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Abstract

We prove that concept entanglement in neural network activation spaces is a mathe-
matical consequence of high-dimensional encoding. When k concepts are encoded
across d ≫ k dimensions, every direction in the informative subspace carries all k
concepts, with entanglement intensity converging to c > 1 as d/k → ∞. The proof
uses concentration of measure on the sphere, the Johnson-Lindenstrauss lemma,
and PCA’s variance-concentrating property. Four corollaries follow: superlinear
amplification (∼ 2× for k = 3), concept-type independence, a specialist bound
for compositional architecture, and geometric limits on surgical concept editing.
Eight experiments across three architectures (GPT-2 to Qwen-7B) confirm every
prediction: entanglement intensity exceeds 1.0 at all terminal layers, random pro-
jections reproduce it at m/r ≥ 32, PCA reverses it, and the pattern is independent
of concept type or model scale. The cardinality condition (dmax < r/2) is shown
to be empirically necessary via an adversarial test. These results establish that
entanglement is geometric—a consequence of the representational geometry the
model selects—with consequences for interpretability, alignment, and architecture.
The bound holds for a given informative subspace rank r; the model determines r
through its compression strategy, and empirical evidence shows that fine-tuning at
sufficient scale can expand r to eliminate entanglement entirely [McEntire, 2026b].

1 Introduction

The workhorse assumption of mechanistic interpretability is that concepts occupy separable subspaces.
Train a linear probe for a concept, and the weight vector points toward a concept-specific direction.
Remove that direction, and the concept should vanish while others remain. INLP [Ravfogel et al.,
2020] operationalizes this. The superposition hypothesis [Elhage et al., 2022] acknowledges shared
dimensions but treats individual features as approximately separable.

This assumption is wrong, and the reason has nothing to do with training.

Over eight experiments [McEntire, 2025a], we measured both discrimination geometry (how classi-
fiers use directions) and activation geometry (what directions actually encode) across four transformer
architectures. Directions that are concept-pure for classification are never concept-pure in their
activations. Every informative direction carries all concepts simultaneously.

The critical experiment: random Gaussian projections of learned activations to ≥448 dimensions
reproduce the full entanglement (EI ≈ 1.50), while projections to the 7-dimensional informative rank
show near-baseline entanglement. PCA reverses the phenomenon. Entanglement follows from the
geometry of encoding k concepts in a d ≫ k dimensional space with informative rank r—it is a
mathematical consequence of the representational geometry the model adopts, not of the specific
weights learned.
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Adjacent work identifies related phenomena without the geometric cause. Mueller et al. [Mueller et al.,
2025] find one-to-many feature-concept relationships. CAV disentanglement methods [Erogullari
et al., 2025] treat entanglement as correctable. Entanglement-guided unlearning [Liu et al., 2025]
treats it as navigable. These approaches assume entanglement is a training artifact. We show it is
a geometric consequence of the model’s chosen representational strategy: for a given informative
subspace rank r, the concentration-of-measure bound determines a minimum EI. The model chooses
r through its compression of training data; sufficient capacity and appropriate training signal can
expand r enough to disentangle [McEntire, 2026b].

This paper proves the theorem. Concentration of measure ensures every direction carries all concepts
(Lemma 1). JL preservation shows dimensionality reduction maintains entanglement (Lemma 2).
PCA escapes it by concentrating into the concept-aligned subspace (Lemma 3). Four corollaries
derive consequences for scaling, independence, specialist architecture, and alignment.

2 Definitions

Definition 1 (Multi-concept activation encoding). Let X ∈ Rn×d be the activation matrix for n
probes in a layer with hidden dimension d. Let c1, . . . , ck be k concept labelings with mj classes each,
m =

∑
j mj . The multi-concept encoding is W = (X⊤X + αI)−1X⊤Y with one-hot Y ∈ Rn×m,

and SVD W = UΣV ⊤ with informative rank r =
∑

j(mj − 1).

Definition 2 (Discrimination vs. activation geometry). The discrimination geometry is the V-
matrix structure: direction i’s concept loading is ℓ

(i)
j = ∥V ⊤

i [j-block]∥2, with purity π(i) =

maxj ℓ
(i)
j /

∑
j ℓ

(i)
j . The activation geometry is the damage matrix: ∆

(i)
j = accj(X) − accj(X −

(Xui)u
⊤
i ), where accj is LOO-CV classification accuracy for concept j.

