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Abstract

Predictive processing has become the dominant computational framework for understanding the
mind, yet three central features of ordinary mental life remain underspecified: the typed affective
structure of the relations the brain predicts over, the role of moment-to-moment bodily state in
shaping which predictions become consequential, and the mechanism by which metacognitive
awareness alters affective dynamics rather than merely reporting on them. We introduce affective
predictive graph theory (APGT), a formal dynamical model in which mental states emerge from
sigmoidal recurrence over a directed weighted graph whose edges encode affective-predictive
expectations, whose effective coupling is parametrically modulated by latent physiology, and
which closes a feedback loop with a partial self-observation operator. We prove four results:
(i) the dynamics admit a unique stable fixed point in a contraction regime and (ii) undergo
a saddle-node bifurcation as physiological stress crosses a critical value, formalising the clini-
cal observation that the same external cue produces qualitatively different mental states under
different bodily conditions; (iii) the meta-awareness operator provably reduces the largest eigen-
value of the symmetric part of the effective coupling matrix—and empirically also its spectral
radius—providing a control-theoretic account of why noticing a reaction can change it; and (iv)
the model is identifiable from a single sufficiently rich activation trajectory. Computational ex-
periments in a canonical six-node graph and in an ensemble of synthetic 120-node small-world
graphs (n = 60 seeds) confirm each theoretical prediction, with meta-awareness reducing late-
window threat activation by 0.081 (95% CI [0.027, 0.144], Wilcoxon p < 10719) and restoring
recovery from an acute threat pulse in 100% of seeds (versus 0% without awareness within the
same window). The results provide a unified, falsifiable, and computationally tractable account
of cognitive—affective dynamics that bridges predictive processing, allostasis, and contemplative
neuroscience, and yield concrete predictions testable with ambulatory physiology and ecological
momentary assessment.

1 Introduction

Predictive processing supplies a powerful computational substrate for cognition: the brain is cast
as a generative model that minimises long-run prediction error by reciprocally updating beliefs
and acting on the world (Rao and Ballard, 1999; Knill and Pouget, 2004; Friston, 2010; Clark,
2013; Hohwy, 2013; Friston et al., 2017). Within this substrate, however, three features of ordinary
mental life remain conspicuously underspecified.



First, predictive accounts typically treat the variables being predicted as either continuous sen-
sory features or symbolic propositions, leaving the affective structure of the relations themselves
implicit. Yet decades of work in affective neuroscience demonstrate that the relational primitives
carried by the brain are typed: they encode threat, attraction, trust, support, shame, urgency, and
avoidance, with consequences for downstream cognition that cannot be derived from prediction
error magnitude alone (Russell, 2003; Barrett and Bar, 2009; LeDoux, 2014; Barrett, 2017).

Second, although interoceptive and physiological signals are now widely recognised as integral to
the predictive economy (Seth, 2013; Critchley and Harrison, 2013; Barrett and Simmons, 2015;
Seth and Friston, 2018; Khalsa et al., 2018; Paulus et al., 2019; Petzschner et al., 2021; Quigley
et al., 2021), formal models tend to treat the body as a noisy observation space rather than as
a parametric controller of the predictive machinery itself. Allostatic accounts (Sterling and Eyer,
1988; McEwen, 1998; Sterling, 2012; Stephan et al., 2016) argue precisely the opposite: that bodily
state continuously reshapes which predictions become consequential. A computational instantiation
of this idea has so far been lacking.

Third, mindfulness-based interventions reliably reduce affective reactivity, shorten recovery from
emotional perturbation, and reduce relapse in mood disorders (Teasdale et al., 2000; Farb et al.,
2007; Goldin and Gross, 2010; Holzel et al., 2011; Vago and Silbersweig, 2012; Tang et al., 2015).
The phenomenological literature characterises the active ingredient as meta-awareness: a par-
tial, intermittent re-representation of one’s own cognitive state (Schooler et al., 2011; Lutz et al.,
2015; Dunne et al., 2019). Yet predictive-processing accounts of metacognition almost always treat
awareness as a downstream readout of the system, not as a control signal that changes the next
computation (Moutoussis et al., 2014; Fleming and Dolan, 2012; Kanai et al., 2015).

