(
Γ

Q
+ ξ0i (t)

)
R0(t) = Γ

(
1

Q
R0(t)

)
︸ ︷︷ ︸

A

+ϵ

∫ t

0

ds
1

τ
e−

(t−s)
τ ni(s)

(
1

Q
R0(t)R0(s)

)
︸ ︷︷ ︸

B

+ ξ0i (0)R0(t)︸ ︷︷ ︸
C

(14)

A and B have vanishing O( 1
Q ) contributions to the self-averaging quantities R̄ and CR, respectively. C

can be seen as a perturbation ∆hi(t) ∼ O( 1√
Q
) to the field hi(t). Applying the same reasoning to the

dynamics of Rµ, we get:

dni(t)

dt
= ni(t)

[
gi(t) +

Q∑
α=1

ξαi (0)Rα(t) + hi +∆hi(t)

]
(15a)

∆hi(t) := ξ0i (0)R0(t) (15b)

dRµ(t)

dt
= Rµ(t)

[
κµ(t)−Rµ(t)−

S∑
ℓ=1

ξ̃µℓ (0)nℓ(t) + h̃µ(t) + ∆h̃µ(t)

]
(16a)

∆h̃µ(t) := −ξ̃µ0 (0)n0(t) (16b)

Now we compute the linear response of the system to the perturbations ∆hi and ∆h̃µ:

ni(t) = ni\0(t) +

S∑
ℓ=1

∫ t

0

ds νiℓ(t, s)ξ
0
ℓ (0)R0(s)−

Q∑
α=1

∫ t

0

ds ν̃iα(t, s)ξ̃
α
0 (0)n0(s) (17a)

Rµ(t) = Rµ\0(t) +

S∑
ℓ=1

∫ t

0

ds χ̃µℓ(t, s)ξ
0
ℓ (0)R0(s)−

Q∑
α=1

∫ t

0

dsχµα(t, s)ξ̃
α
0 (0)n0(s) (17b)

with νiℓ(t, s) := δni(t)
δhℓ(s)

, ν̃iα(t, s) := δni(t)

δh̃α(s)
, χµα(t, s) :=

δRµ(t)

δh̃α(s)
, and χ̃µℓ(t, s) :=

δRµ(t)
δhℓ(s)

. Now we insert this

into the dynamics of n0 and R0:

dn0(t)

dt
= n0(t)

g0(t) +

Q∑
α=1

ξα0 (0)Rα(t) + ξ00(0)R0(t)︸ ︷︷ ︸
∼O

(
1√
Q

) +h0


= n0(t)

(
g0(t) +

Q∑
α=1

ξα0 (0)Rα\0(t)

)

+ n0(t)

∫ t

0

dsR0(s)

Q∑
α,ℓ=1

χ̃αℓ(t, s)ξ
α
0 (0)ξ

0
ℓ (0)︸ ︷︷ ︸

mixed term,∼O(Q−1/2)

− n0(t)

∫ t

0

ds n0(s)

Q∑
α,β=1

χαβ(t, s)ξ
α
0 (0)ξ̃

β
0 (0) + n0(t)h0 +O

(
1√
Q

)

(18)
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dR0(t)

dt
= R0(t)

κ0(t)−R0(t)−
S∑

ℓ=1

ξ̃0ℓ (0)nℓ(t)− ξ̃00(0)n0(t)︸ ︷︷ ︸
∼
(

1√
Q

) + h̃0


= R0(t)

(
κ0(t)−R0(t)−

S∑
ℓ=1

ξ̃0ℓ (0)nℓ\0(t)

)

−R0(t)

∫ t

0

dsR0(s)

S∑
ℓ,k=1

νℓk(t, s)ξ̃
0
ℓ (0)ξ

0
k(0)

+R0(t)

∫ t

0

ds n0(s)

S∑
ℓ,β=1

ν̃ℓβ(t, s)ξ̃
0
ℓ (0)ξ̃

β
0 (0)︸ ︷︷ ︸

mixed term,∼O(Q−1/2)

+R0(t)h̃0 +O
(

1√
Q

)
(19)

We now look at the quenched disorder statistics over ξ̃µi , ξ
µ
i for i = 0, 1, . . . , S and µ = 0, 1, . . . , Q:〈∑

α

ξα0 (0)Rα\0(t)