Definition 3 (Entanglement intensity). EI =
∑

i

∑
j ̸=j∗(i) ∆

(i)
j

/∑
i ∆

(i)
j∗(i), where j∗(i) =

argmaxj ∆
(i)
j . EI > 1 means each direction damages other concepts more than its own.

3 The Entanglement Theorem

Lemma 1 (Directions are almost surely mixed). Let v ∈ Sd−1 and Pj project onto a dj-dimensional
concept subspace with

∑
j dj = r ≤ d. Then E[∥Pjv∥2] = dj/d and Pr[|∥Pjv∥2 − dj/d| > t] ≤

2 exp(−dt2/8).

Proof. Standard: symmetry gives the expectation; f(v) = ∥Pjv∥2 is 2-Lipschitz on Sd−1, so Lévy’s
inequality [Ledoux, 2001] gives the tail bound. Full proof in Appendix A.

Lemma 2 (Random projection preserves entanglement). For random Gaussian R ∈ Rd×m with
m ≥ C log(n)/ϵ2: |EI(XR)− EI(X)| ≤ g(ϵ, k) → 0. If m ≤ r, then EI(XR) → 0 as m/r → 0.

Proof. JL [Johnson and Lindenstrauss, 1984] preserves pairwise distances to (1±ϵ); damage depends
on these distances; EI is their ratio. At m ≤ r, the projected space cannot represent r independent
informative directions. Full proof in Appendix A.

Lemma 3 (PCA concentrates into concept-pure directions). PCA to r dimensions satisfies
EI(XPCA) ≤ EI(X), with strict inequality when concept variance profiles differ.

Proof. PCA selects maximum-variance directions, which align with between-class variance. In
the resulting r-dimensional space where r ≈ k, concentration of measure is weak. Full proof in
Appendix A.

Theorem 4 (Universal Entanglement). Let X ∈ Rn×d encode k concepts with informative rank r
and d ≫ r. Then:

1. (Entanglement) Every SVD direction ui carries all k concepts: ∆(i)
j > 0 for all j, i.

2. (Intensity) If dmax = maxj(mj − 1) < r/2, then EI ≥ (r − dmax)/dmax −O(r/d) > 1.
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3. (Dimensional dependence) Random projection: m ≥ 32r ⇒ EI(XR) ≈ EI(X); m ≤
r ⇒ EI(XR) ≈ 0.

4. (PCA escape) EI(XPCA) < EI(X).

Proof sketch. Part 1: The r-dimensional informative subspace lives in Rd with d ≫ r. Factorial
design ensures no concept is constant along any informative direction. Removing ui destroys
information about all concepts simultaneously. Part 2: By Lemma 1, the owner concept’s share of
damage satisfies ∆(i)

j∗ /Di ≤ dj∗/r+O(r/d). Summing: EI ≥ (r− dmax)/dmax −O(r/d). For the
experimental setting (dmax = 3, r = 7): bound gives EI ≥ 1.33, consistent with observed 1.4–1.6.
Parts 3–4: Follow from Lemmas 2 and 3. Full proofs in Appendix A.

4 Corollaries

Corollary 5 (Superlinear amplification). EIk > EI2 for k ≥ 3: the kth concept amplifies interference
among existing concepts, not just adds its own.

Corollary 6 (Concept-type independence). EI depends on d, k, and cardinalities mj , not on concept
semantics.

Corollary 7 (Specialist bound). A model tracking ki ≪ k concepts has EI ≤ f(d/ki), providing a
geometric argument for compositional over monolithic architecture.

Corollary 8 (Alignment implication). Surgical concept editing is geometrically limited:
minj ̸=j∗ ∆

(u)
j > 0 for all informative u.

Proofs and experimental confirmations for each corollary are in Appendix B and C.

5 Empirical Validation

We validate the theorem’s predictions across three architectures: GPT-2 (124M, d=768), Qwen-0.5B
(494M, d=896), and Qwen-7B (7B, d=3584). All experiments use 160 factorial probes crossing 3
concept dimensions (k=3, r=7).

5.1 Universal entanglement (Theorem 4, Part 1)

Table 1 reports the damage matrix from layer 27 of Qwen-7B. All 21 entries (7 directions × 3
concepts) show substantial damage (minimum 38.8%). The experiment replicates across all four
models tested (GPT-2, Qwen-0.5B, Qwen-7B, Qwen-7B-Instruct), spanning a 60× parameter range,
with EI > 1.0 at all terminal layers (1.44, 1.39, 1.50, 1.53).