We introduce affective predictive graph theory (APGT), a dynamical-systems model that integrates
these three desiderata. Mental state is the settled activation profile of a directed weighted graph
whose nodes are recognised entities (people, events, places, internal constructs) and whose edges
carry typed affective-predictive expectations. The system runs as a sigmoidal recurrence on this
graph; physiology enters as a parametric controller that selectively scales fear-tagged edges; and a
partial observation operator implements meta-awareness as a closed-loop control law over the active
subgraph. The contribution is fourfold. (1) A precise formalism that lifts predictive processing from
symbolic propositions to typed affective graph propagation. (2) Four theorems on the resulting
dynamics: existence and uniqueness of a low-threat fixed point under contraction (Theorem 1);
a saddle-node bifurcation in physiological stress (Theorem 2); spectral contraction of the effective
coupling matrix by meta-awareness (Theorem 3); and identifiability of the parameters from a single
persistently exciting trajectory (Theorem 4). (3) A computational test suite that confirms each
theorem in the canonical case and demonstrates effect sizes large enough to be detectable with
ecological momentary assessment in a ~60-participant study. (4) A set of falsifiable predictions
linking bodily state, attention deployment, and recoverability from emotional perturbation.

2 Model

2.1 Specification

Definition 1 (APGT system). An APGT system on n nodes is the tuple S = (Wg, M,, O, C, o, b)
with components: (i) the baseline weighted adjacency Wy € R™ ™ with the convention that Wp|i, j]
is the strength of the directed edge from node j to node ¢ (positive entries are excitatory or threat-
linked, negative entries are inhibitory or regulatory); (ii) the physiological modulation operator



M,y: 10,1] = R™", with M,(0) = 0, that selectively scales physiology-sensitive edges as a function
of the latent stress level p € [0,1]; (iii) the observation operator O: (0,1)" — {0,1}" that selects a
subset m = O(a) of the currently active nodes for re-representation in awareness; (iv) the control
operator C': {0,1}" — R™ ™ that maps an awareness mask to an additive perturbation of the
effective coupling; (v) a bounded Lipschitz nonlinearity o: R™ — (0,1)" applied component-wise;
and (vi) a per-node bias b € R™ that absorbs intrinsic activation thresholds and exogenous cues.

The dynamics are

a(t+1) = o(Weg(t)a(t) +b),  Wea(t) = Wo+sM(p(t)) +vC(O(a(t))) (1)

where s > 0 scales physiological coupling and v € [0, 1] is an “awareness gain” that is zero whenever
the meta-awareness layer is disengaged. We use the logistic o(z) = 1/(1 4 exp(—g z)) with slope g;
its Lipschitz constant is L, = g/4.

2.2 The three operators

Physiology as parametric controller. The operator M, implements the allostatic claim that
bodily state reshapes the model itself, not merely the noise variance of its observations:

My(p)[i,j] = apl(j—i) € F| max(Wyli, ], 0) (2)

where F C F is the set of physiology-sensitive (fear-tagged) edges and « € (0, 1) scales the maxi-
mum amplification. Under stress, the same exteroceptive input traverses a different effective graph
(Sterling 2012; Seth 2013; Stephan et al. 2016).

Partial self-observation. The observation operator O implements the central phenomenological
constraint that awareness is intermittent and partial (Schooler et al., 2011; Dunne et al., 2019):

O(a); = 1[a; > 0] - 1[i € TUR], (3)

restricting attention to nodes that are both salient (above threshold ) and belong either to the
threat pool T or the regulatory pool R.

Meta-awareness as closed-loop control. Meta-awareness is implemented as a signed pertur-
bation of the coupling matrix, supported on the awareness mask. For each attended threat node
i € mNT, every excitatory incoming edge is contracted by a fraction x € [0, 1]:

C(m)[l,j} = _"il[i S mﬂT] ’ 1[W0[7fvj] > O] ’ WO[%]] (4)

Crucially, the perturbation is supported only on the currently observed subgraph, not on the entire
system: the system that is changed is the system that is observed, and only because it is observed.

2.3 Activation entropy

Because mental life is structured (Tononi, 2008; Tononi et al., 2016), we summarise the spread
of activation across the graph by the Shannon entropy of the normalised activation distribution
a; = a; / Z g aj:
n
H(a) = =) a;loga,. (5)
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H ranges over [0,logn| and is interpreted jointly with graph content: low H on a regulatory
attractor differs sharply from low H on a maladaptive threat attractor.

3 Theoretical results

We give the four main results that distinguish APGT from existing predictive-processing accounts.
Proofs are sketched here and given in full in Supplementary Section S1.

3.1 Existence and uniqueness of fixed points

Theorem 1 (Existence and uniqueness of fixed point under contraction). Let = (0,1)" and let
F:Q — Q be the one-step map of (1) with Weg held constant. Then:

(i) F admits at least one fived point in §;

(i1) if Ly [|[Wegt||2 < 1, the fized point is unique and globally attracting, and the trajectory a(t)
converges to it at geometric rate (Lo' ||WeﬁH2)t.

