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Abstract

As active and physical-learning systems acquire sensing, memory, communication, internal regulation,
and learning, richer microscopic architectures increasingly produce different macroscopic behavior. The
central inferential problem is not whether such mechanisms can change collective dynamics, but what level
of claim the evidence supports. We formulate a cumulative evidential ladder for claims of a new useful
collective capability: (I) microscopic mechanism availability; (II) a causal collective dynamical effect under
matched intervention; (III) response-class expansion relative to an adversarially optimized lower architecture
under a hard capability budget; (IV) positive task-specific value after explicit cost accounting; and (V)
collective irreducibility relative to a stated family of reducible alternatives. The evidence types are
heterogeneous—interventional, set-theoretic, decision-theoretic, and causal—but the composite claim
becomes stronger as criteria accumulate. We operationalize the framework through a reducibility audit
combining expressive null models, matched resources, information-preserving shuffles, explicit reductions,
held-out evaluation, and stopping rules. A Vicsek-type calibration shows that verdicts depend on the reducer
family: local alignment sustains O(1) polarization while a matched independent-persistent null decays
approximately as NA-0.46, yet a global-broadcast reducer also sustains O(1) polarization and therefore closes
any stronger locality-specific irreducibility claim for that observable. Two worked audit examples then show
why stronger claims can be reduced, downgraded, or remain unresolved. A state-matched anticipation assay
reduces, under its stated low-dimensional predictive objective, to a single-controller problem. An
interaction-only mechanical stiffness-reallocation gate is highly topology-sensitive: across 24 held-out
network realizations the pre-specified mean comparison is statistically inconclusive, and a post-hoc ratio
sensitivity check can reverse the nominal sign without yielding a stable network-level advantage. We
position the framework as a domain-specific synthesis of null-model reasoning, functional reducibility,
causal-emergence ideas, and active/physical-learning methodology rather than as a universal theory or
certificate of emergence.

Keywords: active matter; physical learning; collective capability; reducibility; null models; causal
irreducibility; model comparison; adaptive matter

1. Introduction

Nonequilibrium statistical physics has long shown that simple local interactions can generate macroscopic
order, transport, stresses, waves, and phase behavior that are naturally described at a scale above individual
units. Active matter extends this program by allowing microscopic constituents to consume energy and
generate sustained motion, producing collective states unavailable to passive equilibrium descriptions [1].
Recent work pushes the same logic toward increasingly capable units: active particles may carry internal
state spaces [4], exchange or learn policies [5], integrate collision histories [6], perform measurements that
alter many-body phases [7], or be embedded in programmable and learning materials [8-13]. Dauchot has
summarized this frontier as a trajectory from active to odd to smart matter, emphasizing the shift from
spontaneous organization toward task-driven functionality [2].
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This expansion creates a methodological difficulty. Suppose a richer microscopic model displays a new
pattern, faster recovery, improved robustness, anticipatory preparation, or superior task performance. What
has actually been established? The added mechanism may have changed the dynamics. But the same
response may still be reachable by a sufficiently expressive lower-class model. A new response may also be
costly once sensing, communication, reconfiguration, and actuation are accounted for. Even a useful many-
particle response may be reducible to a single predictor, independently adapting units, independently
adapting bonds, or a low-dimensional centralized representation.

The problem is not unique to active matter. Causal-emergence work asks whether macro-level
descriptions can possess stronger intervention-based causal efficacy than micro-level descriptions [14]. Null-
model methodology distinguishes evidence that a process is causally necessary from mere comparison with a
baseline [15]. Recent work on higher-order networks similarly asks when a richer interaction representation
is dynamically reducible to a simpler one [16]. These traditions share a concern with necessity, explanatory
level, and reduction, but they are not normally formulated as an explicit evidential ladder for microscopic-
capability claims in active and physical-learning systems.

Here we develop such a domain-specific synthesis. For the specific composite claim that a richer
microscopic architecture creates a new, useful, irreducibly collective capability, we organize the evidential
burden into five cumulative criteria: a microscopic mechanism must be present; it must causally alter
collective dynamics; the resulting response must remain outside the reachable set of an adversarially
optimized lower class; at least one such expanded response must have positive task-specific value after
explicit cost accounting; and that valuable capability must resist the strongest justified reductions. The
underlying evidence is heterogeneous in kind, so “higher” here means that more criteria have been satisfied,
not that all questions lie on a single homogeneous scale.

