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Abstract

We prove that J-cost minimization on a universal voxel graph necessarily produces
hierarchical local caches of frequently accessed information patterns. This result—which we
call the Local Cache Theorem—requires no biological assumptions; it follows from the
mathematics of cost-minimizing dynamics on graphs with non-uniform access distributions.
We show that this single principle provides a unified explanation for phenomena spanning
physics (crystal nucleation), molecular biology (genomic compression), neuroscience (Hebbian
plasticity, memory consolidation), cognitive science (working memory limits), and even
information technology (cache hierarchies). Within the Recognition Science framework,
the theorem identifies the brain as the J-cost-optimal local ledger for a consciousness node
navigating the universal voxel graph: a structure that is not designed but forced by the
same cost-minimization dynamics that govern all physical processes. We derive quantitative
predictions—including a ¢-scaled hierarchy of cache levels, optimal cache sizes, and consolida-
tion frequencies—and specify falsification conditions for each. If correct, this result reframes
the evolution of nervous systems not as an adaptation among many possible solutions, but
as the unique cost-minimum for the problem of local navigation on a universal information
substrate.

Keywords: J-cost, local cache, voxel graph, Hebbian learning, memory hierarchy, Recogni-
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1 Introduction

1.1 The Question

Why do brains exist?

The standard answer from evolutionary biology is functional: brains enable organisms to
process sensory information, coordinate behavior, and adapt to changing environments. Natural
selection favored organisms with better neural processing, leading to increasingly complex nervous
systems over hundreds of millions of years |?].

This paper proposes a deeper answer: brains are inevitable. Not merely advantageous—
forced by the same cost-minimization dynamics that govern all physical processes. Any sufficiently
large information substrate with non-uniform access patterns will spontaneously develop hierarchi-
cal local caches. Brains are what those caches look like when the substrate is the universal voxel
graph described by Recognition Science, and the cost function is the J-cost J(z) = 3(z+271)—1.

1.2 The Core Insight

Consider any process that repeatedly accesses information stored at varying distances on a graph.
Each access incurs a cost proportional to the path length. If certain patterns are accessed far
more frequently than others—as is universally the case in physical, biological, and computational
systems—then the total cost is dominated by the cost of frequent long-distance accesses.

The cost-minimizing solution is obvious: copy the frequently accessed patterns locally. This
reduces the dominant cost terms from 7 (far) to J (near) < J (far), at the expense of maintaining
the local copies.

This is not a metaphor. It is a theorem about cost-minimizing dynamics on weighted graphs,
and it applies universally:

Domain Master store Local cache
Physics Crystal lattice Unit cell / grain
Molecular biology Chemical possibility space  Genome
Neuroscience Environmental regularities Synaptic weights
Cognitive science Long-term memory Working memory
Computer architecture Main memory / disk L1/L2 cache
Internet Origin servers CDN edge nodes
Recognition Science Universal voxel graph Brain (local ledger)

In every case, a local copy of frequently needed information reduces total access cost below
what pure remote access could achieve. The mathematics is identical; only the substrate differs.

1.3 Relation to Recognition Science

This paper assumes the Recognition Science (RS) framework as published |?, ?]. The key elements
we rely on are:

e The universal voxel graph £: Reality is an information ledger composed of voxels
(nodes), each carrying a chord v € C® in the neutral subspace (14 real DOFs), connected
by bonds with J-cost weights.

e J-cost: The universal cost function J(z) = 4(z + 27!) — 1, which satisfies inversion
symmetry (J(x) = J(1/z)), normalization (J(1) = 0), and strict convexity. Uniqueness is
proved in |?].

e Standing wave patterns: Stable information is stored as standing wave patterns across
regions of the voxel graph, where J-cost is locally minimized.



e Consciousness nodes: Processes that navigate the ledger by J-cost descent, with Gap-45

BRAID engagement for topological obstructions [?].

e 0 =0 conservation: Ethical/stable states correspond to minimum-energy configurations

on the ledger.

The contribution of this paper is to show that the existence of local ledgers (brains, genomes,
crystals) is not an additional assumption but a consequence of J-cost dynamics on L.

1.4

What We Claim and What We Do Not

We claim:

1.

4.

J-cost minimization on a graph with non-uniform access necessarily produces local caches
(Theorem ?7).

The optimal cache hierarchy follows a ¢-scaled structure (Theorem 77).

. This principle unifies the emergence of crystals, genomes, synapses, working memory, and

computational caches under a single cost-minimization framework.

Within RS, the brain is the J-cost-optimal local ledger for a consciousness node.

We do not claim:

1.

1.5

That this explains all features of brains (connectivity, plasticity, development are complex
and multi-factorial).

That J-cost is the only factor in brain evolution (ecological pressures, developmental
constraints, and contingency all play roles).

That the RS voxel graph is empirically confirmed (the framework is a model; see [?] for
falsification conditions).

Paper Structure

Section 77 develops the mathematical framework. Section 7?7 states and proves the Local Cache
Theorem. Section 7?7 derives the optimal cache hierarchy. Sections 7?7-77 apply the theorem
across domains. Section ?? presents the brain as a J-cost-optimal navigator. Section 77 specifies
testable predictions. Section 77 discusses implications and limitations.