Proof sketch. Existence follows from Brouwer’s theorem applied to the continuous map F' on the

convex compact set . Uniqueness and exponential convergence follow from Banach’s contraction

theorem: |F(a) — F(a')|l2 < Ly ||Wegll2]la — a’[|2. See Khalil (2002, Ch. 5) for the analogous

continuous-time version. O

3.2 Physiology induces a saddle-node bifurcation

Theorem 2 (Bifurcation in physiology). Consider the canonical siz-node graph (§4.1), with Weg(p) =
Wo + s My(p) and C = 0. Then there exists p* € (0,1) such that:

(i) for p < p*, the system has a unique low-threat stable fized point aj (p) with ay — 0;
(ii) at p = p*, a saddle-node bifurcation appears at the threat-attractor manifold;

(iii) for p > p*, the system has two stable fized points (aj, aj;) separated by a saddle, and basin
volume of aj; grows monotonically with p.

Proof sketch. Project the dynamics onto the slow manifold spanned by the threat and regulatory
nodes; the fixed-point condition at the threat node has the form ar = o (c(p)+w(p)ar —r(a)) where
w(p) = wp + ap is monotone in p and r(a) is the regulatory contribution. For sufficiently small p,
the right-hand side is uniformly below the diagonal (single low-threat fixed point); for sufficiently
large p, the slope at the inflection ar = 0.5 exceeds unity, so the curve crosses the diagonal three
times (low fixed point, saddle, high fixed point). The crossover satisfies the standard saddle-node
normal form (Kuznetsov 2004, §3.1; Strogatz 2018, §8.1). Empirical confirmation: Fig. 3. O

3.3 Meta-awareness contracts the effective coupling

The result that motivates the central clinical claim: noticing changes what is noticed.



Theorem 3 (Symmetric-part contraction by meta-awareness). Fizp > 0 and let a* = aj;(p) be the
high-threat fized point reached without awareness. Define Weg(k) = Wy + s M,(p) + C(O(a*); /1),
with C as in (4), and let W(k) = (Weg (k) + Weg(x)")/2 be its symmetric part. Then the largest
etgenvalue

Amax (Ws (k)

is monotonically non-increasing in k. Equivalently, the quadratic Lyapunov rate supjjyj—; x' Wi(k)x
contracts with awareness intensity.

Proof sketch. Write C(k) = —x P where P[i,j] = 1[i € m N T|1[Wy[i, 5] > 0] Wy[i, j] > 0. Then
Wett (k) = Weg(0) — kP, so Wi(k) = W(0) — (P + P'). The matrix 3(P + P") is symmetric and
positive semidefinite (it is the symmetrisation of a non-negative matrix). By the Courant—Fischer
characterisation of the largest eigenvalue,

T T P+PT

Amax (Ws(k)) = ”m”ax1 {x Ws(0)x — kx x|,
X||l=

and the second summand is non-negative for every unit x, so the quantity inside the maximum is

monotonically non-increasing in x pointwise; therefore so is the maximum. O

Remark 1. Theorem 3 is a contraction result for the symmetric part of the effective coupling,
equivalent to a contraction in the standard quadratic Lyapunov function V' (x) = x'x. Tt does not in
general imply that the spectral radius p(Weg(x)) itself is monotone in x, because the antisymmetric
part of C(k) = —kP also scales linearly with s (the matrix P is row-supported on attended threat
nodes and is not symmetric). For non-normal Weg, contraction of the symmetric part can in
principle be accompanied by non-monotone changes in the spectral radius. Empirically, however,
p(Weg(k)) was monotonically non-increasing for every (p, ) pair tested on the canonical graph
(Fig. 3, right; full grid in Supplementary Table S1), which we record as a structural property
of the canonical APGT system rather than a consequence of Theorem 3. A sufficient condition
for the implication to hold globally—e.g. near-normality of Weg or symmetry of the awareness
perturbation—would close the theoretical gap and is a natural target for follow-up work.

Remark 2 (Numerical magnitude). For the canonical six-node graph at p = 1, p(Weg) decreases
from 2.16 at k = 0 to 1.64 at x = 0.9 (Fig. 3, right). The same monotone behaviour is observed at
every p € [0.1,1.4] (Supplementary Table S1).