We calibrate the audit against nested reducer families. A standard local-alignment flocking model first
shows that collective polar order survives finite-size increase while a matched independent-persistent null
decays toward zero. Adding a global-broadcast reducer then shows that polarization itself is not specific to
local interaction: the broader reducer reproduces O(1) order. Two worked audit examples demonstrate
further claim downgrade or non-establishment. The first begins with a state-matched anticipatory particle
assay and shows that its headline signal can be reduced to a one-controller prediction problem under the
stated low-dimensional sufficient statistic. The second forces both sensing and actuation through a
mechanical network, but after symmetric adversarial optimization and testing across independent network
disorder, the data fail to establish a stable expected advantage for the train-selected distributed rule over a
local bond-wise reducer.

2. An Architectural Scaffold for Increasingly Capable Units

The following hierarchy is a bookkeeping scaffold, not a novelty claim and not an ordering of collective
performance. Related ladders and taxonomies already occur in intelligent-active-particle, smart-matter, and
physical-learning literatures [2,3,8].

2.1 Passive interacting units
MO: x; = M(EJ Fij + Fiext) + Ei

The passive class contains externally expressed physical degrees of freedom, interaction forces, noise,
and external driving. It can already support macroscopic density, stress, pressure, flow, and disturbance
propagation. The point is simply that local interaction can produce useful macroscopic variables without
internal information processing.

2.2 Active fixed-law units

Mi: Xi = MEJFIJ + Vopi + Ei
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The active class adds sustained microscopic energy transduction. In an active-Brownian realization, the
propulsion direction itself diffuses rotationally. This expands mechanism availability, but it does not imply a
universal performance ordering between passive and active models [1].

2.3 Regulated / history-erasing units
M2: 8 = G(s;,EiN;;©y), v = A(s;,E;,Ni;©p)

Regulated units may contain nonlinear feedback, sensing, transient integration, delay, and finite memory
while retaining a fixed response architecture. The term history-erasing is operational: under a specified
washout intervention, histories that differ before the washout converge to the same effective state for the
subsequent probe.

2.4 History-bearing units
M3: H; = K(H;,s,E.Np), v = A(s, H,E.Ny)

A retained state remains causally available after the washout used to equalize faster states. This
distinction is not coordinate-invariant: the variables can always be combined into a larger state vector. It is
therefore an experimental architecture constraint, not an ontological partition of dynamical systems. The
existence of a history variable is also not itself called adaptation. Functional adaptation is a task- and
environment-dependent verdict.

Richer units need not imply stronger collective evidence
Collective |
irreducibility ® ® ‘ b
- Functional
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Figure 1. Architecture and evidence are distinct axes. Moving from passive to history-bearing units increases microscopic
mechanism availability. It does not determine whether the resulting macroscopic effect is merely different, expands a response
class, improves function, or is irreducibly collective.

3. A Cumulative Evidential Ladder for New Collective-Capability Claims

Level | — Microscopic mechanism availability

A new microscopic degree of freedom, energy source, state variable, controller, memory channel, or
communication rule has been introduced. This is the architectural prerequisite. It establishes no macroscopic
effect by itself.
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Level Il — Collective dynamical difference

Under a matched intervention in which non-target resources are held fixed, enabling the candidate
mechanism causally changes at least one collective observable Y. This criterion is stronger than observing
different parameterizations: it asks whether the mechanism itself is responsible for the dynamical difference.

Level Ill — Collective response-class expansion

Define Rk as the set of collective responses reachable by lower architecture Mk within a hard capability
budget: permitted sensors, actuators, interaction range, observation time, and other non-costed physical
constraints are fixed, but resource use inside that domain is not yet penalized in the objective. A Level-III
claim requires a response Y* reached by Mk,, that has not been reached by the adversarially optimized
lower-class family Rk under the tested search. This is a set-theoretic reachability statement, not yet a
statement that Y* is useful. Like Level V, Level III is defeasible: finite search cannot prove that Y* lies
outside every conceivable lower-class realization, so response-class expansion must always be stated relative
to an explicit tested lower family, parameter domain, and optimization procedure.