〉
=
∑
α

⟨ξα0 (0)⟩⟨Rα\0(t)⟩ = 0 (20)

Var

[∑
α

ξα0 (0)Rα\0(t)

]
=
∑
α,β

⟨Rα\0(t)Rβ\0(s)⟩ ⟨ξα0 (0)ξ
β
0 (0)⟩︸ ︷︷ ︸

=σ2

Q δαβ

= σ2

〈
1

Q

∑
α

Rα\0(t)Rα\0(s)

〉
= σ2CR(t, s)

(21)

〈∑
α,β

χαβ(t, s)ξ
α
0 (0)ξ̃

β
0 (0)

〉
=
∑
α,β

⟨χαβ(t, s)⟩ ⟨ξα0 (0)ξ̃
β
0 (0)⟩︸ ︷︷ ︸

=γ σ2

Q δαβ

= γσ2χ(t, s), χ :=

〈
1

Q
trχ

〉
∼ O(1)

(22)

〈∑
α,β

χαβ(t, s)ξ
α
0 (0)ξ̃

β
0 (0)

2〉
=

∑
α,β,ρ,λ

⟨χαβχρλ⟩
〈
ξα0 (0)ξ̃

β
0 (0)ξ

ρ
0(0)ξ̃

λ
0 (0)

〉
=

γ2σ4

Q2

∑
α,ρ

⟨χααχρρ⟩+
σ4

Q2

∑
α,β

⟨χαβχαβ⟩+
γ2σ4

Q2

∑
α,β

⟨χαβχβα⟩

= γ2σ4

〈(
1

Q
trχ

)2
〉

︸ ︷︷ ︸
O(1)

+
σ4

Q2

(
⟨tr(χχT )⟩+ γ2⟨tr(χ2)⟩

)
︸ ︷︷ ︸

∼O(1/Q)

⇒ Var

∑
α,β

χαβ(t, s)ξ
α
0 (0)ξ̃

β
0 (0)

 =
〈
X2
〉
− ⟨X⟩2 ∼ 1

Q
, X :=

∑
α,β

χαβ(t, s)ξ
α
0 (0)ξ̃

β
0 (0).

(23)

The two mixed-response contributions can be shown to be subleading separately. Define

Yχ(t, s) :=

Q∑
α,ℓ=1

χ̃αℓ(t, s) ξ
α
0 (0) ξ

0
ℓ (0), Yν(t, s) :=

S∑
ℓ,β=1

ν̃ℓβ(t, s) ξ̃
0
ℓ (0) ξ̃

β
0 (0). (24)
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Since the couplings have zero mean, both means vanish:

⟨Yχ(t, s)⟩ = 0, ⟨Yν(t, s)⟩ = 0. (25)

For the variances, Wick contractions give

Var[Yχ(t, s)] ∼
σ4

Q2

Q∑
α,ℓ=1

〈
χ̃αℓ(t, s)

2
〉

=
σ4

Q2

〈
tr(χ̃ χ̃T )

〉
∼ O

(
1

Q

)
,

(26)

and similarly

Var[Yν(t, s)] ∼
σ4

Q2

S∑
ℓ,β=1

〈
ν̃ℓβ(t, s)

2
〉

=
σ4

Q2

〈
tr(ν̃ ν̃T )

〉
∼ O

(
1

Q

)
,

(27)

where we used self-averaging extensivity of the response norms, tr(χ̃χ̃T ) = O(Q) and tr(ν̃ν̃T ) = O(S) =
O(Q). Hence Yχ, Yν = O(Q−1/2), so both mixed-response terms are subleading and do not contribute at
leading order in the DMFT equations.

We can perform the same analysis for R0:〈∑
ℓ

ξ̃0ℓ (0)nℓ\0(t)

〉
= 0 (28a)

Var

[∑
ℓ

ξ̃0ℓ (0)nℓ\0(t)

]
= ασ2Cn(t, s) (28b)

〈∑
ℓ,k

νℓk ξ̃
0
ℓ (0)ξ

0
k(0)

〉
= αγσ2ν, ν :=

〈
1

S
trν

〉
(28c)

Var

∑
ℓ,k

νℓk ξ̃
0
ℓ (0)ξ

0
k(0)

 ∼ 1

Q
(28d)