Remark 3. The Jacobian J = diag(o”(-)) Weg at the new (lower) fixed point need not contract: the
lower threat activation pushes o’ back into its near-linear regime, often increasing the local Jacobian
spectral radius. This is a feature, not a bug. The pre-awareness state is locally stiff because the
system is saturated on a maladaptive attractor; the post-awareness state is locally more flexible but
has a smaller-amplitude maladaptive driver. In control-theoretic terms, awareness trades stiffness
for adaptability (Astrom and Murray, 2008).

3.4 Identifiability from a single trajectory

Theorem 4 (Identifiability). Suppose the time-varying bias b(t) is sampled i.i.d. from a distribution
with positive-definite covariance, and let a(t+1) = o(Wega(t)+b(t)). Then Weg is the almost-sure
limit, as T — oo, of the least-squares estimator

~

T-1
Wen = arg _min S lleHalt +1)) = b(t) — Wa()|5.
t=0

GRan



Moreover, in the noisy case with i.i.d. observation noise of variance o2, the relative reconstruction

error in Frobenius norm is O(T~1/?).

Proof sketch. The map o~ ! oa(t + 1) — b(t) = Wega(t) is linear in Weg. Persistent excitation
guarantees E[aa'] = 0, so the design matrix has full column rank and ordinary least squares is
consistent (Ljung, 1999, Ch. 7). The T—1/2 rate follows from standard sample-complexity bounds

for ridge regression on bounded designs (Boyd and Vandenberghe, 2004, Ch. 6). O

This result matters because it makes APGT empirically tractable: in principle, the coupling matrix
can be recovered from intensive longitudinal data combining ecological momentary assessment
(EMA) and ambulatory physiology—data classes that are now routinely collected at scale (Trull
and Ebner-Priemer, 2015; Molenaar, 2004; Ryan et al., 2018).

4 Computational experiments

We test each theoretical prediction in two regimes: a small canonical six-node graph (n = 6) that
admits closed-form analysis, and an ensemble of synthetic 120-node small-world graphs (n = 60
random seeds) that probes generalisation. Code is available (§6.5).

4.1 Canonical six-node graph

The six-node graph (Fig. 1) instantiates a stylised everyday scenario: Boss—Meeting—Mistake— Threat
is the rumination pipeline; Safety and Support form the regulatory pool; Threat down-modulates
both regulators, capturing the clinical observation that fear narrows access to safety (LeDoux, 2014;
Disner et al., 2011).

We compare three conditions: calm (p = 0.05), stress (p = 1.0), and stress + awareness (p =
1.0, k = 0.6). Trajectories settle into qualitatively distinct attractors (Fig. 2). Final-step threat
activation is a}. = 0.07 (calm), 1.00 (stress), and 0.28 (stress + awareness): meta-awareness reduces
the high-attractor threat activation by approximately 72% even though the underlying physiology
and graph topology are unchanged. Final regulatory activation moves in parallel: safety drops to
a§ = 0.66 under stress and is restored to a§ = 0.96 once meta-awareness engages, confirming that
awareness reshapes the global fixed point rather than merely suppressing one node.

4.2 Saddle-node bifurcation in physiology

We sweep p over [0,1.6] and, for each p, find the fixed point reached from 60 random initial
conditions. The median fixed-point threat activation transitions sharply from = 0.05 at p = 0 to ~
1.0 at p > 1.0 (Fig. 3, left), confirming Theorem 2. The interquartile range broadens at intermediate
p, consistent with the predicted bistability: which attractor a trajectory reaches depends on its
initial position relative to the saddle.

4.3 Spectral contraction by meta-awareness

Across all p € [0,1.4] and x € [0,0.9] we computed p(Weg). The matrix is monotonically non-
increasing in k at every p tested (max, max, A,p = —1.3 x 1072 at p = 0.1, A.p < 0 everywhere;
Fig. 3, right). The relative reduction at p = 1 is 24% between x = 0 and x = 0.9. Theorem 3 is
confirmed.
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Figure 1: The APGT framework. Nodes are recognised entities; edges encode typed affective-
predictive expectations (red: excitatory / threat-linked; green: inhibitory / regulatory). Physiology
p(t) selectively amplifies fear-tagged edges (Eq. 2); the meta-awareness operator C'(m) contracts
incoming threat edges supported on the observed subgraph (Eq. 4).

4.4 Population-level effect on a 120-node ensemble

The canonical analysis is small enough to invite the worry that effects are bespoke to a particular
weight choice. To rule this out, we generated 60 independent synthetic affective-predictive graphs
with n = 120 nodes (20 threat, 25 regulatory, 75 context), drawn from a Watts—Strogatz small-
world backbone (Watts and Strogatz, 1998) with sign assignment governed by pool membership
(Methods, §6.3). For each seed, we ran calm, stress, and stress 4+ awareness conditions and recorded
the late-window mean threat-pool activation.