Table 1: Damage matrix at Qwen-7B layer 27. Every direction damages all three concepts.

Dir V-attribution ∆dom ∆reg ∆shp

0 shape 0.738 0.513 0.881
1 shape 0.719 0.494 0.850
2 domain 0.831 0.506 0.763
3 shape 0.644 0.488 0.856
4 register 0.725 0.594 0.738
5 domain 0.788 0.531 0.600
6 domain 0.781 0.388 0.625

5.2 Dimensional dependence (Theorem 4, Parts 2–3)

Table 2 reports random projection results across all three architectures.

EI crosses 1.0 at m/r ≈ 32 in GPT-2 and Qwen-7B, and at m/r ≈ 64 in Qwen-0.5B; all three
saturate by m/r = 64. PCA reverses entanglement at all dimensions. Shuffled labels and noise
establish the baseline at EI ≈ 0.4.
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Table 2: EI under random projection across three architectures. The JL transition at m/r ≈ 32 is
consistent regardless of native dimension d. PCA reduces EI below baseline.

EI

Condition Dim GPT-2 Qwen-0.5B Qwen-7B

Learned (full) — 1.437 1.391 1.499

Random proj. 7 .36± .19 .16± .11 .18± .10
Random proj. 28 .35± .12 .34± .11 .41± .12
Random proj. 112 .28± .17 .27± .07 .45± .23
Random proj. 224 1.34± .22 .76± .10 1.30± .07
Random proj. 448 1.48± .04 1.29± .11 1.50± .05

PCA 7 0.470 0.339 0.312
PCA 28 0.027 0.086 0.099

Shuffled full .51± .19 .43± .12 .40± .09
Noise full .42± .07 .40± .05 .37± .07

Adversarial cardinality test. To test bound tightness, we relabeled probes so dmax/r = 0.78 >
0.5, violating the cardinality condition. Results: EI = 0.88 (GPT-2), 0.69 (Qwen-0.5B), 0.75 (Qwen-
7B)—all above the lower bound (0.29), all below 1.0. The cardinality condition is empirically
necessary for strong entanglement.

5.3 Superlinear amplification (Corollary 5)

Triple EI exceeds mean pairwise EI by 1.87× (GPT-2) and 2.15× (Qwen-7B). Nesting two concepts
into one reduces EI below the pairwise baseline, confirming that independent concept axes—not
rank—drive entanglement.

5.4 Concept-type independence (Corollary 6)

Replacing linguistic concepts with software engineering concepts (type system, application area,
paradigm) produces EI > 1.0 in both GPT-2 (1.44) and Qwen-7B (1.24), with superlinear amplifica-
tion of 1.89×.

5.5 Additional confirmations

Crystallization dynamics. Dense layer profiling reveals an S-curve phase transition. Larger Qwen
models crystallize earlier (depth 0.30 for 7B vs. 0.87 for 0.5B), but GPT-2 (124M) crystallizes earlier
than Qwen-0.5B (494M). All saturate at EI ∼1.4–1.6. RLHF effect. Instruction tuning accelerates
crystallization (depth 0.22 vs. 0.30), decreases V-matrix purity, and increases EI at every layer.

6 Discussion

Interpretability. The theorem bounds the collateral damage of any direction-level intervention.
Subspace methods [McEntire, 2025b] can control the trade-off via the PCA escape. Methods should
be evaluated on activation geometry, not just discrimination geometry.

Alignment and architecture. RLHF diffuses concept structure into the entangled encoding rather
than adding a separable direction, making alignment properties hard to isolate. The specialist bound
provides the escape: route concepts through modules where ki is small. More broadly, superlinear
amplification makes compositional architecture geometrically necessary for concept separability, not
merely convenient. This connects to the Crawford-Sobel communication model [Crawford and Sobel,
1982]: even a cooperative sender cannot transmit concept-pure signals through a high-dimensional
shared channel.

Related work. Mueller et al. [Mueller et al., 2025] find one-to-many feature-concept relationships;
our damage matrix shows all-to-all entanglement with a discrimination-activation dissociation absent
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from their framework. Erogullari et al. [Erogullari et al., 2025] treat entanglement as correctable
via orthogonalization; the theorem places a geometric floor for a given subspace rank r, though the
model can lower that floor by expanding r. Liu et al. [Liu et al., 2025] navigate entanglement via loss
reweighting; the specialist bound predicts separate modules would be more effective.