We can now rewrite the dynamics of n0 and R0. Since only the cavity degree of freedom remains we drop
the subscript 0. The kernels obtained above are unchanged when the cavity degree of freedom is included.
By statistical equivalence of all degrees of freedom, these kernels coincide with the disorder averages in the
full system (including species 0), and therefore with the averages computed from the effective process for
species 0.

dn(t)

dt
= n(t)

(
g(t) + σηR(t)− γσ2

∫ t

0

ds n(s)χ(t, s) + h

)
(29a)

dR(t)

dt
= R(t)

(
κ(t)−R(t) +

√
ασηn(t)− αγσ2

∫ t

0

dsR(s)ν(t, s) + h̃

)
(29b)

Here, ηR(t) is a Gaussian noise with zero mean and covariance ⟨ηR(t)ηR(s)⟩ = CR(t, s). The same holds for
ηn(t), with ⟨ηn(t)ηn(s)⟩ = Cn(t, s). After the DMFT reduction, the effective fields h and h̃ inherit the same
quenched statistics as the microscopic fields hi and h̃µ (including index 0 by exchangeability). Expanding gi
and κµ and setting h = h̃ = 0 then gives:

dn(t)

dt
= n(t)

(
−m+ ΓR̄(t) + σηR(t) +

∫ t

0

ds n(s)MR(t, s)

)
MR(t, s) =

ϵ

τ
e−

(t−s)
τ CR(t, s)− γσ2χ(t, s)

(30a)
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dR(t)

dt
= R(t)

(
1−R(t) +

√
ασηn(t)−

∫ t

0

dsR(s)Mn(t, s)

)
Mn(t, s) =

αϵ̃

τ̃
e−

(t−s)
τ̃ Cn(t, s) + αγσ2ν(t, s)

(30b)

With the assumption of a self-averaging system we get the following self-consistent equations that give the
closed solution for the above DMFT equations:

n̄(t) = E[n(t)]
R̄(t) = E[R(t)]

Cn(t, s) = E[n(t)n(s)]
CR(t, s) = E[R(t)R(s)]

ν(t, s) = E
[

δn(t)
δh(s)

∣∣∣
h=0

]
χ(t, s) = E

[
δR(t)

δh̃(s)

∣∣∣
h̃=0

]
(31)

B Fixed-Point Solution

Assume that as t → ∞, the system reaches a fixed point:

n(t)
t→∞−−−→ n∞, R(t)

t→∞−−−→ R∞, η(t) → η∞ (32)

For the memory kernel in the species equation:∫ t

0

ds n(s)MR(t, s) =

∫ t

0

ds n(s)
{ ϵ

τ
e−

(t−s)
τ CR(t, s)− γσ2χ(t, s)

}
(33)

Using CR(t, s)
t→∞−−−→ C∞

R = E[R2
∞] and time translational invariance at steady state χ(t, s) = χ(t − s)

with u := t− s we get∫ t

0

ds n(s)MR(t, s)
t→∞−−−→

∫ ∞

0

dun∞

{ ϵ

τ
e−

u
τ C∞

R − γσ2χ(u)
}
=
(
ϵC∞

R − γσ2χint

)
n∞ (34)

with χint :=
∫∞
0

duχ(u). Thus, the species dynamic equation at the fixed point becomes:

dn(t)

dt
= 0 = n∞

(
−m+ ΓR̄+ σ

√
CRZ − n∞(γσ2χint − ϵCR)

)
(35)

where Z is a zero-mean unit variance Gaussian random variable. We don’t write the ∞ sup/subscripts for
the order parameters R̄ and CR for readability. For the uninvadable fixed point solution: By uninvadable
we mean a fixed point that cannot be invaded by an arbitrarily rare species or resource. Equivalently, any
component with vanishing abundance must have non-positive growth rate at the fixed point, so only the
positive part of the formal solution survives.

n∞ = max

{
0,

−m+ ΓR̄+ σ
√
CRZ

γσ2χint − ϵCR

}
(36)

Similarly, for the memory kernel of the R dynamics:∫ t

0

dsR(s)Mn(t, s) →
∫ ∞

0

duR∞

{
α
ϵ̃

τ̃
e−

u
τ̃ Cn(u) + αγσ2ν(u)

}
= αR∞

(
ϵ̃Cn + γσ2νint

)
, νint =

∫ ∞

0

du ν(u)

(37)