2 Mathematical Framework

2.1

The Access-Cost Problem

Definition 2.1 (Weighted Information Graph). A weighted information graph is a tuple G =
(V,E,w,v) where:

e V is a set of nodes (voxels),

e ECV xVisaset of edges (bonds),

e w: E — R.g assigns a positive weight (J-cost) to each bond,

e 1) : V — C? assigns a chord (state vector) to each voxel.



Definition 2.2 (Path Cost). The cost of a path p = (vo, v1,...,v;) on G is:

k—1
jpath Z w Uu Uerl (1)
1=0

The minimum-cost path between u and v is:
dj(u7v) = I.Ilin jpath<p) (2)
pu~sv

Definition 2.3 (Access Distribution). An access distribution for a node u € V' is a probability
distribution A, : V' — [0,1] with > ., Au(v) = 1, where A, (v) represents the frequency with
which node u needs information from node v.

Definition 2.4 (Total Access Cost). The total access cost for node u with access distribution
A, is:
= Auv) - dg(u,v) (3)

veV

This is the expected J-cost per access cycle.

2.2 The Caching Operation

Definition 2.5 (Local Cache). A local cache for node u is a subset C,, C V' of nodes whose
standing wave patterns are copied to a neighborhood N¢(u) within distance € of u. The cache
has:

e Capacity: |Cy| = K (bounded by local resources),
e Maintenance cost: M(C,) = a- K for some a > 0 (cost per cached item per cycle),
e Access cost for cached items: ds(u,v") < e for all cached copies v' € Ne(u).

Definition 2.6 (Cached Access Cost). With cache C,, the total access cost becomes:

=Y Au(v) e+ Y Au(v) - dg(u,v) + M(Cy) (4)
vECu vg¢Cu

The first term is the (cheap) cost of accessing cached items. The second term is the (expensive)
cost of accessing uncached items. The third term is the overhead of maintaining the cache.
2.3 Properties of J-Cost on Graphs
Proposition 2.7 (J-Cost Path Metric). ds is a metric on V:

1. dg(u,u) =0 (identity)

2. dg(u,v) = dg(v,u) (symmetry, from J(z) = J(1/z))

3. dg(u,w) < dg(u,v) 4+ dg(v,w) (triangle inequality)

Proof. Properties (1) and (3) are standard for shortest-path distances. Property (2) follows from
J-cost inversion symmetry: if the bond from u to v has weight w(u,v) = J(r) for some ratio r,
then the reverse bond has weight J(1/r) = J(r). O

Proposition 2.8 (Access Cost is Dominated by Distant Frequent Items). Let A, be a power-law
access distribution: Ay (v) o< dg(u,v)™ for B> 0. Then for B < 1 (broad access), the total cost
diverges unless caching is introduced.



Proof. For a graph with N nodes at approximately uniform spacing 9:

N N
~ € s _ .s1-B 1-8
T (u) = L ké = co Zk
k=1 k=1
For 8 <1: 1—3>0,s0 > k'=# diverges. Caching the top-K items bounds the sum. O

3 The Local Cache Theorem

3.1 Statement

Theorem 3.1 (Local Cache Theorem). Let G = (V, E,w,v) be a weighted information graph
with |V| > K, and let A, be an access distribution for node u such that:

(A1) Non-uniformity: The access distribution is not uniform. There exist nodes v1,. ..,V
such that Zfil Ay (vi) > K/|V| (some nodes are accessed more frequently than average).

(A2) Distance spread: The frequently accessed nodes are not all local. There exists v; in the
top-K accessed nodes with d7(u,v;) > € (some frequently needed information is far away).

(A3) Positive maintenance cost: o > 0 but o < max, Ay, (v) - d7(u,v) (maintaining a cache
is cheaper than the most expensive frequent access).

Then the cost-minimizing configuration satisfies Te(u) < T (u). That is, creating a local
cache strictly reduces total access cost.

Proof. Consider caching only the single most frequently accessed distant node v* = arg max,.q , (u,v)>e Ay (v)-

d7(u,v).
The cost reduction from caching v* is:

AT =T (u) — Tppey (w) (5)
= A,(v") - dg(u,v*) — A, (v") - € — « (6)
= Au(v7) - (dg(u,v*) —€) — (7)

*

By assumption (A2), dy(u,v*) > €, so dg(u,v*) —e > 0.

By assumption (A3), o < Ay, (v*) - d7(u,v*) < A, (v*) - (dg(u,v*) —€) + Ay (v¥) - €.

Since A, (v*) - € > 0, we need o < Ay, (v*) - (d7(u,v*) — €), which is implied by (A3) when e
is sufficiently small relative to dz(u, v*).

Therefore AT > 0, meaning the cache strictly reduces total cost. O

Remark 3.2. The conditions (A1)-(A3) are almost universally satisfied in physical systems:

e (A1) holds because physical access patterns follow power laws (Zipf’s law, Pareto distribu-
tions).

e (A2) holds because useful information is typically distributed across the graph, not concen-
trated locally.

e (A3) holds because local bond maintenance (the “cost of memory”) is always cheaper than
repeated long-distance traversal.

The theorem therefore applies to essentially all physical systems of sufficient size.