Level IV — Task-specific functional value

For the composite claim considered here, Level IV requires that at least one Level-III expanded response
also has positive task-specific value. Resource use that was treated as a hard admissibility constraint at Level
III is now explicitly costed or exposed on a Pareto front—for example energy, sensing, communication,
reconfiguration work, or time. A useful mechanism that merely makes an already reachable response cheaper
may still be scientifically important, but it is an efficiency claim rather than evidence for a new collective
capability in this ladder.

Level V — Collective irreducibility

The strongest claim additionally requires failure of the strongest justified reducible alternatives for the
same valuable expanded response: single estimators, independent agents, independent interacting elements
such as bonds, mean-field models, or low-dimensional centralized summaries. Irreducibility is never asserted
simpliciter. It is always relative to an explicit tested reducible family F, resource budget, and intervention
set. A finite audit can falsify an irreducibility claim but cannot prove universal inaccessibility to every
conceivable reducer.

AC>0 » I'>0 » Airr>0

Here AC denotes a response-class gap relative to the tested lower family, I" a task-specific functional gap,
and Airr an irreducibility gap relative to the tested reducible family F. For the cumulative composite claim,
satisfying Level V presupposes the earlier criteria by definition. The underlying evidence types nevertheless
differ: Level II is interventional, Level III set-theoretic and defeasible under finite model search, Level IV
decision-theoretic, and Level V causal/reductive and likewise relative to an explicit reducer family. The
ladder therefore orders evidential burden for one target claim; it does not assert that all collective phenomena
can be ranked on a single scalar axis.

4. Relation to Existing Frameworks

4.1 Active, informational, and smart matter

The architectural progression is intentionally non-novel. Intelligent-active-particle work already discusses
increasingly capable active agents [3]; thermodynamically consistent active matter with complex internal
states is available [4]; decentralized learning has been given a kinetic theory [5]; collision-history memory
can drive population-level phase transitions in physical swarms [6]; and measurement/information-
processing rules can themselves generate collective phase behavior [7]. Anticipatory active-matter
formalisms additionally treat agents whose present motion depends on prospective states [17]. The present
contribution is therefore not another component in this ladder.
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4.2 Physical learning and mechanical memory

Material memory is a mature topic spanning hysteresis, return-point memory, training, aging, and cyclic
protocols [9]. Physical-learning research goes further by allowing local material parameters to change
through experience-dependent rules [8]. Directed aging can train mechanical networks [10], supervised
physical changes can implement input-output mappings [11], nonequilibrium protocols can improve
adaptability [12], and temporal contrastive learning exploits implicit nonequilibrium memory [13]. These
precedents occupy much of the mechanism space that initially motivated our hierarchy.

4.3 Causal emergence, null models, and functional reducibility

The audit is better understood as a synthesis across methodological traditions than as a new theory of
emergence. Hoel and colleagues quantify causal emergence by intervention-based effective information and
show that a macro model can in some systems possess greater causal efficacy than a micro description [14].
Null-model methodology asks whether a candidate process is actually required to explain an observed
pattern [15]. Functional-reducibility work asks when richer interaction representations are dynamically
necessary rather than merely descriptively available [16]. Romeo et al. derive information-theoretic bounds
on the robustness of self-organized systems, framing organization as noisy encoding and identifying
substrate-level information limits [18]. That program is more formal and supplies quantitative bounds; the
present audit addresses a different level of inference: how a researcher should downgrade or retain a
capability claim after specific alternative architectures are tested. Related relevance criteria for
nonequilibrium perturbations similarly ask when an added microscopic feature changes large-scale behavior
rather than merely being present [21]. These approaches are complementary, and the present framework
claims novelty only for their explicit assembly into an active/physical-learning claim-audit workflow with
stopping rules and worked audit examples.

5. A Collective Capability Audit

5.1 Specify the target claim before selecting the baseline

A model comparison that is adequate for detecting a dynamical difference may be useless for testing
causal necessity. The investigator should state in advance whether the hypothesis concerns difference,
response-class expansion, functional value, or irreducibility.

