A Finite Markov Chain Study for Validating Dynamic
Symmetry Theory 2.1

Abstract

Dynamic Symmetry Theory 2.1 presents a general framework in which adaptive performance
depends on the joint configuration of order and disorder rather than on either tendency alone.
To advance that framework, the next step is not a further broadening of concepts but a
tractable study that tests several of its empirical and mathematical commitments at once. This
paper proposes such a study in the setting of finite irreducible aperiodic Markov chains, where
order, disorder, dynamic symmetry, and performance can all be defined explicitly.

The proposed study addresses four evidence needs simultaneously. First, it tests whether there
exists an interior balance region in the order-disorder plane on which a task-relevant
performance functional is maximised. Second, it tests whether a Dynamic Symmetry Index
defined as distance to that region predicts performance better than order or disorder alone.
Third, it provides a controlled environment for examining how DSI behaves under temporal
rescaling and state-space coarse-graining. Fourth, it makes calibration, identifiability, and
invariance empirically inspectable rather than merely formal desiderata.

The central claim of this paper is therefore methodological. A finite-Markov-chain study is the
cleanest starting point for serious DST validation because it is rich enough to exhibit nontrivial
order-disorder structure, yet controlled enough to allow direct computation of transition laws,
entropy rates, mutual information, spectral quantities, perturbation responses, and
aggregation effects. If DST cannot show evidence of balance-manifold structure and predictive
value even in this setting, its broader empirical ambitions remain premature.

1. Introduction

Dynamic Symmetry Theory is motivated by the idea that many adaptive systems function best
neither under maximal rigidity nor under maximal randomness, but in regimes where
stabilising and exploratory tendencies remain productively coupled. The challenge is to turn
that intuition into a framework that can be evaluated against data and against competing
indicators. A general theory requires a tractable proving ground in which the central objects of
the theory can be made explicit.

Finite Markov chains provide that proving ground. They are simple enough to allow exact or
near-exact computation of order and disorder functionals, yet flexible enough to support
nontrivial geometry in the order-disorder plane, multiscale aggregation, and transition-linked
behaviour. They also connect directly to the example class already identified within the DST
framework itself, making them a natural first target rather than an arbitrary choice.

This paper sets out a single, concrete study design that aims to validate multiple parts of DST
2.1 at once. It does not attempt a general proof of the theory, nor does it claim that Markov



chains are representative of all adaptive systems. Its more modest goal is to show how one can
move from broad theoretical architecture to a sharp empirical-mathematical test with clearly
defined objects, estimands, comparison metrics, and success criteria.

The proposed study is centred on a parameterised family of finite irreducible aperiodic chains
whose transition laws interpolate between highly regular and highly stochastic regimes. For
each chain in the family, the study computes a disorder functional given by normalised
entropy rate and an order functional given by normalised one-step mutual information, the
same pairing proposed in the DST Markov example. It then evaluates whether a task-relevant
performance functional, chosen here as recovery speed after perturbation and proxied by
spectral or hitting-time quantities, is maximised on an interior subset of the order-disorder
plane.

If such a subset exists, a DSI can be defined as distance to it, and the next question becomes
predictive. Does this manifold-based DSI explain or forecast performance better than order
alone, disorder alone, or standard one-dimensional summaries? The answer to that question
matters because DST only adds substantive value if the geometry of the joint configuration
carries information that the marginals do not.

2. Study rationale

The logic of the study follows directly from the structure of DST. In the strengthened
framework, order and disorder are distinct normalised functionals defined on the same
evolving system, dynamic symmetry is proximity to a balance manifold in the order-disorder
plane, and DSI is a decreasing transform of distance to that manifold. A valid first study should
therefore test those elements together rather than in isolation.

A useful validation design must meet at least four criteria. It must specify a system class with
exact dynamics, choose defensible order and disorder functionals, identify a measurable
performance criterion, and compare DSI against simpler alternatives under out-of-sample
evaluation. Markov chains are well suited to all four demands.