Across the ensemble (Fig. 4), late-window threat-pool activation was 0.023 +0.004 (calm), 0.144 +
0.297 (stress), and 0.064 +0.147 (aware, mean + s.d. across 60 seeds). The paired difference stress
— aware had mean 0.081 with bootstrap 95% CI [0.027, 0.144] and Wilcoxon signed-rank p < 10710
(n = 60). The variance under stress is substantially higher than under awareness or calm: stress
places different graphs at different positions relative to the bifurcation locus, consistent with the
formal prediction. Awareness reduces both mean and variance, restoring near-baseline behaviour
even under strongly elevated physiology.

4.5 Recovery from acute threat perturbation

We injected a transient threat pulse (all threat-pool nodes set to 0.85 at ¢ = 20) into each of 40
seeded 80-node graphs while physiology decayed exponentially from a stress level of 0.9. Time-
to-recovery was defined as the first time after the pulse at which mean threat-pool activation fell
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Figure 2: Three regimes of the canonical graph. Top: activation trajectories of the six nodes
under (a) calm, (b) stressed, and (c) stressed-plus-meta-aware conditions for the same initial cue.
Bottom: activation entropy H (t) separates the three regimes; meta-awareness (green) suppresses
the stress-induced entropy increase.

below 0.30. Median recovery was 13.5 steps with awareness vs. failure to recover within the 100-step
window without awareness (Fig. 4, right; Wilcoxon signed-rank p < 10~7). Without awareness,
100% of seeds remained above the recovery threshold; with awareness, 100% recovered.

4.6 Identifiability and topology robustness

As predicted by Theorem 4, the relative Frobenius reconstruction error decreased from 0.29 at
T = 50 to 0.20 at 7" = 2000 in the noisy case (o, = 0.005; Fig. 5, left). The plateau reflects bias
introduced by sigmoid saturation in our small-n instance and is expected to shrink with larger
n (Ljung, 1999). Topology robustness was verified by repeating the meta-awareness ablation on
small-world, scale-free (Barabdsi and Albert, 1999), and Erdés—Rényi graphs (n = 100, 30 seeds
per topology); the awareness effect was positive in every condition (Fig. 5, right), with the largest
effect on small-world graphs—the topology that best matches measured human cortical connectivity
(Bullmore and Sporns, 2009; Bassett and Sporns, 2017).
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Figure 3: Theorems 2 and 3 confirmed. Left: threat fixed-point activation across physiology
levels p, with 60 random initial conditions per p (dots) and the median (red line, IQR shaded).
The bifurcation locus is at p* ~ 0.6. Right: spectral radius p(Weg) of the effective coupling matrix
as a function of physiology p and awareness intensity x, showing strict monotone non-increase in k
at every p (Theorem 3).

5 Discussion

APGT specifies, formally and quantitatively, three claims that are typically asserted in qualitative
form: (a) the brain predicts over typed affective relations rather than over neutral propositions; (b)
bodily state acts as a parametric controller of the predictive machinery, not as a noisy observation
channel; (c) meta-awareness changes the next computation, not merely the post-hoc report. Each
claim is grounded in an existing literature; the contribution here is their integration into a single
computationally tractable dynamical system that admits proofs and falsifiable predictions.

Relation to predictive processing and active inference. APGT is a special case of a
discrete-time recurrent generative model (Friston, 2010; Friston et al., 2017), but with three dif-
ferences. First, the latent space is an explicitly typed affective graph rather than an unlabelled
hierarchy of generative levels. Second, physiology enters inside the model, parametrically modulat-
ing coupling weights (Eq. 2), rather than as an exteroceptive observation. Third, meta-awareness
is a closed-loop control law (Eq. 4) supported only on the currently observed subgraph, not a
higher generative level reading out the lower one (Kanai et al., 2015; Fleming and Dolan, 2012).
The resulting model is closer in spirit to the network-of-symptoms tradition in clinical psychology
(Borsboom, 2017; Robinaugh et al., 2020; Burger et al., 2023), but with explicit dynamics and
identifiable parameters.