We deduce the fixed point equation for R:

dR(t)

dt
= 0 = R∞

(
1− αΓn̄+

√
ασ
√

CnZ −R∞(αγσ2νint + αϵ̃Cn + 1)
)

(38)
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Looking again at the uninvadable fixed point:

R∞ = max

{
0,

1− αΓn̄+
√
ασ

√
CnZ

1 + αϵ̃Cn + αγσ2νint

}
(39)

C Self-Consistency Equations in the Fixed-Point Regime

In the fixed-point regime the self-consistency equations can be computed explicitly. The average DMFT
expectation E[·] over the initial conditions n(0), R(0) and the Gaussian noise η(t) becomes the average over
the stationary variables n∞, R∞ and the Gaussian random variable Z, which we denote by ⟨·⟩.

We introduce the standard normal cumulative distribution function

Φ(x) :=
1√
2π

∫ x

−∞
dz e−z2/2, (40)

and the Heaviside function

Θ(x) = max{0, x}. (41)

The fixed-point solutions can then be written as

n∞ =
g + σgZ

DR
Θ

(
g + σgZ

DR

)
, (42)

R∞ =
κ+ σκZ

Dn
Θ

(
κ+ σκZ

Dn

)
, (43)

where

g = −m+ ΓR̄, σg = σ
√
CR, (44)

κ = 1− αΓn̄, σκ =
√
ασ
√

Cn, (45)

Dn = 1 + αϵCn + αγσ2νint, DR = γσ2χint − ϵCR. (46)

Furthermore, we define

∆g =
g

σg
, ∆κ =

κ

σκ
. (47)

The distribution of the species abundance can be written as

Pg(z) = δ(z)Φ(−∆g) +
1√
2πσg

exp

[
− (z − g)2

2σ2
g

]
Θ(z), (48)

where

z = DRn∞. (49)

We denote the moments of this distribution by

Wℓ(g, σg) :=
〈
zℓ
〉
Pg(z)

, (50)

and analogously for the resource distribution.
The self-consistency equations then become
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n̄ = ⟨n∞⟩ = 1

DR
W1(g, σg)

=
1

DR

[
0 · Φ(−∆g) +

σg√
2π

e−∆2
g/2 + gΦ(∆g)

]
=

σg

DR

[
1√
2π

e−∆2
g/2 +∆gΦ(∆g)

]
, (51)

R̄ =
σκ

Dn
W1(∆κ, 1), (52)

Cn = ⟨n2
∞⟩ =

(
σg

DR

)2

W2(∆g, 1)

=

(
σg

DR

)2 [
∆g√
2π

e−∆2
g/2 + (1 +∆2

g)Φ(∆g)

]
, (53)

CR =

(
σκ

Dn

)2

W2(∆κ, 1). (54)

To compute the response functions we introduce an external field,

n∞ =
g + h+ σgZ

DR
Θ

(
g + h+ σgZ

DR

)
, (55)

such that

ν =

〈
∂n∞

∂h

〉∣∣∣∣
h=0

=

〈
1

DR
Θ(n∞)

〉
+

〈
n∞

DR
δ(n∞)

〉
=

1

DR
⟨Θ(n∞)⟩

=
ϕn

DR
, (56)

where

ϕn = ⟨Θ(n∞)⟩ = Φ(∆g). (57)

Analogously,

χ =
ϕR

Dn
, (58)

with

ϕR = ⟨Θ(R∞)⟩ = Φ(∆κ). (59)
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We collect the set of self consistency equations in the fixed point regime below.

ϕn = Φ(∆g),

ϕR = Φ(∆κ),

n̄ =
σg

DR
W1(∆g),

R̄ =
σκ

Dn
W1(∆κ),

Cn =

(
σg

DR

)2

W2(∆g),

CR =

(
σκ

Dn

)2

W2(∆κ),

ν =
ϕn

DR
,

χ =
ϕR

Dn
.