The study also benefits from a deeper methodological advantage. In highly complex empirical
domains, a negative result is often uninterpretable: failure may reflect poor measurement,
hidden confounding, inappropriate normalisation, or weak sampling rather than a defect in the
theory. By contrast, in a parameterised family of finite chains, the quantities of interest are
directly computable from the transition structure itself, so the source of success or failure is
more legible.

3. System class

The study considers a two-parameter family of finite irreducible aperiodic Markov chains on a
ring or modular state space. The purpose of the family is to generate a controlled interpolation
between strongly directional, highly predictable dynamics and diffuse, highly stochastic
dynamics. This creates a broad but manageable range of order-disorder configurations within
one mathematically coherent class.

One convenient construction is a ring of n states with two control parameters: a directionality
parameter and a noise parameter. In the low-noise regime, the chain behaves like a near-



deterministic cycle or strongly structured walk. In the high-noise regime, it approaches a near-
random walk or diffuse jump process. Intermediate settings allow both persistence and
uncertainty to be appreciable, which is precisely the region of interest for DST.

A second useful construction is a modular chain with strong intra-cluster transitions and
weaker but tunable inter-cluster transitions. This variant is especially valuable because it
makes coarse-graining natural: clusters can be aggregated into macrostates without imposing
an artificial partition after the fact. For the core study, either family is admissible, but the
modular version is preferable if aggregation and multiscale claims are to be examined from the
start.

Let Py denote the transition matrix at parameter value 8, with 6 ranging over a compact
parameter set. The family should be chosen so that every Py is irreducible and aperiodic,
ensuring existence of a unique stationary distribution 7y and stable definitions of entropy rate,
mutual information, and spectral quantities.

4. Order, disorder, and dynamic symmetry

The order and disorder functionals are taken directly from the Markov-chain architecture
already proposed within DST. Disorder is defined as normalised entropy rate:
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This pairing is well suited to the DST hypothesis. Entropy rate measures transition uncertainty
and therefore captures one canonical sense of disorder. Mutual information measures step-to-
step dependence and therefore captures one canonical sense of order. The two are related but
not identical, which is important because DST does not require strict complementarity
between order and disorder.

For each 6, the system is represented by a point

I'(9) = (O(Py), D(Py)) € [0,1]%



The study then asks whether there exists a subset M* C [0, 1]? on or near which a declared
performance functional is maximised. If such a subset is empirically identified, a DSI can be
constructed as

DSI(0) = (dist(T'(9), M ™)),

for a chosen metric and a monotone decreasing map ¢.

5. Performance functional

The crucial DST claim is not merely geometric but functional. Dynamic symmetry matters only
if nearness to the balance region is linked to something the system does well. The study
therefore requires a task-relevant performance criterion defined on the same chain family.

The cleanest primary choice is recovery speed after perturbation. For finite chains, this can be
operationalised in two related ways: by spectral gap or by expected return time after
displacement from a designated viable region. The spectral gap is especially attractive because
it is directly computable from Py and acts as a classical proxy for relaxation speed. The return-
time formulation is also valuable because it aligns more intuitively with DST’s language of
recovery to a viable band after disturbance.

The study should therefore define a primary performance functional ®(Pj) as spectral gap and
a secondary functional ¥(Py) as perturbation-recovery time estimated by simulation. Using
both reduces the risk that apparent support for DST is an artefact of one proxy alone. If the
high-performance region in the order-disorder plane is similar under both criteria, the
evidence becomes more persuasive.

6. Core hypotheses
The study is designed to test a small set of explicit hypotheses, each tied to an evidence need
already highlighted in DST and DSI.

6.1 Balance-manifold hypothesis

There exists an interior subset M* C (0, 1)% such that ®(Ps) is maximised on or near M*,
rather than at maximal order or maximal disorder.

6.2 Joint-information hypothesis

A DSI defined as distance to M * predicts ®(Py) better out of sample than models using O(Fy)
alone or D(P;) alone.