7 Conclusion

Universal entanglement is a theorem, not an observation. When k concepts are encoded in d ≫ k
dimensions with informative rank r, every informative direction carries all concepts, with intensity
that saturates as d/k grows. Eight experiments confirm every prediction across three architectures
spanning a 60× parameter range. The cardinality condition (dmax < r/2) is both sufficient and
empirically necessary.

The theorem bounds EI for a given subspace rank r. It does not constrain the model’s choice of
r. Empirical evidence [McEntire, 2026b] shows that fine-tuning can drive EI to zero at sufficient
scale (Qwen-32B, 8 seeds, EI = 0.000± 0.000), indicating that models can choose representational
geometries that escape the bound by expanding r. Entanglement is therefore diagnostic of how the
model compresses: high EI signals aggressive compression into a low-rank subspace; EI collapse after
fine-tuning signals that the model has expanded its representational subspace to separate concepts.
The consequences extend beyond neural networks: any system encoding multiple signals through
shared high-dimensional channels faces the same geometry for a given encoding rank. The specialist
bound and subspace expansion identify the escapes.
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NeurIPS Paper Checklist

1. Claims
(a) Do the main claims made in the abstract and introduction accurately reflect the paper’s

contributions and scope? [Yes] The abstract states a theorem with four parts and four
corollaries, each validated by specific experiments.

2. Limitations
(a) Does the paper discuss the limitations of the work performed by the authors? [Yes] The

adversarial cardinality test identifies where the theorem’s sufficient condition becomes
necessary. The factorial design structure is acknowledged as a scope limitation.

3. Theory Assumptions and Proofs
(a) For each theoretical result, does the paper provide the full set of assumptions and a

complete proof? [Yes] Proof sketches in main text; full proofs in supplementary.
4. Experimental Result Reproducibility

(a) Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or
conclusions of the paper? [Yes] All models are public (GPT-2, Qwen-0.5B, Qwen-
7B), all 160 probes are listed in the companion paper, code uses standard libraries
(scikit-learn, PyTorch).

5. Open access to data and code
(a) Does the paper provide open access to the data and code, with sufficient instructions

to faithfully reproduce the main experimental results? [Yes] Code and full results are
available at the Zenodo DOI. Raw activation data and JSON results are hosted on
HuggingFace (jmcentire/paper8-data).

6. Experimental Setting/Details
(a) Does the paper specify all the training and test details necessary to understand the re-

sults? [Yes] Ridge alpha, LOO-CV protocol, probe counts, layer indices, and projection
dimensions are specified.

7. Experiment Statistical Significance
(a) Does the paper report error bars suitably and correctly? [Yes] Random projection and

baseline results report mean ± std over 5 seeds.
8. Experiments Compute Resources

(a) For each experiment, does the paper provide sufficient information on the computer
resources needed to reproduce the experiments? [Yes] All experiments run on a single
A100 GPU in under 1 hour.

9. Code Of Ethics
(a) Does the research conducted in the paper conform, in every respect, with the NeurIPS

Code of Ethics? [Yes]
10. Broader Impacts

(a) Does the paper discuss both potential positive societal impacts and negative societal
impacts of the work performed? [Yes] The alignment implication (Section 5) discusses
consequences for AI safety. The specialist bound suggests architectural mitigations.

11. Safeguards
(a) Does the paper describe safeguards that have been put in place for responsible release

of data or models? [NA] The paper proves a mathematical theorem about existing
models. No new models or datasets with safety concerns are released.

12. Licenses
(a) Are the creators or original owners of assets used in the paper properly credited and are

the license and terms of use explicitly mentioned and properly respected? [Yes] All
models (GPT-2, Qwen) are publicly available under permissive licenses.

13. New Assets
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(a) Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets? [Yes] Experimental code and results are documented in
the companion empirical paper and Zenodo deposit.

14. Crowdsourcing and Research with Human Subjects
(a) For crowdsourcing experiments and research with human subjects, does the paper

include the full text of instructions given to participants and screenshots, if applicable?
[NA] No human subjects research.

15. Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects
(a) Does the paper describe potential risks incurred by study participants? [NA] No human

subjects.
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A Full Proofs

A.1 Proof of Lemma 1

Let v ∈ Sd−1 be a unit vector in Rd, and let Pj ∈ Rd×d be the orthogonal projector onto a
dj-dimensional concept subspace Sj , with

∑
j dj = r ≤ d.