(60)

D Linear Stability of the Fixed Point

To study the stability of the stationary solution, we introduce weak external perturbations into the micro-
scopic dynamics before performing the cavity construction. More precisely, we perturb the fields appearing
in the species and resource equations according to

hi(t) → hi(t) + κφi(t), (61)

h̃µ(t) → h̃µ(t) + κφ̃µ(t), (62)

where κ is a small parameter controlling the strength of the perturbation and φi(t) and φ̃µ(t) are inde-
pendent Gaussian white noises satisfying

⟨φi(t)φj(s)⟩ = δijδ(t− s), (63)

⟨φ̃µ(t)φ̃ν(s)⟩ = δµνδ(t− s), (64)

⟨φi(t)φ̃µ(s)⟩ = 0. (65)

Since the perturbation is introduced already at the microscopic level, the corresponding DMFT equations
are obtained through exactly the same cavity construction as in the unperturbed model. Consequently, the
DMFT self-consistency relations remain valid, but all order parameters now have a dependence on the
perturbation. We now expand the perturbed DMFT solution around the unperturbed one and track the
corrections induced by the small parameter κ.

nκ(t) = n0(t) + δn(t), (66)

Rκ(t) = R0(t) + δR(t), (67)

Cκ
n = C0

n + δCn, (68)

Cκ
R = C0

R + δCR, (69)

νκ = ν0 + δν, (70)

χκ = χ0 + δχ, (71)

where the superscript 0 denotes the unperturbed DMFT solution. Substituting these expansions into the
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DMFT equations gives:

dn

dt
=
(
n0(t) + δn(t)

) [
−m+ Γ

(
R

0
(t) + δR(t)

)
+ σ

(
η0R(t) + δηR(t)

)
+

∫ t

0

ds
(
n0(s) + δn(s)

) (
M0

R(t, s) + δMR(t, s)
)
+ κφ(t)

]
, (72)

and

dR

dt
=
(
R0(t) + δR(t)

) [
1−

(
R0(t) + δR(t)

)
+
√
ασ
(
η0n(t) + δηn(t)

)
−
∫ t

0

ds
(
R0(s) + δR(s)

) (
M0

n(t, s) + δMn(t, s)
)
+ κφ̃(t)

]
. (73)

In the derivation of the DMFT equations, ⟨·⟩ denotes the average over the quenched disorder. From this
point onward, however, it will denote the average over the perturbed DMFT process, including the auxiliary
fields φ and φ̃.

⟨φ(t)φ(s)⟩ = δ(t− s), (74)

⟨φ̃(t)φ̃(s)⟩ = δ(t− s), (75)

⟨φφ̃⟩ = 0. (76)

Since the perturbing fields have zero mean,

⟨φ(t)⟩ = ⟨φ̃(t)⟩ = 0, (77)

and similarly ⟨δηR(t)⟩ = ⟨δηn(t)⟩ = 0 at linear order (since δCR, δCn = O(κ2)). Taking the average of the
linearized dynamics then gives homogeneous equations for the mean perturbations,

∂t⟨δn(t)⟩ = Ln

[
⟨δn⟩

]
(t), (78)

∂t⟨δR(t)⟩ = LR

[
⟨δR⟩

]
(t), (79)

with no additive source term at O(κ). Therefore, for zero-mean initial perturbations (in particular if the
perturbed and unperturbed trajectories start from the same initial condition), the unique solution remains
centered:

⟨δn(t)⟩ = ⟨δR(t)⟩ = 0 (80)

We now look at the perturbations of the system around the fixed point regime at late times.

n0(t) → n∞, (81)

η0n(t) → η∞n (t), (82)

and

M0
n(t, s) −→ M0

n(t− s) = α
ϵ̃

τ̃
C∞

n e−
t−s
τ̃ − αγσ2ν0(t− s), (83)

where
C∞

n = E
[
n2
∞
]
. (84)

To simplify the notation, we define
Cn := C∞

n , (85)

and analogously for the resource-related quantities. For the relative amplitudes at large times, we find

∂tδn = ∂tn ∼ O(κ), (86)
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which implies
δn ∼ O(κ). (87)

Furthermore,
⟨δn(t)δn(s)⟩ = δCn(t, s) = ⟨δηn(t)δηn(s)⟩ ∼ O(κ2). (88)

The corresponding response function is

δν(t, s) =

〈
δ

δh(s)
δn(t)

∣∣∣∣
h=0

〉
=

δ

δh(s)
⟨δn(t)⟩

∣∣∣∣
h=0

= 0. (89)

Analogously, for the resource variables we obtain

δR ∼ O(κ), (90)

⟨δR(t)δR(s)⟩ = δCR(t, s) = ⟨δηR(t)δηR(s)⟩ ∼ O(κ2), (91)

and
δχ(t, s) = 0. (92)