6.3 Temporal-rescaling hypothesis

When the chain is observed at k-step intervals, so that Py is replaced by PF, the location and
shape of the high-performance region may shift, but the existence of an interior balance
structure remains robust over a range of k.



6.4 Coarse-graining hypothesis

Under exact or approximate aggregation of states into macrostates, the induced order-disorder
geometry and DSI display bounded distortion rather than arbitrary collapse.

These hypotheses are deliberately stronger than descriptive restatements but weaker than full
universality claims. They are appropriate for a first validation study because they test the core
architecture without demanding that one model family stand in for all complex systems.

7. Study design

7.1 Parameter grid

Choose a dense grid of parameter values 0 spanning the low-noise, intermediate, and high-
noise regimes of the chain family. The grid should be fine enough that the induced point cloud
in the order-disorder plane resolves curvature rather than merely suggesting a rough trend. For
each parameter value, compute Py, its stationary distribution, entropy rate, mutual
information, spectral gap, and perturbation-recovery statistics.

7.2 Identification of the balance region

The first empirical task is geometric. Plot ®(Py) over the induced order-disorder point cloud
and identify whether high values of ® align with an interior ridge, curve, or compact region.
This can be done by selecting the top quantile of ® values and fitting a smooth manifold
candidate, such as a spline curve or thin-band region, through those points.

The aim is not to force the data into a preconceived line of perfect balance. On the contrary,
DST gains credibility if the balance region is allowed to be curved, asymmetric, or thick rather
than assumed to be the line O = D. The fitted object M * should therefore be evaluated by
geometric stability across bootstrap resamples and modest changes in smoothing assumptions.

7.3 Construction of DSI

Once M* has been identified on a training set, define DSI on held-out data as a decreasing
transform of distance to that set. The simplest version is

DSI(0) = exp{—pBdist(I'(8), M ™)},
with fixed 8 > 0. More elaborate transforms can be considered later, but a simple monotone

mapping is preferable for the first study because it keeps the geometry transparent.

7.4 Predictive comparison

The key comparative question is whether DSI improves prediction of ®. This is tested by fitting
and comparing the following out-of-sample models:

e & ~ f(O), using order alone.

e & ~ g(D), using disorder alone.



e & ~ h(DSI), using dynamic symmetry alone.
* &~ ¢(O, D), using the raw pair.
e &~ r(0O, D, DSI), testing whether DSI adds predictive value beyond the raw pair.

Cross-validated mean-squared error or another appropriate out-of-sample loss should be the
main comparison criterion. A convincing result would show that manifold-based DSI performs
better than order-only and disorder-only models and either competes strongly with or
improves upon direct two-variable regression on (O, D).

8. Coarse-graining and temporal rescaling

One reason this study is especially valuable is that it can examine more than one DST problem
in the same model family. After the core analysis, the same chains can be transformed in two
controlled ways.

First, temporal rescaling is implemented by replacing Py with Pok for several values of k.
Recomputing O, D, ®, and DSI at these timescales tests whether the balance geometry is a
fragile artefact of one-step observation or a more robust feature of the family.

Second, coarse-graining is implemented by aggregating states into blocks or modules and
constructing induced macrostate chains where this is exact or approximately valid. The study
can then compare the fine-scale and coarse-scale order-disorder planes, balance manifolds,
and predictive results. This directly addresses the DST claim that aggregation should be
analysed in terms of distortion rather than naive invariance.

These two extensions make the study disproportionately valuable relative to its size. A single
model family can therefore provide first evidence concerning balance geometry, predictive
value, temporal scaling, and aggregation behaviour.

9. Calibration, identifiability, and invariance

The study also creates a practical setting for questions that the theory explicitly raises about
estimation. Because the raw transition laws are known, one can examine how different
normalisation choices for entropy rate and mutual information affect the shape of the order-
disorder cloud and the fitted manifold. One can also ask whether different manifold
parameterisations generate effectively indistinguishable DSI values and predictive
relationships, which is the empirical face of the identifiability problem.