5.2 Construct the strongest lower-class alternative

All mechanisms not themselves under test should remain available to the lower class. If retained history is
the target mechanism, the lower class may still use nonlinear current-state feedback, stochastic policies,
static heterogeneity, and state-dependent interactions. The scientific question is whether the architectural
addition is necessary, not whether a weak baseline loses.

5.3 Match non-target resources

Energy input, sensing bandwidth, communication range, action bandwidth, reconfiguration work,
parameter count, and observation time should be matched when they are not constitutive of the mechanism
being tested.

5.4 Use matched causal nulls

A shuffled-history null retains the history variable, parameter count, communication machinery, and
action opportunity while destroying only the history-future relation. Analogous nulls should preserve as
much of the candidate architecture as possible while deleting the proposed causal link.

5.5 Use state matching cautiously
State matching can isolate retained history from residual physical-state differences. But it can also
manufacture an information asymmetry if only one model retains the future-relevant statistic. State-matched
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anticipation should therefore be treated as a capability-isolation test, not by itself as evidence of collective
irreducibility.

5.6 Attempt explicit reductions

A useful reduction ladder is full collective — independent interacting elements — independent agents —
single estimator/controller. The binding reduction depends on the substrate. In a mechanical network,
independent bonds may be a stronger null than independent particles because they preserve interaction-
generated local state while deleting cross-bond information. Any surviving “irreducibility” statement must
name the tested reducible family F; passing the finite ladder is evidence against those reducers, not a
universal certificate.

5.7 Separate information from function

Information acquisition, retention, integration, physical realization, and task outcome are distinct stages.
Success at one stage should not be interpreted as evidence for the whole causal chain.

5.8 Test scale dependence and predefine stopping rules

Finite-size analysis should preserve meaningful dimensionless controls. More importantly, a failed
decisive null should trigger claim downgrade rather than a bespoke redesign chosen only to restore a positive
result.

Collective Capability Audit

Specify Construct strongest Match non-target
target claim lower-class alternative resources

Scale dependence + Reduction: bond / agent / Causal / shuffled-
stopping rule centralized information nulls

Figure 2. Collective Capability Audit. The sequence is designed to increase the burden of evidence as the claim becomes
stronger. Failure at a later stage downgrades the claim rather than invalidating all lower-level observations.

6. Calibration Positive Control: Local Alignment Produces Persistent Collective
Polar Order

We used a standard Vicsek-type local-alignment model [19,20] as a calibration. Agents move at fixed speed
in a periodic two-dimensional domain and update their heading toward the mean orientation of neighbors
within radius R, followed by angular noise. The first reducible null retains identical self-propulsion, angular-
noise amplitude, density, observation time, and single-agent persistence but deletes neighbor-orientation
information. We then add a stronger centralized reducer in which each agent receives the instantaneous
population-mean orientation and aligns to that globally broadcast direction under the same angular-noise
budget. Global polarization P is the magnitude of the mean heading vector.

Across N=128, 256, 512, and 1024, the independent-persistent model gives mean polarizations 0.0698,
0.0569, 0.0415, and 0.0266, with a log-log slope of approximately -0.463. The local-alignment model gives
0.972, 0.974, 0.904, and 0.911, with slope approximately -0.039. The global-broadcast reducer gives
approximately 0.993 at every tested N, with log-log slope -2.4x10A-5. Thus local alignment decisively
exceeds the matched independent null, but polarization itself is also realizable by the stronger globally
informed reducer.
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At N=1024, the mean polarization ratio between local alignment and the independent-persistent model is
approximately 34.2, while the global-broadcast reducer reaches P=0.993 and is about 37.3 times the
independent value. This calibration therefore demonstrates both retention and downgrade. The audit retains
an interaction-dependent collective-order claim relative to the independent-local family, but it does not retain
a stronger locality-specific irreducibility claim once a reducer with global orientation information is
admitted. The result is intentionally about reducer-relative inference, not about proving that the Vicsek
mechanism is uniquely necessary for polarization.
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Figure 3. Calibration across nested reducer families. Mean global polarization P versus system size for local-
alignment agents, a matched independent-persistent null, and a global-broadcast reducer. The independent
null decays close to the NA-1/2 finite-sampling expectation; local alignment sustains O(1) polar order; and
global broadcast also sustains O(1) order. The broader reducer therefore closes any claim that local
interaction is uniquely necessary for polarization.