Moreover, δR(t) = 0, since the average resource abundance is a self-averaging quantity.
We now rewrite the perturbed equation for the species abundance in the fixed point regime,

d

dt
n =

d

dt
δn = n∞ f∞

n + n∞ δfn + δn(t) f∞
n + δn(t) δfn

+ (n∞ + δn(t))
ϵ

τ

∫ t

0

ds (n∞ + δn(s)) e−(t−s)/τδCR(t− s), (93)

where we define

f∞
n (t) = −m+ ΓR∞ + ση∞R + ϵn∞CR − γσ2ν∞

∫ t

0

dsχ0(t− s), (94)

δfn(t) = σδηR +
ϵ

τ
CR

∫ t

0

ds δn(s)e−(t−s)/τ − γσ2

∫ t

0

ds δn(s)χ0(t− s) + κφ(t). (95)

The different contributions scale as

f∞
n (t) ∼ O(1), (96)

δfn(t) ∼ O(κ), (97)

δn(t)f∞
n (t) ∼ O(κ), (98)

δn(t)δfn(t) ∼ O(κ2), (99)

(n∞ + δn)
ϵ

τ

∫
ds (n∞ + δn) e−(t−s)/τδCR ∼ O(κ2). (100)

Since f∞
n (t) corresponds to the fixed-point solution, for an uninvadable fixed point we have f∞

n (t) < 0
and f∞

n (t) −−−→
t→∞

0. For surviving species, keeping only the terms that are linear in κ, we are left with

d

dt
δn = n∞δfn = n∞

[
σδηR + κφ+

ϵ

τ
CR

(
δn ∗ e−t/τ

)
− γσ2 (δn ∗ χ)

]
, (101)

where the convolution is restricted to R+. Instead, for extinct species (n∞ = 0) we have d
dtδn = δnf∞

n . So
the perturbations of extinct species decay exponentially and are not driven by the perturbing field φ.

Taking the Fourier transform of Eq. (101), we obtain

−iωδ̂n = n∞

[
σδ̂ηR + κφ̂+ ϵCRδ̂n

1

(2πτω)2 + 1
+ γσ2δ̂nχ̂

]
. (102)

Therefore,

δ̂n = DR(ω;n∞)−1
(
σδ̂ηR + κφ̂

)
. (103)
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where we define

DR(ω;n∞) = − iω

n∞
− ϵCR

(2πτω)2 + 1
+ γσ2χ̂ (104)

Analogously, for the resource variable we obtain

d

dt
δR = R∞

[
−δR+

√
ασδηn + κφ̃− ϵ̃

τ̃
Cn

(
δR ∗ e−t/τ̃

)
− αγσ2 (δR ∗ ν)

]
. (105)

Taking again the Fourier transform gives

δ̂R = Dn(ω;R∞)−1
(√

ασδ̂ηn + κ̂̃φ) . (106)

with

Dn(ω;R∞) = − iω

R∞
+ 1 +

ϵ̃Cn

(2πτ̃ω)2 + 1
+ αγσ2ν̂ (107)

Using

⟨φ̂(ω)φ̂(ω′)⟩ =
〈
ˆ̃φ(ω) ˆ̃φ(ω′)

〉
= 2πδ(ω + ω′), (108)

together with the power spectra 〈
δ̂n(ω)δ̂n(ω′)

〉
= 2πδ(ω + ω′)Gn(ω), (109)〈

δ̂R(ω)δ̂R(ω′)
〉
= 2πδ(ω + ω′)GR(ω), (110)

Eqs. (103) and (106) give

Gn(ω) =

〈
κ2 + σ2GR(ω)

|DR(ω;n∞)|2

〉
, (111)

GR(ω) =

〈
κ2 + ασ2Gn(ω)

|Dn(ω;R∞)|2

〉
, (112)

where the average is taken over the stationary DMFT distribution.
Working in Fourier space is in principle the right framework to analyze oscillatory instabilities. In what

follows, however, we restrict ourselves to the zero-frequency sector ω = 0, as is commonly done in previous
DMFT fixed-point stability analyses [2, 1]. This restriction yields the correct instability condition when loss
of stability occurs through a real Jacobian eigenvalue crossing zero first. It does not capture, in general, Hopf-
type instabilities that occur at finite frequency ω ̸= 0 (as in the deterministic σ = 0 scenario discussed in the
main text), where one expects corrections to the criterion below. Extending the analysis to finite frequency
is substantially harder because, in the fixed-point phase, we do not have a closed analytical expression for
the full frequency-dependent response kernels ν̂(ω) and χ̂(ω).