A useful design feature is therefore to include a small model-comparison layer. Fit at least three
manifold families to the high-performance region: a line, a low-degree polynomial curve, and a
spline or band representation. If all three yield similar DSI rankings and similar predictive
performance, that suggests a meaningful invariance class. If they yield sharply different
conclusions, then the apparent support for DSI is fragile and the identifiability problem is
severe.

This matters because a theory that wins only under one highly specific geometric fit has
limited credibility. By contrast, a result that survives reasonable choices of normalisation,
distance metric, and manifold representation would provide much stronger support for the
claim that dynamic symmetry is a real structural feature of the model family.



10. Success criteria

A strong positive outcome would have five main features.

First, the geometry of performance in the order-disorder plane would be nontrivial. High
values of @ would lie on an interior ridge, curve, or compact region rather than accumulating
at maximal order or maximal disorder. This would support the claim that adaptive
performance is organised by balance rather than by one extreme tendency.

Second, manifold-based DSI would have predictive value. A DSI defined from distance to the
fitted balance region would predict ® better out of sample than models using order alone or
disorder alone. This would show that the joint geometry of the two functionals carries
information that the marginals do not capture by themselves.

Third, the result would be robust. The location of the high-performance region and the
comparative usefulness of DSI would persist under modest changes in normalisation, metric
choice, and manifold fitting procedure. This would directly address the concerns about
identifiability and invariance that the theory itself raises.

Fourth, the interior balance structure would remain visible under temporal rescaling. If
similar geometry continues to appear when one passes from P to ng for several values of k,
that would suggest that the observed dynamic symmetry is not a one-step artefact of the
chosen sampling interval.

Fifth, coarse-grained versions of the model would retain recognisable balance structure with
bounded distortion. The relevant requirement is not exact invariance under aggregation, but
evidence that multiscale transformation preserves enough of the order-disorder geometry to
keep the theory meaningful above the finest level.

A negative outcome would also be informative. If performance is always maximised at one
extreme, or if DSI never outperforms one-dimensional baselines, then at least for this system
class the dynamic-symmetry hypothesis lacks support. That would not refute DST universally,
but it would narrow its plausible domain and force a more careful articulation of where the
theory should and should not apply.

11. Why this study matters

This study matters because it strikes the right balance between tractability and ambition. It
does not overreach into universal claims, but neither does it retreat to a merely illustrative
example. It asks whether the central DST idea can survive direct computation, model
comparison, and perturbation analysis in a classical stochastic setting where the relevant
quantities are transparent.

It also clarifies what it would mean for DST to make progress. Progress is not simply the
production of a more elegant formula or a more expansive rhetoric of the edge of chaos.
Progress is the identification of a system class in which order and disorder can be defined
rigorously, a performance criterion can be declared independently, a balance region can be
located empirically, and a DSI tied to that region can demonstrate predictive and structural
value.



A finite-Markov-chain study is therefore not peripheral to the future of DST. It is the most
reasonable first place to ask whether the framework can bear empirical and mathematical
weight. If it succeeds, the path opens toward broader classes such as network dynamics,
switching systems, and empirically estimated stochastic processes. If it fails, the lesson is
equally valuable: the theory must be revised before being asked to govern richer domains.

12. Conclusion

A finite-Markov-chain study provides a concrete and tractable way to test several of DST 2.1’s
central commitments at once. It allows order and disorder to be defined by explicit functionals,
dynamic symmetry to be represented geometrically, DSI to be tied to a fitted balance region,
and predictive comparison to be carried out against simpler baselines.

More importantly, it gives the theory a proper first proving ground. The study proposed here is
deliberately narrow in scope but wide in payoff: balance-manifold evidence, DSI comparison,
temporal rescaling, coarse-graining, and calibration robustness can all be examined inside one
coherent model family. That is exactly the kind of integrated evidence DST now needs.

If Dynamic Symmetry Theory is to become a serious account of adaptability and regime
change, it must show that its core geometry is visible, useful, and robust in at least one well-
controlled class of systems. Finite Markov chains are the natural place to begin.