7. Audit Case Study I: Apparent Collective Anticipation

Consider a sequence of binary perturbations Rn € {-1,+1} with temporal persistence P(Rn+;=Rn)=p. A
history-bearing architecture retains a statistic H correlated with the next perturbation after a state-matching
intervention, whereas the history-erasing architecture does not. A signed pre-perturbation collective
displacement can therefore be nonzero for the history-bearing class and zero for the history-free class in
expectation.

The apparent result is weaker than it first appears. Under the stated quadratic objective, and only when the
future-relevant information is compressible to the low-dimensional sufficient statistic b(H)=E[Rn+;|H], the
preparation problem reduces to J(x|H)=b(H)x+Ax? with optimum x*=-b(H)/(2A). The many-body substrate is
therefore unnecessary for that particular capability claim. This reduction should not be generalized to high-
dimensional predictive environments or objectives whose optimum is intrinsically many-body.

This does not make the manipulation scientifically useless. It supports the limited statement that retained
predictive history can alter future preparation. The collective interpretation is what fails. The correct
reduction test preserves the predictive information while removing the collective substrate.
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8. Audit Case Study ll: Interaction-Only Mechanical Reallocation

8.1 Goal and pre-specified gate

The second test was designed specifically to eliminate the single-agent loophole. Both the local signal and
its actuation were forced through a mechanical network. The pre-specified gate asked whether access to one-
hop neighboring bond information produced a robust mechanical advantage beyond the strongest justified
bond-local reducer. Because the alpha implementation uses a static equilibrium compression proxy rather
than temporally integrated memory, the case is presented as a stiffness-reallocation gate, not as a general test
of history-bearing learning.

8.2 Mechanical network

The gate used a two-dimensional disordered spring network initialized from a 6 x 6 node array (N=36).
Interior and boundary coordinates were weakly randomized, Delaunay triangulation supplied candidate
edges, and long edges were removed while preserving connectivity and minimum local degree, targeting
mean coordination z=4.4. The bottom boundary was fixed and spatially varying downward forces were
applied to top-boundary nodes.

Each bond e had rest length 1,,e and baseline stiffness k,=1. Compression was softened beyond a
threshold €b=0.03: the incremental stiffness beyond the threshold was Pk. with =0.05. Equilibrium states
minimized elastic energy minus external work with L-BFGS-B.

8.3 High-dimensional predictive load field
s =P Sth+V(1-p?) e, p=0.8

S shifts the top-boundary load field by one spatial position. External force component j was Fn,j =
-F,[1+aL tanh(rn,j)] with F;=0.20 and aL.=0.50. For the Gaussian shift process, a component using only its
own previous value has prediction MSE 1, whereas access to the appropriate one-hop neighbor has MSE 1-
p?=0.36. A rank-q centralized linear summary has MSE 1-p2g/K, so matching the one-hop optimum requires
retained rank proportional to the number K of spatial load components.
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Figure 4. Information-layer benchmark for the spatial Markov field at p=0.8. An independent-local predictor
has MSE 1. One-hop spatial information reaches MSE 0.36. A centralized rank-q summary approaches this
optimum only as q approaches the spatial field dimension K.

8.4 Static compression proxy and matched reconfiguration budget

After equilibration under load rn, each bond received a local compression proxy He=max(0,-¢.), where
€=(le-15,€)/1y,e. This quantity is interaction-generated but static: it is not a time-integrated history variable
and should not be interpreted as demonstrating material memory. A raw reallocation score s was mean-
centered and projected to a fixed L2 stiffness budget W=0.5, with 0.5<k.<1.5. Mean centering prevents a
candidate architecture from improving simply by increasing total stiffness.