Gn(0) =

〈
κ2 + σ2GR(0)

|DR(0)|2

〉
= ϕR

κ2 + σ2GR(0)

|DR(0)|2
, (113)

GR(0) = ϕn
κ2 + ασ2Gn(0)

|Dn(0)|2
. (114)

where Dn loses its dependence on R∞ at ω = 0 and DR loses its dependence on n∞. Since the perturbations
of extinct species vanish, we can directly take the average over surviving species/resources. Substituting the
second equation into the first and dropping the explicit dependence on ω = 0 for readability gives

Gn =
(
|Dn|2|DR|2

)−1
[
κ2ϕR|Dn|2 + κ2σ2ϕnϕR + σ4ϕnϕRGn

]
. (115)

or equivalently

Gn =
(
|Dn|2|DR|2 − σ4ϕnϕR

)−1
κ2ϕR

(
|Dn|2 + σ2ϕn

)
. (116)
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Similarly,

GR =
(
|Dn|2|DR|2 − ασ4ϕnϕR

)−1
κ2ϕn

(
|DR|2 + ασ2ϕR

)
. (117)

The fluctuation spectrum therefore diverges when the common denominator vanishes, signaling the loss of
stability of the stationary fixed point. Using

ν̂(0) =

∫ ∞

0

dt ν(t) ≡ νint, (118)

χ̂(0) =

∫ ∞

0

dt χ(t) ≡ χint, (119)

the condition for instability becomes(
1 + ϵ̃Cn + αγσ2νint

)2 (
ϵCR − γσ2χint

)2
= ασ4ϕnϕR. (120)

E Deterministic Jacobian Analysis at sigma equals zero

In this appendix we derive the deterministic linear-stability criterion used in Section 7. Setting σ = 0 removes
quenched heterogeneity. On the permutation-symmetric manifold,

ni(t) = n(t), Rµ(t) = R(t), zµi (t) = z(t), z̃µi (t) = z̃(t), (121)

the full model reduces to

ṅ = n [−m+ ΓR+QzR] , (122)

Ṙ = R [1−R− αΓn− αQz̃ n] , (123)

τ ż = −z +
ϵ

Q
nR, (124)

τ̃ ˙̃z = −z̃ +
ϵ̃

Q
nR. (125)

At a positive fixed point (n∗, R∗, z∗, z̃∗),

z∗ =
ϵ

Q
n∗R∗, z̃∗ =

ϵ̃

Q
n∗R∗, (126)

and

0 = −m+ ΓR∗ + ϵn∗R
2
∗, (127)

0 = 1−R∗ − αΓn∗ − αϵ̃n2
∗R∗. (128)

Linearizing around the fixed point gives ∂t δx = J δx with δx = (δn, δR, δz, δz̃)T and

J =


0 n∗(Γ +Qz∗) n∗QR∗ 0

−R∗(αΓ + αQz̃∗) −R∗ 0 −αQn∗R∗
ϵR∗

τQ

ϵn∗

τQ
−1

τ
0

ϵ̃R∗

τ̃Q

ϵ̃n∗

τ̃Q
0 −1

τ̃

 . (129)

The fixed point is linearly stable when for all eigenvalues ℜλ < 0. A Hopf instability occurs when a
complex-conjugate pair crosses the imaginary axis,

ℜλ± = 0, ℑλ± = ±ωH ̸= 0. (130)

Hence, for each parameter set one can solve the fixed-point equations, evaluate J , and track maxi ℜλi(J)
to locate both the stability boundary and the onset of oscillations.
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F Numerical Implementation

The script written in Julia (programming language) for the numerical implementation of the full system
dynamics and the DMFT equations is available at https://github.com/noeo81n1ty/aMCRM_w_ad