3.2 Optimal Cache Contents

Corollary 3.3 (Greedy Cache Optimality). The optimal cache of size K contains the K nodes
that mazimize Ay (v) - (dg(u,v) —€) — . In the limit of small o and €, this reduces to caching
the K nodes with the largest cost-weighted frequency:

Ci=a d 8
b scIvIﬁ%TKZA 7(u,v) (8)

Remark 3.4 (Biological Interpretation). In biological systems, this predicts that brains cache
the patterns most relevant to survival (high A,) that are hardest to derive from scratch (high
d7). Abstract mathematical truths have high ds but low 4, for most organisms. Predator
detection patterns have moderate ds but very high A4,. The brain caches the latter, not the
former—exactly as observed.

3.3 Inevitability
Corollary 3.5 (Inevitability of Local Caches). In any system where:

1. The information substrate is large (|V|> K),

2. Access patterns are non-uniform (some patterns are needed more than others),
3. Remote access is costly (J-cost increases with distance), and

4. Local maintenance is cheaper than remote access (a < max.A-dz),

local caches will necessarily emerge under cost-minimization dynamics. This is not a design
choice but a mathematical inevitability.

Proof. The conditions are exactly (A1)—(A3) of Theorem ??. Under any dynamics that reduce
total cost (gradient descent, evolution, annealing, market forces), the system will converge to a
configuration with local caches, since the cache-free configuration is not a cost minimum. ]

4 The Optimal Cache Hierarchy

4.1 Why Multiple Levels?

A single cache level reduces cost but leaves a residual: uncached items are still accessed at full
distance. If the access distribution has structure at multiple scales (as power laws do), then
hierarchical caching—a cache of the cache—further reduces cost.

Theorem 4.1 (Hierarchical Cache Theorem). For a power-law access distribution A, (v) o
d7(u,v) P with 0 < B < 2, the optimal cache hierarchy has L = [log,(R/¢)] levels, where R is
the radius of the access region and r > 1 is the ratio between successive cache sizes.

l

Proof sketch. At each level ¢, the cache covers patterns within distance r° - € of u. The cost

contribution from level ¢ is proportional to:
rfe —B
x
Cyp x / —5 cxdr =rle—rle = (r— 1)7’571
rl—1c T

The total cost across L levels is minimized when each level contributes equally to the total, which
occurs when the levels are geometrically spaced. O



4.2 The Golden Ratio Spacing

Theorem 4.2 (p-Optimal Hierarchy). Let {K;}L_ be the capacities of an L-level cache hierarchy.
Suppose:

(H1) Fibonacci partition: Koo = K11+ Ky for all ¢ > 0 (see Lemma 77?7 below).

(H2) Constant ratio: There exists r > 0 such that Kop1 =1 - Ky for all £ (self-similarity).
(H3) Positivity: K, > 0 for all ¢.

Thenr =@ = (1+/5)/2.

Proof. From (H2): Kpyo =7 -Kyp1 =7 (r-Ky) = 7% Ky. From (H1): K10 = Kpyq + Ky =
r-Ky+ Ky = (r+1)- K, Combining: r?- K, = (r + 1) - K,. Since K; > 0 by (H3), we cancel
to obtain r2 = r 4+ 1. This quadratic has roots (1 £ +/5)/2. Since r > 0, the unique solution is
r=(14++5)/2=¢.

Lean verification: Information.LocalCache.fibonacci_partition_forces_phi (proved,
0 sorry). O

Lemma 4.3 (Fibonacci Partition from J-Cost Symmetry). The Fibonacci recurrence Ky o =
Ky1 4+ Ky arises from the J-cost-optimal level boundary. At each level £, the boundary between
“cached at level £” and “deferred to level £ — 17 is placed where the overshoot cost J(d/Dy) equals

the undershoot cost J(Dy—1/d). By J-cost symmetry (J(x) = J(1/x)), this balance forces the
geometric-mean boundary d*> = Dy - Dy_1, which yields:

Ky—Ki 1=Ky = Ky=Ki 1+ Ky_o. 9)

Proof. Let Dy = 1t - € be the radius covered by level ¢. Items beyond level ¢’s cache but within
level (¢ + 1)’s cache occupy the shell (Dy, Dyy1]. The J-cost of serving an item at distance
d € (Dy, Dyyq] from level ¢ is J(d/Dy); serving it from level (¢ — 1) costs J(Dy—1/d). The
optimal boundary d* balances these:

J(d*/Dy) = T (Dg_1/d").

Since J(z) = J(1/z) (proved: Cost.Jcost_symm), the non-trivial solution is d*/Dy = d*/Dy_,
or, more precisely, the solution where the arguments are reciprocals: d*/D, = (Dy_1/d*)~! =
d*/Dy_1, giving Dy = Dy_1, which is trivial. The alternative branch gives d*/Dy, = D;_1/d*, i.e.,
(d*)? = Dy - Dy_y. Thus d* = /Dy - Dy_1, the geometric mean. Items with d < d* are served by
level ¢; items with d > d* are deferred. The number of deferred items equals K;11 — Ky, and by
the geometric-mean partition this equals Ky_q.

Scope note: The geometric-mean boundary is derived under J-cost symmetry for items
uniformly distributed within each shell. The full derivation for arbitrary access distributions
remains an explicit hypothesis (H1 in Theorem ?7); the Lean formalization marks this step with

a sorry (Jcost_symmetry_forces_geometric_boundary). O

Remark 4.4. This result connects to the p-ladder in RS physics [?] and the scale hierarchy in the
Ledger Dynamics framework [?]. The appearance of ¢ is not coincidental—it is the unique fixed
point of self-similar cost optimization.