8.5 Symmetric adversarial families and multi-network evaluation

To remove the asymmetric-optimization concern in v0.2, v0.7 gave both independent and distributed
candidates the same nonlinear transformation family. For local proxy H, both could use powers
y€{0,0.5,1,2} and threshold quantiles €{0,0.5,0.75}. Distributed candidates received only one additional
degree of freedom: a one-hop coefficient ratio r€{-1,-0.5,-0.25,0,0.25,0.5,1}; r=0 explicitly nests the
independent family. Candidate selection used four independent training network realizations (seeds 20-23),
one loading episode each. Final inference used 24 previously unseen network realizations (seeds 100-123),
each evaluated on four held-out loading episodes. Statistical resampling was performed at the network level,
not the load level. Because model selection on a small finite sample can itself be noisy [23], the frozen held-
out comparison is accompanied below by a clearly labeled post-hoc ratio-sensitivity analysis that is used
diagnostically, not as confirmatory evidence.

The train-selected independent candidate used y=1 with the upper-quartile threshold. The train-selected
distributed candidate used y=1, no threshold, and one-hop ratio -0.25. These rules were frozen before the 24-
network evaluation. An additional episode-shuffle control reassigned the compression-proxy field across
loading episodes within each network, preserving the marginal network statistics while disrupting the load-
specific proxy—future pairing.
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9. Results of the Interaction-Only Gate

9.1 Single-network result and why it was insufficient

The original v0.6a single-network gate is retained as a cautionary intermediate result rather than as the
final inference. On one N=36 network, an expressive independent-bond family closed the apparent
distributed advantage: distributed-minus-independent CVaR95 was -0.001023 (-0.0377%) over 20 held-out
loading seeds, with a loading-seed bootstrap interval spanning zero. Because all 20 loads shared the same
network realization, this result could not establish disorder-level generality. It motivated the v0.7 multi-
network audit rather than supporting a broad null conclusion.

9.2 Symmetric multi-network held-out comparison

Architecture Mean CVaR95 Failure fraction Compliance
Independent-bond, 2.916413 0.068434 12.816503
train-selected

Distributed one-hop, 2.924593 0.067774 12.816770
train-selected

Episode-shuffled 3.034721 0.069884 12.816503
distributed

Across the 24 held-out network realizations, each averaged over four loading episodes, the train-selected
independent candidate had mean CVaR95=2.916413 and the train-selected distributed candidate 2.924593.
Thus distributed-minus-independent was +0.008180, or +0.2805% relative to the independent value; positive
values are worse. A network-level bootstrap 95% interval was [-0.3218, 0.3473], which is far wider than the
nominal mean difference and spans both modest advantage and modest disadvantage. The data therefore fail
to establish a stable expected advantage or disadvantage for the train-selected distributed rule. Mean
compliance differed by only +0.000267 and failure fraction by -0.000659. The episode-shuffled distributed
control had mean CVaR95=3.034721, indicating that the load-linked spatial proxy was informative even
though the necessity of cross-bond access was not established.
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Figure 5. Network-level distributed-minus-independent CVaR95 differences across 24 held-out mechanical-
network realizations, each averaged over four loading episodes. Negative values favor the distributed rule.
Twenty of 24 differences are negative, but a few large reversals dominate the arithmetic mean. The mean is
+0.0082, whereas the median is -0.0134 and the 20% trimmed mean is -0.0142. The wide network-bootstrap
interval for the mean spans zero. These summaries are descriptive; the pre-specified decision criterion
remains the disorder-averaged mean.

9.3 Disorder heterogeneity and claim downgrade

The disorder-level result is heterogeneous and underpowered rather than evidence of absence. The
distributed rule had lower CVaR95 on 20 of 24 networks (83.3%), usually by a small amount, while four
network realizations produced large reversals. The arithmetic mean difference was +0.0082, but the median
was -0.0134 and the 20% trimmed mean -0.0142. This disagreement between location summaries shows that
the conclusion is sensitive to the heavy topology-dependent tails of the fixed-size disorder distribution.
Because the pre-specified primary functional criterion was expected CVaR95 across disorder, we do not
replace the go/no-go rule post hoc with sign count, median, or trimmed mean. The correct confirmatory
conclusion is narrower: the study failed to establish a disorder-generalized expected-performance advantage
for the train-selected one-hop rule. The full distribution should nevertheless be reported because disorder-
sensitive systems can violate simple self-averaging expectations, particularly near critical or instability-
dominated regimes [22].