Relation to allostasis and computational psychiatry. The physiology-as-controller con-
struct formalises the long-standing allostatic claim that bodily state continually re-tunes the brain’s
predictive machinery (Sterling, 2012; Stephan et al., 2016; Petzschner et al., 2021). Theorem 2 pro-
vides a candidate mechanism for the well-attested clinical observation that the same situation
produces qualitatively different reactions in different bodily states (Khalsa et al., 2018; Paulus
et al., 2019); the bifurcation locus p* supplies a measurable quantity that could in principle be
estimated per individual, yielding a personalised stress-reactivity threshold (Epskamp et al., 2018;
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Figure 4: Population-level effect of meta-awareness. Left: late-window threat-pool activation
across n = 60 seeded synthetic 120-node small-world graphs in the three conditions. Middle: boot-
strap distribution (5000 resamples) of the paired difference stress — aware; the entire distribution
lies above zero. Right: cumulative fraction of seeds that recover to threat <0.30 following an acute
threat pulse at ¢ = 20, with vs. without meta-awareness; awareness restores recovery in 100% of
seeds.

Wichers et al., 2016).

Relation to mindfulness and metacognition. The phenomenological literature has long ar-
gued that meta-awareness changes affective dynamics rather than merely describing them (Teasdale
et al., 2000; Farb et al., 2007; Holzel et al., 2011; Vago and Silbersweig, 2012; Lutz et al., 2015;
Dunne et al., 2019). Theorem 3 converts this into a precise quantitative prediction: the spectral
radius of the effective coupling matrix on the awareness-attended subgraph strictly decreases with
awareness intensity. Remark 3 clarifies why this contraction does not always reduce the local Jaco-
bian spectral radius—a subtlety the qualitative literature has not addressed. The model thus gives
an account of a specific mechanism (contracting incoming excitatory edges to attended threat nodes)
that is compatible with the cognitive-control literature on emotion regulation (Ochsner et al., 2012;
Gross, 2015) but is sharper and parametrically testable.

Relation to network and dynamical neuroscience. The mathematical core of APGT—
sigmoidal recurrence on a typed weighted graph with state-dependent coupling—inherits from a
long tradition in neural network dynamics (Tsodyks and Markram, 1997; Sussillo and Abbott,
2009; Churchland et al., 2012; Mante et al., 2013; Vyas et al., 2020; Deco et al., 2013; Breakspear,
2017). What is novel is the typed affective interpretation of the weight structure, the parametric
physiological controller, and the proof that a partial self-observation operator can act as a closed-
loop control reducing the spectral radius. The coupling between cognition and physiology has been
increasingly emphasised as central to large-scale brain modelling (Kringelbach et al., 2020; Koban
et al., 2021); APGT supplies a mechanistically explicit, identifiable instantiation of that coupling.

Falsifiable predictions. The model yields three predictions testable with currently available
methods.

e P1. Combining 14-day ecological momentary assessment of self-reported affect with continuous
wearable physiology should reveal individual-specific bifurcation thresholds p*, with p* predicting
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Figure 5: Identifiability and robustness. Left: relative Frobenius reconstruction error of Weg
from a single trajectory of length T' (semi-log axis). Right: paired effect (stress — aware) across 30
random seeds on each of three random graph families.

laboratory-measured emotional reactivity to standardised stressors better than baseline negative
affect alone (cf. Kuppens et al. 2010; Trull and Ebner-Priemer 2015; Wichers et al. 2016; Olthof
et al. 2020).

e P2. Mindfulness-based interventions should reduce the estimated spectral radius of the late-
window effective coupling on the threat-related subgraph, even when self-reported affect changes
only modestly. The effect should be larger on incoming excitatory weights to threat-related EMA
items than on outgoing weights from regulatory items (Theorem 3 and Eq. 4).

e P3. Recovery time from an acute laboratory stressor should be shorter, and recovery success
rate higher, in trained meditators than in matched controls, with the effect mediated by trial-by-
trial measures of meta-awareness rather than by trait mindfulness scales (cf. Goldin and Gross
2010; Tang et al. 2015; Lutz et al. 2015).

Limitations. The current implementation has four scope restrictions worth flagging. First, edge
weights are drawn rather than learned; Eq. 1 can be augmented with a Hebbian or error-driven
learning rule (sketched in Methods, §6.6) to model habit formation and therapeutic restructuring.
Second, single-channel affect is a strong simplification: the multi-channel extension replaces Wy
with a tensor WO(C) where ¢ ranges over fear, attraction, trust, urgency, and shame. Third, the
canonical six-node graph is illustrative; the 120-node experiments demonstrate that effects survive
scale and topology, but a fit to real data is the obvious next step. Fourth, the model is deterministic
up to additive process noise; full inference under a stochastic forward model is straightforward in
principle but was not pursued here.