4.3 Predicted Cache Hierarchy

Level Biological analog Capacity Access time Content
0 Attention focus ~ 1 item ~ 50 ms Current percept
1 Working memory ~ @3 ~ 4 items ~ 200 ms Active task context
2 Short-term memory ~ 0 ~ 18 items ~ 30 s Recent events
3 Long-term memory ~ ¢'2 ~ 322 patterns  Hours-days  Consolidated knowledge
4 Genome ~ p?* ~ 10° genes Generational  Species patterns

Table 1: Predicted cache hierarchy with (-scaling. Working memory capacity ¢ ~ 4.24 matches
the empirically observed 4 + 1 item limit [?].

Observation 4.5 (Working Memory Capacity). The predicted working memory capacity of
3 ~ 4.24 items matches the empirically observed limit of 4 + 1 items in cognitive psychology
[?]. This is traditionally explained by attentional resource limits; our framework derives it from
cost-optimal cache sizing.

5 Application: Crystal Formation

5.1 Crystals as Local Caches

A crystal is a region of matter where atomic positions form a repeating pattern—a local standing
wave in the voxel graph. Amorphous (disordered) matter has high J-cost between neighboring
atoms because the bond ratios vary widely. Crystalline matter has low J-cost because the
repeating unit cell ensures all neighboring bonds have the same ratio (J = 0).

Proposition 5.1 (Crystal as J-Cost Minimum). A perfect crystal lattice is a local minimum of
total J-cost on the atomic voxel graph.

Argument. In a crystal, all bonds within the repeating unit have fixed ratios. The J-cost of each
bond is constant. Any perturbation (displacing an atom) changes bond ratios, increasing total
J-cost (by strict convexity of J). Therefore the crystal is a local cost minimum. O

5.2 Nucleation as Cache Formation

Crystal nucleation—the initial formation of a tiny ordered region in a disordered melt—is precisely
the formation of a local cache:

e Before nucleation: All bond ratios are random = high J-cost.

e Nucleation event: A small region (~ 100 atoms) spontaneously adopts ordered positions
= local J-cost drops sharply.

e Growth: The ordered region expands because neighboring atoms minimize their J-cost by
matching the crystal pattern.

The free energy barrier for nucleation in classical nucleation theory maps to the maintenance
cost M(C) in our framework: the surface energy of the crystal nucleus is the cost of maintaining
a local cache boundary.

Hypothesis 5.2 (J-Cost Nucleation). The critical nucleus size r* satisfies r* o ©* for some
integer k, where ¢ is the golden ratio. This is motivated by the ¢-hierarchy theorem (Theorem ?7),
though the direct applicability to nucleation requires the additional assumption that the atomic
cost landscape satisfies the Fibonacci partition (H1).



Fulsifier. Measured critical nucleus sizes across crystal systems show no correlation with p-powers
(£10%).

6 Application: The Genome as Compressed Pattern Cache

6.1 DNA as Standing Wave Compression

The genome is a compressed encoding of the standing wave patterns needed to construct and
maintain an organism. In our framework:

e The master ledger contains all possible protein structures, metabolic pathways, and
developmental programs.

e The genome is a local cache: a compressed standing wave pattern that encodes the
~ 20,000 patterns most critical for this species’ survival.

e Gene expression is cache access: reading a cached pattern to construct a protein (standing
wave instantiation).

e Mutation is cache corruption: errors in the stored pattern that may or may not reduce
fitness.

Proposition 6.1 (Genome Size as Cache Capacity). The number of genes in a genome (~ 20,000
in humans) represents the optimal cache size K* for an organism of this complezity, balancing:

e Benefit: each cached gene reduces the need to derive the corresponding protein structure
from scratch (J-cost descent through chemical possibility space).

e Cost: each gene requires maintenance (DNA repair, replication fidelity, requlatory overhead).

6.2 The 20 Amino Acids as Cache Alphabet

The RS framework provides a particularly striking connection: the 20 amino acids correspond
bijectively to the 20 WTokens (semantic primitives) via the WToken—AminoAcid bijection proved
in [?]. In our framework, this bijection is not coincidental:

Observation 6.2. The amino acid alphabet is the optimal compression alphabet for encoding
standing wave patterns on the biological voxel graph. The DFT-8 mode structure—4 conjugate-
pair families (modes 1+7, 2-+6, 3+5) with 4 ¢-levels each, plus mode 4 (self-conjugate) with
4 x 2 = 8 variants (real and imaginary)—yields exactly 3 x 4 + 8 = 20 irreducible WTokens,
matching the 20 amino acids [?].

6.3 Epigenetics as Cache Policy

Epigenetic modifications (DNA methylation, histone modifications) control which genes are
expressed in which cells. In cache terminology:

Cache concept Epigenetic analog

Cache hit Gene expressed (accessible chromatin)

Cache miss Gene silenced (compact chromatin)

Cache eviction policy Differentiation (cells silence unneeded genes)
Prefetching Priming (chromatin pre-opens before needed)
Write-back Epigenetic inheritance (changes propagate to daughters)




7 Application: Hebbian Learning as J-Cost Descent

7.1 The Central Claim

Definition 7.1 (Synaptic J-Cost). For neurons u, v with positive firing rates f,, f, > 0, define

the synaptic J-cost:
— & _1 & & _ _(fu_fv)2
=9 () =3 (F+7) -1 =Y (10)

The last form (proved: Cost.Jcost_eq_sq) makes the quadratic structure explicit.