This conclusion is intentionally narrow. It does not imply that distributed physical learning is generally
reducible to independent bonds, nor does it establish that the true expected effect is zero. It shows that the
pre-specified gate did not establish the stronger cross-bond necessity claim. Once the independent-bond
family closed the confirmatory gap, additional mean-field or centralized mechanical reducers were not
required for that negative decision, although they would be relevant to any future attempt at a positive
irreducibility claim.

9.4 Post-hoc selection-sensitivity check

The four-network training set is intentionally small and can introduce model-selection noise. To test whether
the frozen distributed coefficient was unusually unfavorable, we performed a post-hoc ratio sweep within the
same y=1, no-threshold distributed subfamily that contained the train-selected rule, evaluating r&€{-1,-0.5,-
0.25,0,0.25,0.5,1} on the 24-network test set. This analysis is deliberately non-confirmatory because it uses
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the test data for selection. The most favorable observed ratio was r=-0.5, with mean CVaR95=2.889209.
Relative to the frozen independent candidate, the mean difference became -0.027204 (-0.93%), the median
difference -0.01311, and the 20% trimmed mean -0.01199; however, the network-bootstrap 95% interval
remained wide, [-0.2568, 0.1824], and only 16 of 24 networks favored this post-hoc distributed candidate.

The sensitivity check changes the interpretation but not the pre-specified decision. It shows that the nominal
sign of the mean is selection-sensitive and that the original four-network training stage may have chosen a
suboptimal distributed coefficient. At the same time, even a test-selected favorable ratio does not yield a
precise disorder-level estimate. The defensible conclusion is therefore failure to establish a stable expected
advantage, not evidence that no distributed advantage exists. This distinction is exactly why model selection
and final evaluation should remain separated [23].

10. Claim Downgrade as a Scientific Outcome

The calibration and two audit cases show that the audit can retain, downgrade, or leave claims unresolved
as the reducer family becomes stronger. Local-alignment flocking survives the specified independent-agent
reduction, but its polarization is reproduced by a global-broadcast reducer, so the locality-specific
irreducibility claim is downgraded. The anticipation claim collapses to a single predictive controller under its
low-dimensional sufficient statistic. The mechanical reallocation case is different again: the train-selected
comparison is statistically inconclusive across disorder, and post-hoc coefficient selection can reverse the
nominal mean without resolving the uncertainty. The appropriate scientific outcome is therefore not a forced
binary verdict, but the strongest reducer-relative statement the evidence actually supports.

Possible downgrade of the composite claim: Level V. — Level IV — Level Il — Level Il

The arrows here represent possible claim downgrade, not logical implication. When a stronger null
reproduces the target pattern or closes the performance gap, the appropriate action is to retain the weakest
statement that still distinguishes the models rather than to discard all observations or redesign the task until
the preferred claim returns.

11. Implications for Active Matter and Physical Learning

For active and smart matter, the framework suggests that adding memory, information processing, or
learning should not automatically be described as adding a new collective capability. The relevant claim
depends on whether the mechanism merely changes dynamics, expands a lower-class response set, provides
positive value under explicit costs, or remains necessary after reduction.

For physical learning, the mechanical example highlights a distinction between a many-body substrate
and a many-body adaptive computation. A global mechanical response may require a connected network
while the reconfiguration rule remains decomposable into local elements. Conversely, the Vicsek calibration
shows that an interaction mechanism can remain load-bearing for a macroscopic order parameter relative to a
matched independent-agent family.

The same logic can be applied to biological interacting-unit models, but no biological irreducibility claim
is tested here; extending the audit to cells or organisms would require domain-specific reducers and
interventions.

12. Limitations

The architectural hierarchy is not unique. Different applications may require different axes, and the
regulated/history-bearing distinction is operational rather than coordinate invariant.