F.1 Integration of ODEs

We integrate the full system of ODEs (1) using Tsit5 algorithm with the solver from the Julia (programming
language) package DifferentialEquations.jl [11]. The Tsitouras algorithm (Tsit5) is a 5/4 Runge-Kutta
integrator, so it implements a 5th order Runge-Kutta method with an embedded 4th order method for error
estimation and step size control [12]. In this study the solver was used with relative tolerance 10−6 and
absolute tolerance 10−9. This is a considerably higher tolerance than what was used in [2], where the solver
was used with relative tolerance and absolute tolerance of 10−14. Using higher tolerance as we did allowed
for less costly simulations and sufficiently good results that agree with results from [2]. The ODE solver
implements a variable step size when integrating. Instead of outputting the trajectories with the variable
step size, we output the trajectories with a fixed step size of 1. This is done by using the saveat (=1) option
in the solver. Just like in [2], we added an immigration rate λ = 10−10 to the right hand side of both
equations (species and resources) in (1). The immigration rate prevents ”aging processes” as it prevents
complete extinctions. Instead it regularizes the dynamics, so that at steady state we recover a clear gap
between high abundance ”surviving” species and low abundance ”extinct” species as shown in Figure 11.
Additionally it also stabilizes the numerical integrator [2]. The effects due to immigration and the aging
dynamics are discussed in [13] for the Lotka-Volterra model and we expect similar effects in the MCRM.
The clear gap between high abundance ”surviving” species and low abundance ”extinct” species allows us

Figure 11: The graph shows the final abundance distributions (species right, resources left) after integrating
the full system over 50000 time steps, with S = Q = 256 and parameters m = 1.0, Γ = 200, σ = 1.0, γ = 1.0,
in the fixed point regime. The blue histogram is the abundance distribution for the dynamics without
adaptive dynamics. The red histogram is for the dynamics with adaptive dynamics with ϵ = 0, ϵ̃ = 5000.
The data is the same as the data in figures 2 and 3. The graph shows a clear gap between high abundance
”surviving” species and low abundance ”extinct” species, which is a result of the immigration rate λ = 10−10

added to the right hand side of both equations (species and resources) in (1).

to define a threshold for extinction. We define a species to be extinct if its abundance is below 10−4 and a
resource to be extinct if its abundance is below 10−5. This allows us to compare abundance distributions
computed from the full system dynamics in the fixed point regime with the analytical predictions from the
DMFT fixed point solution, as shown in figures 2, 3. The implementation for solving the analytical DMFT
equations is discussed in Appendix F.2. For the numerical simulations of the full system dynamics, we use
the same parameters as in [2], with S = Q = 256, Γ = 200, m = 1.0, σ = 1.0, γ = 1.0 and we run the
simulations for 5 · 104 time steps and perform 10 repetitions with different disorder realizations. The steady
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state abundance distributions are then taken as the final time step values. This is done for both with and
without adaptive dynamics as in figures 2, 3.

F.2 Self-consistency equations in the fixed-point regime and instability bound-
ary

In order to solve the self-consistency equations in the fixed point regime, we use a numerical root-finding
algorithm. The fixed-point equations are derived in Appendix C and use the uninvadable fixed-point forms
in equations (36) and (39). We define a loss function as the sum over the squared differences between
the left and right hand sides of the self-consistency equations (60). We minimize the loss function using an
adaptive differential evolution solver with BBO adaptive de rand 1 bin radiuslimited in the Julia package
BlackBoxOptim.jl [14]. In order to compute the instability boundary we use the same loss function as before
and add the instability condition as an additional constraint tracking the squared difference of the left and
right hand side of equation (120). At the same time we have to leave the order parameters of interest free
to vary, so we can find the instability boundary as the optimal order parameter of interest. In figure 5 for
example we track the order parameter γ and find the instability boundary as a function of σ. The instability
condition is derived in Appendix D. We minimize the loss function with the additional constraint using the
same adaptive differential evolution solver as before.

F.3 Phase diagram and convergence measure

In order to compute the phase diagram as in figure 5 and 6 we compute probability of steady state by running
simulations for a grid of parameters. We define a simulation to have reached a fixed point if the average
absolute change in species and resource abundances is below a threshold of 10−6 over the last 500 time steps.
We then perform multiple repetitions of the simulations with different disorder realizations and compute the
probability of steady state as the fraction of simulations that reach a fixed point. For the phase diagram
with no adaptive dynamics we performed 32 repetitions for each grid point and for the phase diagram with
adaptive dynamics we performed 8 repetitions for each grid point. In figure 7 we see that the transition
from fixed point to unstable dynamics is quite sharp, which justifies the rigid classifier for the probability of
steady state.
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