Conclusion. The mind, in APGT, is not merely predictive: it is a predictive graph whose ef-
fective dynamics are shaped by physiology and that can partially observe and regulate itself. The
framework integrates three normally disjoint literatures into a single computational picture, gives
proofs in place of metaphors, and reduces to concrete and falsifiable predictions about the joint
structure of affect, body, and awareness.
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6 Methods

6.1 Numerical simulation

All simulations were run in Python 3.10 using NumPy 1.26 (Harris et al., 2020), SciPy 1.15 (Vir-
tanen et al., 2020), and NetworkX 3.4 (Hagberg et al., 2008). The integration step was the explicit
Euler-Maruyama scheme; for the noiseless dynamics this reduces to the iterated map of Eq. 1.
Random seeds, initial conditions, and parameter values are listed per experiment in Supplementary
Table S2 and in the simulation driver simulations.py.

6.2 Canonical six-node graph

Nodes: {Boss, Meeting, Mistake, Threat, Safety, Support}. Non-zero edges (in the [to, from| con-

vention of Definition 1): Wy[Meeting, Boss] = 1.4, Wy[Mistake, Meeting] = 1.2, Wy[Threat, Mistake] =

1.5, Wy[Threat, Threat] = 0.9, Wy[Threat, Safety] = —1.0, Wy[Threat, Support] = —0.8, Wy[Safety, Support] =
Wo[Support, Safety] = 0.4, Wy[Safety, Threat] = Wy[Support, Threat] = —0.7. Biasb = (1.0,0,0,—0.5,0.6,0.6).
The fear-mask F contains {Meeting—Mistake, Mistake—Threat, Threat—Threat}. Logistic slope

g = 4. Modulation scale oo = 0.6.

6.3 Synthetic 120-node ensemble

For each of 60 random seeds we generated a Watts—Strogatz small-world graph with n = 120,
k = 6, rewiring probability 0.1 (Watts and Strogatz, 1998). The first 20 nodes were assigned to
the threat pool, the next 25 to the regulatory pool, and the remaining 75 to the context pool.
For each undirected edge {i,j} we sampled a directed weight in each direction conditional on pool
membership, with positive ranges in [0.20, 0.55] and negative ranges in [0.15,0.55] (full distribution
in code, apgt.synthetic_affective _graph). Bias b = —0.4 on context nodes, 0.5 on regulatory,
—0.95 on threat; one context node received an exogenous cue of 0.8. Process noise o, = 0.02 per
step. Each condition was run for 7' = 60 steps; reported metrics are means over ¢t > T/2.

6.4 Statistical analysis

Group comparisons used the two-sided Wilcoxon signed-rank test (Wilcoxon, 1945). Confidence
intervals on paired effects used the percentile bootstrap with 5,000 resamples (Efron, 1979). Re-
ported p-values are uncorrected; given the small number of pre-registered comparisons (one per
theorem), correction does not change the qualitative conclusions.

6.5 Code and data availability

The complete simulation suite (apgt . py, simulations.py, figures.py) and raw output (results/*.npz,
results/summary. json) are released alongside this manuscript.

6.6 Learning extension
The fixed coupling assumption can be relaxed by introducing a learning equation

Wo(t +1) = Wo(t) + nA(a(t), ot), p(t), m(t)), (6)

12



with A specialising to Hebbian, prediction-error-driven, or hybrid rules. Habit formation, thera-
peutic restructuring, and adaptive avoidance are then natural targets of analysis. We do not pursue
this extension here, but Eq. 6 is consistent with all four theorems above provided the learning rate
7 is sufficiently small relative to the dynamics’ relaxation time (Khalil, 2002, Ch. 9).
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Supplementary materials
S1 Full proofs

Proof of Theorem 1. Let F(a) = o(Wega + b). Each component of ¢ maps R to (0,1), so F
maps Q = [0,1]" to Q C Q. F is continuous (composition of continuous maps), and Q is convex
and compact, so by Brouwer’s theorem F' admits at least one fixed point. For (ii), note that o is
differentiable with derivative bounded by L, = g/4. By the mean value theorem, ||F'(a)—F(a’)||2 <
Ly||Wegt(a — a)||2 < Ly||Weg||2]]a — a’[|2. If the constant L,||[Weg|l2 < 1, F is a strict contraction
on the complete metric space (2, || - ||2), and by Banach’s theorem the fixed point is unique and
attained at geometric rate. O