Expectation. For v uniformly distributed on Sd−1, the squared projection onto any dj-dimensional
subspace has E[∥Pjv∥2] = dj/d by symmetry: each coordinate of a uniformly random unit vector
has expected squared magnitude 1/d, and Pj selects dj coordinates (in an appropriate basis).

Concentration. The function f(v) = ∥Pjv∥2 is 2-Lipschitz on Sd−1 (since ∥Pj∥op = 1 and
∇f(v) = 2Pjv with ∥∇f∥ ≤ 2). Lévy’s isoperimetric inequality [Ledoux, 2001] gives:

Pr [|f(v)− Med(f)| > t] ≤ 2 exp

(
− (d− 1)t2

8

)
Since |Med(f)− E[f ]| ≤ O(1/d), replacing the median with the expectation introduces a negligible
correction for d ≫ 1, yielding the stated bound.

A.2 Proof of Lemma 2

The JL lemma [Johnson and Lindenstrauss, 1984] states: for n points in Rd and ϵ ∈ (0, 1), a random
linear map R : Rd → Rm with m ≥ C log(n)/ϵ2 preserves all

(
n
2

)
pairwise distances to within

(1± ϵ) with probability ≥ 1− 2n−1.

The damage ∆
(i)
j depends on LOO-CV accuracy, which is determined by the pairwise distances

between probe activations (the Ridge classifier’s decision boundary depends on the Gram matrix
X⊤X). With JL preservation, the Gram matrix of XR approximates that of X to within a multiplica-
tive (1± ϵ)2 factor. The LOO-CV classifier’s decisions are unchanged for sufficiently small ϵ, so the
damage values are preserved up to g(ϵ, k) = O(ϵ · k).

For m ≤ r: a random m-dimensional subspace of Rd captures approximately m/d of each direc-
tion’s energy (Lemma 1). When m ≪ r, the projected space cannot represent all r informative
directions simultaneously, and the projected activation matrix has effective rank < r, causing concept
classification to approach chance and damage values to approach zero.

A.3 Proof of Lemma 3

PCA selects the r directions of maximum variance from the centered data X̄ = X − x̄. The total
variance decomposes as:

Var(X̄) =
∑
j

Varbetween(cj) + Varwithin

PCA’s top components capture the largest eigenvalues, which correspond to the directions with the
most between-class variance. If concept j has the largest between-class variance along a particular
eigenvector, that eigenvector is approximately aligned with concept j’s discriminant direction.

In the PCA-projected space XPCA ∈ Rn×r, the ambient dimension equals the informative rank
(d = r). Lemma 1’s concentration bound becomes weak: with dj/d ≈ 1/k instead of dj/d ≈
r/(kd) → 0, the expected projection of any direction onto a concept subspace is O(1/k), not
exponentially small. Moreover, PCA’s variance-maximizing criterion biases the selected directions
toward concept boundaries, further increasing concept purity. The combination of low ambient
dimension and variance-aligned selection yields EI(XPCA) ≤ EI(X), with equality only when all
concepts have identical variance structure.

A.4 Proof of Theorem 4

Part 1. The SVD directions u1, . . . , ur span the r-dimensional informative subspace of W =
(X⊤X +αI)−1X⊤Y in Rd with d ≫ r. The activation covariance X⊤X +αI is full-rank, so SVD
directions are not constrained to any concept subspace. By the factorial design, each probe instantiates
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all k concepts simultaneously, so Xui covaries with all k concepts. Formally, I(cj ;Xui | c−j) > 0
for all j and σi > 0, since independence would contradict the multi-output regression including
concept j.

Part 2. By Part 1, each direction damages all concepts. The owner’s share: ∆(i)
j∗ /Di ≤ dj∗/r +

O(r/d), because Lemma 1 constrains activation content in Rd while the V-matrix bias operates in Rr,
contributing O(r/d) to total content. Summing over all r directions: diag share ≤ dmax/r+O(r/d).
Since EI = (1− diag)/diag: EI ≥ (r − dmax)/dmax −O(r/d). For dmax < r/2: EI > 1.

Part 3. Direct from Lemma 2. Part 4. Direct from Lemma 3.