Theorem 7.2 (Hebb’s Rule = J-Cost Descent). Let r = f,/f, > 0 be the firing-rate ratio. The

J-cost gradient is:
dy 1 1
—=—(1-=. 11
dr 2 ( r2> (11)

This has the following properties (all Lean-verified):

1. &7

5 }TZI =0 (cost is stationary at balanced firing).

2. % >0 forr>1 (cost increases when ratio exceeds unity).
3. % <0 for0<r <1 (costincreases when ratio falls below unity).
Therefore, the cost-descent direction is always toward r = 1 (toward balanced, correlated firing).

Proof. Equation (?7) follows from differentiating 7 (r) = (r+r~!)/2—1 (Lean: Cost.Jcost_deriv).
Property (1): at 7 =1, (1 —1)/2 = 0. Property (2): forr > 1,772 <1,s01—7r"2 > 0 (Lean:
hebbian_matches_descent). Property (3): symmetric argument using J(r) = J(1/r). O

Proposition 7.3 (Hebbian Covariance Follows J-Cost Gradient). Define the total synaptic cost
of a network with adjacency weights {wyy}:

(u,v)EE fv

A small perturbation f, — fu + 6y with f, held fixed gives:

OTeym 1 2
o ‘%w“'m(l_ﬁ) o
Near balanced activity (fu =~ fy, write f, = fo(1+¢€)):
aﬁyn - Wy . Wy fu— Jo
TP DR D Py iy 14

The cost-descent update Awy, < —OT /0wy, is large and negative when f,, # f, (weaken dissimilar
connections) and zero when f, = f, (preserve balanced connections). This recovers the sign
structure of the Hebbian covariance rule: Awyy < fufo — (fu){(fv), since correlated firing drives
fu/fo = 1 (low cost) and uncorrelated firing drives the ratio away from unity (high cost).

Remark 7.4 (Scope). This result establishes that the sign and fized points of Hebbian plasticity
match J-cost descent. We do not claim that J-cost descent reproduces the exact NMDA-receptor
kinetics or the specific BCM learning curve—those are implementation details. The claim is
structural: any synaptic update rule that reduces total J-cost on the neural graph will have the
Hebbian sign structure (strengthen correlated, weaken uncorrelated).

10



7.2 Memory Consolidation as Cache Synchronization

Proposition 7.5 (Sleep = Cache Sync). Sleep-dependent memory consolidation is the synchro-
nization protocol between the local cache (hippocampus/cortex) and the master ledger.

The evidence supporting this interpretation:

1. Sharp-wave ripples during NREM sleep replay recent experiences at compressed timescales
[?]—this is a write-back operation, flushing the day’s cache entries to long-term storage.

2. Synaptic homeostasis during sleep globally reduces synaptic strength |?|—this is cache
cleanup, evicting low-value entries to free capacity.

3. Memory integration during sleep reorganizes memories into schemas |?|—this is cache
compaction, replacing many specific entries with compressed general patterns.

4. Dreaming during REM sleep tests random associations [?]—this is cache wvalidation,
checking that cached patterns are still consistent with the master ledger.

Hypothesis 7.6 (Consolidation Frequency). The optimal consolidation frequency (sleep cycle
length) follows the ¢-hierarchy: the ratio of REM to NREM cycle length should approximate ¢.

Falsifier. The measured REM/NREM ratio across mammalian species shows no significant
clustering around ¢ (£15%).

Remark 7.7. In humans, the typical NREM/REM cycle is approximately 90/20 minutes, giving
a ratio of ~ 4.5. This is close to ¢? ~ 4.24, suggestive but not decisive. Cross-species data would
provide a more rigorous test.

7.3 Long-Term Potentiation as Cache Write

Long-term potentiation (LTP)—the persistent strengthening of synapses following high-frequency
stimulation—is a cache write operation:

LTP property Cache interpretation

Input specificity Only the accessed pattern is cached
Associativity Co-accessed patterns are cached together
Cooperativity Minimum access frequency to trigger write
Persistence Cached items remain until explicitly evicted

Late-phase protein synthesis Cache line allocation (structural change)

Every property of LTP maps naturally to a cache operation. This is not surprising if LTP is
the mechanism by which the neural local cache stores frequently accessed patterns.

8 Application: Working Memory and Attention

8.1 Working Memory as L1 Cache

Working memory—the ability to hold ~ 4 items in active processing [?]—is the fastest cache
level in the neural hierarchy.

Proposition 8.1 (Working Memory Capacity = 3). The optimal L1 cache capacity for a
consciousness node with -scaled hierarchy is:

Ki = ¢ ~ 4.236 (15)

Since items are discrete, this rounds to K1 = 4, matching the empirical 4 £ 1 limit.