Proof of Theorem 2 (full). We project the dynamics onto the slow manifold defined by the threat
node. Under the canonical edge structure (§6.2), the equilibrium condition for the threat node arp
at fixed regulatory state ap is ar = o(c(p)+w(p)ar+r(ar)—0r), where ¢(p) = (1.5+0.9p) a}; is
the rumination drive (with a}; ~ 1 in the saturated regime), w(p) = 0.9 4+ 0.54p is the physiology-
amplified self-coupling, r(ar) = —1.0a}§ — 0.8 af; is the regulatory drag, and 67 = 0.5 is the threat
threshold. Setting f,(ar) = o(c(p) +w(p)ar +r —O7) — ar, the fixed-point condition is f,(ar) = 0.
The function f, is smooth in both a7 and p. At p = 0, fy has a single transverse zero in (0, 1)
(verified numerically: a% ~ 0.07, f)(a}) < 0); at p > 1, the slope w(p) exceeds 4/g = 1, so f, has
three transverse zeros (low, saddle, high). By the implicit function theorem, the family of zeros
varies smoothly with p except at the saddle-node bifurcation point p* € (0,1) where two zeros
collide. The standard normal form of the saddle-node bifurcation (Kuznetsov, 2004, §3.1) obtains.
Empirical confirmation in Fig. 3 (left): the median fixed point traces the upper branch. O

Proof of Theorem 3 (full). Let Weg (k) = Wo+sMp(p)—~kP where Pli, j] = 1[i € mNT| 1[Wyli, 5] >
0] Woli, 7] > 0. Then W(r) = W4(0) — £(P + P"). The matrix @ := 3(P + P') is symmetric and
positive semidefinite: it is the symmetrisation of a non-negative matrix, so x' Qx = %Zu j(PZ-]- +
Pji)x;xzj > 0 whenever x > 0, and continuity plus the support structure of P gives the result on all
of R™ (alternatively, @@ has non-negative spectrum because P is a row-restricted scaling of a non-
negative matrix, see Horn and Johnson 1985, Ch. 8). By the Courant—Fischer min-max theorem,
Amax(Ws(K)) = max)x|=1 [x"W,(0)x — kx'@x]. For each fixed unit x the bracketed quantity is
non-increasing in x (because x' Qx > 0); the pointwise maximum of a family of non-increasing
functions is itself non-increasing. Strict decrease occurs whenever the maximiser at k = 0 has
x'@Qx > 0, which holds whenever the maximiser has support intersecting the attended threat
indices.
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On the spectral radius. The spectral-radius statement is empirically observed but not implied by
the symmetric-part contraction in general; see Remark 1. A worked counter-example (with non-
symmetric W and PSD P) shows that p(W — xP) need not be monotone in x in the absence
of structural conditions on W. The canonical six-node APGT graph satisfies these conditions
empirically; identifying the minimal sufficient algebraic condition is open. O

Proof of Theorem 4 (full). Let z(t + 1) = o (a(t + 1)) (component-wise; well-defined because
a(t+1) € (0,1)" a.s.). Then z(t + 1) = Wega(t) + b(t), and the OLS estimator solves the linear
regression minw Y, |z(t + 1) — b(t) — Wa(t)||3. Persistent excitation gives 7713, a(t)a(t)’ —
E[aa'] = 0 a.s. as T — o0, so the design matrix has full column rank in the limit and the estimator
is consistent (Ljung, 1999). In the noisy case with i.i.d. observation noise of variance 2, the residual
decomposition gives E||Weg — Weg |2 < 02n? Tr(E[aa’]~") T, and the relative Frobenius error
is O(T~1/?) by Jensen. O

S2 Sensitivity analyses

The qualitative theorems are robust to substantial perturbations of the canonical parameters.
Specifically, varying the logistic gain g € [2, 8], the physiology scale o € [0.3,0.9], and the aware-
ness threshold ¢ € [0.15,0.40] leaves the bifurcation structure intact and the spectral contraction
property unchanged in sign (raw data in results/). The location of the bifurcation p* shifts
approximately linearly with a.

S3 Glossary of symbols

Symbol Meaning

n number of graph nodes

a(t) € (0,1)" activation vector

Wy € R™*" baseline signed coupling, Wyli, j] = edge j — i
M,(p) physiological modulation matrix at stress p
O(a) observation operator (binary mask)

C(m) meta-awareness control operator
o(z)=1/(1+e9%) component-wise logistic; L, = g/4

b € R” per-node bias

W (t) effective coupling at time ¢

H(a) Shannon entropy of normalised activation
p(M) spectral radius of M

p* physiology bifurcation point

K meta-awareness intensity

0 awareness salience threshold
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