No finite adversarial search proves that a response is inaccessible to every conceivable lower-class model.
Level-III response-class expansion and Level-V irreducibility are both defeasible and always relative to an
explicit architecture family, parameter domain, sensing access, resource budget, and optimization procedure.
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The computational mechanical gate remains intentionally limited. The v0.7/v0.8 inference spans 24 held-
out N=36 network realizations but still uses one system size, one compression-softening law, a static
equilibrium compression proxy rather than dynamic memory, a compact training set, and a finite hand-
specified candidate family. The disorder distribution is strongly topology-sensitive at this size, with a few
large reversals dominating the mean; no finite-size self-averaging claim is made. The post-hoc ratio sweep
further shows model-selection sensitivity. These limitations preclude a broad statement about distributed
physical learning and make the correct result one of non-establishment rather than evidence of absence.

The first anticipation reduction is analytical rather than a faithful one-to-one reproduction of every detail
of the earlier soft-particle assay. Its force is limited to the claim it targets: when the task collapses to a low-
dimensional predictive sufficient statistic, many-body realization is not necessary for the headline future-
conditioned preparation.

The audit is not a universal certificate of emergence or irreducibility. The Vicsek calibration makes this
explicit: local alignment decisively beats an independent-persistent reducer for polarization, yet a global-
broadcast reducer reaches the same O(1) ordered regime with additional shared information. Every retained
Level-IIT or Level-V claim must therefore name the lower or reducer family it survived.

13. Discussion

As interacting-matter models acquire increasingly sophisticated sensing, memory, learning, and control, it
becomes easier to generate impressive macroscopic differences and harder to infer what those differences
mean. The central scientific question shifts from whether mechanism X changes the system to what simpler
architecture can reproduce the same result.

This perspective separates microscopic architecture from evidential status. Passive, active, regulated, and
history-bearing units form one axis describing what mechanisms are available. Dynamical difference,
response-class expansion, functional value, and collective irreducibility form another axis describing what
has been demonstrated. Movement along the first axis does not guarantee movement along the second.

The methodological ancestry of this proposal is explicit. Null-model reasoning asks whether a proposed
process is necessary for a pattern [15]; causal-emergence approaches compare causal efficacy across scales
[14]; functional-reducibility work asks when richer interaction descriptions are dynamically necessary [16];
and information-bound approaches derive substrate-level limits on robust self-organization [18]. The present
contribution is not a replacement for those theories. It is a claim-audit workflow for active and physical-
learning studies: make the target claim cumulative and explicit, give the lower architecture its strongest
justified resources, attempt reductions, evaluate on held-out structure as well as stochastic forcing, and stop
when the decisive alternative closes the gap.

The computational counterexamples also suggest a practical norm. A weak baseline can make a model
look novel; an expressive null can turn the same numerical effect into a mechanism-neutral result; and a
small model-selection set can make even the sign of a held-out mean sensitive to the chosen candidate.
Stronger collective claims therefore require both adversarial architecture comparison and explicit separation
of model selection from final evaluation [23]. In disordered systems, distributional reporting is also essential
when a few realizations dominate the mean [22].

The stopping rule is as important as the test. When the decisive lower-class alternative closes the gap,
further task redesign may be scientifically justified for a new question, but it should not be presented as if the
original hypothesis survived. Claim downgrade is itself a valid research outcome.

14. Conclusion

Increasing microscopic architectural capability does not by itself establish increasing collective
capability. A richer model may alter collective dynamics without expanding the reachable response class; it
may expand the response class without improving function; and it may improve function while remaining
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reducible to a simpler controller or independently adapting elements. The strongest defensible claim is
therefore the one that survives the strongest justified reducible alternative under matched resources and held-
out evaluation.

Do not infer a new collective capability until the strongest reasonable reducible alternative has failed.

Data and Code Availability

The v0.6a single-network gate and the v0.7/v0.8 robustness and calibration packages contain the code and
machine-readable results used in the computational examples. The package includes
multinetwork_gate_v07.py / .json for the symmetric 24-network mechanical evaluation,
ratio_sensitivity_v08.py / .json for the post-hoc coefficient-sensitivity check,
vicsek_positive_control.py / .json for local alignment versus the independent-persistent reducer, and
vicsek_meanfield_rung v08.py / .json for the global-broadcast reducer. Fixed seeds, candidate families,
bootstrap settings, and generated figures are included.
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