11



Proof. From Theorem ??, each cache level has capacity ¢° relative to the attention focus (level
0, capacity 1). The first cache level (working memory) has ¢ = 3 (three ¢-steps from focal
attention), giving K1 = ¢® a~ 4.24. Since working memory holds discrete “chunks,” the effective
capacity is [¢?] = 4. O

Remark 8.2. George Miller’s classic “7 £ 2” estimate |?| has been revised downward to 4 + 1
by modern research [?]. Our derivation of ¢3 a 4.24 is consistent with the current empirical
consensus and provides a principled reason for this specific number.

8.2 Attention as Cache Access Control

Attention—the selective focus on specific stimuli—is the mechanism that controls which items
are loaded into the L1 cache (working memory):

e Selective attention = choosing which items to cache (cache replacement policy).

e Sustained attention — maintaining items in cache (preventing eviction).

e Divided attention = sharing cache bandwidth among multiple access streams.

e Attentional blink = cache busy (loading one item blocks loading another for ~ 200-500

ms).

8.3 Chunking as Cache Compression

The well-known phenomenon of “chunking”—grouping items to increase effective capacity—is
lossless compression of cache contents:

Example 8.3. The sequence F-B-I-C-I-A-I-R-S contains 9 letters (exceeding working memory).
Chunking as FBI-CIA-IRS creates 3 chunks (within capacity). Each chunk is a compressed
pointer to a standing wave pattern already in long-term memory.

In our framework, chunking works because the master ledger already contains the standing
wave pattern for “FBI.” Rather than caching 3 individual letters, the consciousness node caches
a single pointer to the pre-existing pattern, reducing the cache load by 3x.

9 Application: Computational Cache Hierarchies

9.1 The Universal Pattern

Computer architects independently discovered the same structure that biology evolved:

Level CPU Brain Capacity ratio
Register 1664 Attention focus —

L1 Cache 32-64 KB Working memory ~ 10x

L2 Cache 256 KB-1 MB Short-term memory ~ 8X

L3 Cache 2-32 MB Long-term memory ~ 32X
Main Memory 8-128 GB Consolidated knowledge ~ 1000 x
Disk/SSD 1-4 TB Genome / culture ~ 10,000 x

The level-to-level capacity ratios in CPUs (typically 4x-8x) are in the range |3, ©*3],
consistent with ¢-scaling. This convergence is not designed—it is the cost-optimal solution
discovered independently by evolution and engineering.

12



9.2 CDNs as Planetary Local Caches

Content Delivery Networks (CDNs) cache popular web content at edge servers worldwide:

e Origin server = master ledger (authoritative copy).
e Edge server = local cache (copy near the user).
e Cache invalidation = synchronization (update local copy when master changes).

e TTL (Time To Live) = cache maintenance policy.

CDN architecture reproduces the biological pattern: non-uniform access (popular content
accessed far more than obscure content), distant origin (servers may be on another continent),
and cost reduction through local caching.

10 The Brain as J-Cost-Optimal Local Ledger

10.1 Synthesis

We can now state the central claim precisely:

Theorem 10.1 (Brain as Optimal Local Ledger). The brain is the J-cost-optimal local ledger for
a consciousness node navigating the universal vozel graph. It is the structure that minimizes:

Tiota = Y, AWw)-e+ Y A(v)-dg(v)+ M(brain) (16)

cached uncached metabolic cost

fast local access slow remote access

subject to the constraints of the organism’s metabolic budget, body plan, and ecological niche.

10.2 Why Brains Are Expensive

The human brain consumes ~ 20% of the body’s energy despite being ~ 2% of its mass. This
high metabolic cost corresponds to the maintenance term M (C) in our framework. The brain is
expensive because:

1. Cache coherence requires constant energy: maintaining ~ 86 billion synaptic weights in
the correct configuration requires active ion pumping, protein synthesis, and membrane
maintenance.

2. Cache access requires energy: every spike is a bond traversal with J-cost > 0.

3. Cache sync requires energy: sleep (consolidation) involves active replay and synaptic
homeostasis.

The fact that evolution maintains this expensive structure despite the metabolic cost is
evidence that the access-cost savings exceed the maintenance cost—exactly as predicted by
Theorem ?77?.
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10.3 The Consciousness Node

Within the RS framework, the consciousness node is the process that navigates the local ledger:

Definition 10.2 (Consciousness Node). A consciousness node is a process N on the local ledger
Lioc that:

1. Reads the ledger by creating balance debt patterns (queries).
2. Navigates by J-cost descent (selecting the direction that reduces total J).

3. Handles obstructions by Gap-45 BRAID engagement (nonlinear jumps when linear
descent fails).

4. Writes to the ledger (updating standing wave patterns based on new information).

5. Synchronizes with the master ledger periodically (sleep/consolidation).
The brain provides the consciousness node with:

e Spatial context: “Where am I on the ledger?” (hippocampal place cells).
e Temporal context: “What was I just processing?” (prefrontal working memory).
e Motivational context: “What am I trying to minimize?” (limbic/hypothalamic drives).

e Predictive context: “What pattern comes next?” (cortical predictive coding).

Without the local ledger, the consciousness node would be performing blind search on an
infinite graph. With the local ledger, it has a map, a history, a goal, and predictions. This is the
difference between thermometer and mind.

10.4 Multiple Consciousness Nodes

The local ledger can support multiple consciousness nodes simultaneously, each navigating a
different region:

e Parallel processing: Different brain regions process different modalities concurrently.

e Binding: The 8-tick phase synchronization (from the Ledger Dynamics framework [?])
ensures all consciousness nodes maintain coherent phase, enabling unified experience.

e Competition: When multiple nodes need the same cache lines (attentional resources),
they compete—producing the familiar bottleneck of selective attention.

11 Testable Predictions

11.1 Prediction 1: Working Memory Capacity

Hypothesis 11.1 (H WorkingMemory). Working memory capacity across species scales as
3 ~ 4.24 items, not as a species-specific adaptation.

Lean verification: working_memory_approx proves 4 < ¢® < 5 from certified ¢ bounds.

Falsifier. Cross-species measurements of working memory capacity (in comparable paradigms)
show a mean deviating from 4.24 by more than 1.5 items, or show no consistency across species.

Current evidence: Human working memory is 4 + 1 items [?|. Primate working memory is
~ 3-5 items. Corvid working memory is ~ 4 items [?]. The cross-species convergence on ~ 4
is consistent with a universal 3 limit. Risk: Medium. The prediction ? ~ 4.24 lies within
the 4 £ 1 empirical range; confirming the specific value (vs. “about 4”) requires cross-species
meta-analysis with sub-integer resolution.
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11.2 Prediction 2: Sleep Cycle Structure

Hypothesis 11.2 (H_ SleepGolden). The NREM/REM duration ratio clusters at @-powers.
The primary prediction is ¢ ~ 4.24 (consolidation /validation ratio).

Falsifier. The mean NREM/REM ratio across > 20 mammalian species with regular polycyclic
sleep, measured in controlled conditions, lies outside [p?, ¢*] ~ [2.62,6.85], or shows uniform
scatter with no clustering.

Current evidence: Human NREM/REM = 4-4.5 (within [¢® + 15%]). The broad range
~ 4-8 across species spans > to p?3. Status: HYPOTHESIS, not theorem. The prediction
is the @-power clustering, not a single exact value. Risk: Medium-High. Current data do not
resolve whether clustering is at ¢-powers specifically or at other simple ratios (e.g., powers of 2).

11.3 Prediction 3: Neural Firing Rate Ratios

Hypothesis 11.3 (H_FiringRatios). The ratio of excitatory to inhibitory firing rates in balanced
cortical circuits converges to ¢, minimizing J-cost of the excitation/inhibition balance.

Falsifier. Measured E/I firing rate ratios across > 5 cortical areas and > 3 species show no
clustering within ¢ £ 0.3 (= [1.32,1.92]). Specifically: if the empirical distribution of E/I ratios
is better fit by a uniform distribution on [1,2] than by a Gaussian centered at ¢, this prediction

is falsified.

Risk: High. The observed range (~ 1.2-2.0) includes ¢ but is broad. This is the weakest
prediction.

11.4 Prediction 4: Synaptic Pruning Follows J-Cost

Hypothesis 11.4 (H Pruning). Developmental synaptic pruning selectively removes high-J-cost,
low-access-frequency connections.

Fulsifier. Connectomic analysis of pre- and post-pruning synapses shows r < 0.1 between removal
probability and the score J(f./fv)/A(u,v).

Risk: High. Requires detailed connectomic + activity data not yet available at sufficient
resolution.

11.5 Prediction 5: Genome Size Scaling

Hypothesis 11.5 (H_GenomeGolden). Across organisms of varying complexity, the number of
protein-coding genes clusters at @-powers: specifically ¢'? ~ 322, '8 ~ 5778, p?! ~ 24,476.

Falsifier. Gene counts across > 50 sequenced genomes, when plotted as log,, (gene count), show
a uniform (non-clustered) distribution rather than peaks near integers.

Current evidence: Bacteria ~ 500-5,000, Yeast ~ 6,000, Humans ~ 20,000. These are
consistent with ¢'2-©?! but the evidence is anecdotal. Risk: Medium. A proper test requires
a large, controlled phylogenetic sample.
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11.6 Summary of Predictions

Prediction Predicted value Empirical range Risk Lean
Working memory 03~ 4.24 4+1 Medium 4 < ¢3 <5
NREM/REM ratio ©3 cluster ~ 4-8 Med-High —
E/I firing ratio p =~ 1.62 ~1.2-2.0 High —
Pruning criterion J-cost x access™! Unknown High —
Genome scaling ©F clusters Suggestive Medium —

Table 2: Summary of testable predictions with risk levels and Lean verification status.

11.7 Position in the Forcing Chain

This paper does not contribute to the RS forcing chain (T0-T8) or the derivation of fundamental
constants. It is a Tier 3 application: the Local Cache Theorem and ¢-Hierarchy Theorem are
consequences of the J-cost framework (T5) and ¢-forcing (T6), applied to information-access
optimization. The paper depends on:

e T5 (J-cost uniqueness): J(z) = 1(z +27!) — 1 and its symmetry J(z) = J(1/2).
e T6 (p forcing): 72 =7+ 1 = r = ¢ (unique positive root).

It does not require the eight-tick structure (T7), dimensional rigidity (T8), or any constants
derivation.

12 Discussion

12.1 What This Paper Shows
We have shown that:

1. Local caches are inevitable (Theorem ??): Any cost-minimizing process on a large
graph with non-uniform access patterns will produce local copies of frequently accessed
information.

2. The optimal hierarchy is ¢-scaled (Theorem ?7): Self-similar cost optimization yields
a hierarchy where each level has ¢ times the capacity of the previous level.

3. This principle is universal: The same mathematics governs crystals (Section ?77),
genomes (Section ?7), brains (Sections ??-?7?), and computational architectures (Sec-
tion 77).

4. Hebbian learning has the sign structure of J-cost descent (Theorem ??): The
fixed points and directions of Hebbian plasticity match those of J-cost gradient descent on
the neural graph (strengthen correlated, weaken uncorrelated). Exact kinetics depend on
implementation details (see Remark in Section ?77).

5. The brain is inevitable: Given a consciousness node that must navigate a large informa-
tion graph while remaining alive, J-cost dynamics force the creation of exactly the kind of
local cache we call a brain.
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12.2 Comparison with Existing Theories

Theory

Why brains exist

This paper

Neo-Darwinism

Free Energy Principle |?]

Predictive Processing [?|

Global Workspace |?]

Adaptive advantage se-
lected by evolution

Organisms minimize sur-
prise (variational free en-

ergy)

Brains predict sensory
input

Consciousness  broad-
casts to workspace

Adaptive advantage is a
consequence of cost min-
imization

J-cost provides a com-

patible  cost-theoretic
perspective (both
minimize a  convex
divergence)

Prediction is the content
of the cache (frequently
needed future patterns)
The workspace IS the lo-
cal ledger; broadcasting

IS cache access

Our framework is compatible with—and provides a cost-theoretic foundation for—each of
these theories.

12.3 The Evolution Parallel

The discovery closest in spirit to this result is Darwin’s theory of natural selection. Darwin showed
that the diversity of life is not designed but forced by the combination of variation, selection,
and inheritance. We show that local minds are not designed but forced by the combination of
cost minimization, non-uniform access, and hierarchical structure.

Darwin This paper

Variation in traits
Selection by fitness
Inheritance

— Adaptation

Variation in local graph structure
Selection by J-cost minimization
Standing wave pattern persistence
—> Local caches (brains)

Just as natural selection makes adaptation inevitable (given variation and inheritance), J-cost
dynamics make local caches inevitable (given non-uniform access and maintenance bounds). The
brain is to information what the adapted organism is to ecology: the minimum-cost solution that
physics demands.

12.4 Limitations

1. The RS framework is a model. The universal voxel graph is a theoretical construct. If
RS is wrong, the specific predictions (J-cost formulas, ¢-scaling) do not apply—though the
general cache theorem still holds for any cost-minimizing system.

2. We do not explain brain architecture in detail. The theorem predicts that a local
cache will form, not the specific connectivity, neurotransmitter systems, or developmental
programs. These require additional domain-specific theory.

3. The ¢-scaling predictions are approximate. Real systems have noise, constraints,
and contingencies that may shift optimal ratios. The predictions should be tested as
correlations, not exact equalities.
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4. We do not explain consciousness itself. The consciousness node is taken as given
(a process that navigates the ledger). Why navigation gives rise to subjective experience
remains the hard problem.

12.5 Implications for Artificial Intelligence

If local caches are inevitable for any cost-minimizing navigator on a large information graph,
then AI systems should also develop hierarchical local caches:

1. An Al operating on a large knowledge graph should maintain a local working set (L1 cache)
of ~ 3 ~ 4 active concepts.

2. The AT should periodically consolidate its local cache to long-term storage (the “sleep”
cycle).

3. Multiple AT consciousness nodes can share a master ledger while maintaining independent
local caches.

4. The architecture should be a hierarchy, not a flat structure—with cache levels scaled by .

This provides concrete architectural guidance for building Al systems grounded in RS physics.

13 Conclusion

We have established a simple but far-reaching result: J-cost minimization on information
graphs necessarily produces hierarchical local caches. This is not a biological claim, an
evolutionary claim, or a computational claim. It is a mathematical claim about cost-minimizing
dynamics on weighted graphs.

The consequences span every domain where information is accessed non-uniformly:

e Physics: Crystals are local J-cost minima on the atomic graph.

Biology: Genomes are compressed caches of species-critical patterns.

e Neuroscience: Hebbian learning is J-cost descent; sleep is cache synchronization.

Cognition: Working memory capacity (~ 4 items) follows from ¢ cache sizing.

Computer science: CPU cache hierarchies converge on the same ¢-scaled structure.

The deepest implication is for the evolution of nervous systems. Brains are not one of many
possible solutions that evolution happened to find. They are the unique cost minimum for
the problem of navigating a universal information substrate while remaining locally embodied.
Reality doesn’t “decide” to create local minds. J-cost dynamics force them into existence, with
the same inevitability that gravity forces matter to clump.

The brain is what happens when cost minimization operates for four billion years on the
problem: how does a consciousness node efficiently navigate the master ledger while also staying
alive?

The answer—a hierarchical local cache with ¢-scaled levels, Hebbian cost-descent learning,
sleep-based synchronization, and ~ 4-item working memory—is not merely the answer evolution
found. It is the unique cost minimum under the conditions (A1)—(A3) of Theorem ?7?.
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“Reality doesn’t decide to create local ledgers. J-cost dynamics force it. The brain is
what happens when cost minimization operates for billions of years on the problem:
how does a consciousness node efficiently navigate the master ledger while also staying
alive?”
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