B Corollary Proofs

B.1 Proof of Corollary 5

With k′ < k concepts, the informative rank r′ =
∑

j∈S(mj − 1) < r, and each direction distributes
damage across fewer non-owner concepts. Adding concept ck changes the SVD by adding mk − 1
dimensions to the informative subspace, redistributing activation content across directions in a way
that increases interference between all pairs. The off-diagonal damage grows superlinearly because
each new concept axis intersects all existing informative directions.

B.2 Proof of Corollary 6

The theorem’s bounds depend on d, r, and dj = mj − 1—geometric quantities independent of
concept semantics. The structural component (which pairs interfere more) depends on between-class
covariance structure, but total EI does not.

B.3 Proof of Corollary 7

By Theorem 4 Part 2, EI is a function of d/ki (through ri and dmax,i). For ki ≪ k, the specialist’s
entanglement ceiling is lower. Since EI saturates empirically by d/k ≈ 64, specialists with ki small
enough that d/ki < 64 operate below saturation.

B.4 Proof of Corollary 8

Direct restatement of Part 1: every informative direction carries all concepts, so any modification
produces positive off-diagonal damage.

C Additional Experiments

C.1 Superlinear amplification (v10)

Table 3: Pairwise vs. triple EI. Amplification exceeds 1.5× in both models.

Model Config EI vs. triple

GPT-2

Mean pairwise 0.719 —
Triple 1.346 1.87×
Nested dom×reg + shp 0.735 —

Qwen-7B

Mean pairwise 0.670 —
Triple 1.444 2.15×
Nested dom×reg + shp 0.616 —

C.2 Concept-type independence (v12)

C.3 Crystallization dynamics (v7)

Dense layer profiling reveals entanglement follows an S-curve phase transition. Within the Qwen
family, larger models crystallize earlier (depth 0.30 for 7B vs. 0.87 for 0.5B), but across architectures,
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Table 4: Original linguistic concepts vs. software engineering concepts.

Original SE concepts
Model Triple EI Pair mean Triple EI Pair mean

GPT-2 1.346 0.719 1.441 0.693
Qwen 7B 1.444 0.670 1.242 0.732

GPT-2 (124M) crystallizes earlier than Qwen-0.5B (494M). All models saturate at EI ∼ 1.4–1.6,
consistent with the theorem’s prediction that saturation depends on k, not architecture.

C.4 RLHF effect (v8)

Instruction tuning accelerates crystallization (transition at depth 0.22 vs. 0.30 for base), decreases
V-matrix purity at 6/7 directions, and increases EI at every sampled layer. RLHF does not add a
separable “compliance direction”—it diffuses existing concept structure.

C.5 Cardinality decomposition (v10)

Equalizing concept cardinality (2 × 2 × 2) nearly eliminates cross-talk asymmetry in Qwen-7B
(invasiveness spread: 1.15 → 0.13) but not in GPT-2 (spread: 0.85 → 1.54). This decomposes entan-
glement into bandwidth (cardinality-dependent) and structural (concept-type-dependent) components.

C.6 Adversarial cardinality test (v9b)

Relabeling probes with dmax/r = 0.78 > 0.5 (violating the Part 2 sufficient condition): GPT-2
EI = 0.88, Qwen-0.5B EI = 0.69, Qwen-7B EI = 0.75. All exceed the theorem’s lower bound
(0.29) but remain below 1.0, confirming the cardinality condition is empirically necessary for strong
entanglement.

D Unification of Eight Experiments

The eight experiments map onto the theorem as follows:

1. v5 (factorial decomposition): Part 1 — the founding observation.
2. v6 (cross-model): Part 1 across four architectures.
3. v7 (dense profiling): Part 2 transition dynamics across depth.
4. v8 (RLHF): How additional constraints modify the Part 2 curve.
5. v9/v9b (random projection): Parts 2–4 — the critical dimensional dependence test.
6. v10 (cardinality & pairwise): Corollary 5 and bandwidth/structural decomposition.
7. v11 (nesting): Mechanism of Corollary 5.
8. v12 (SE concepts): Corollary 6.

Before the theorem, these were eight empirical results sharing a qualitative pattern. After the theorem,
they are parameterizations of one geometric phenomenon. The connection to concentration of
measure [Ledoux, 2001, Vershynin, 2018, ?] is direct: universal entanglement is what concentration
of measure looks like when it operates on the informative directions of a multi-concept encoding.

E Communication-Theoretic Interpretation

The theorem maps onto the Crawford-Sobel strategic communication model [Crawford and Sobel,
1982]. A transformer layer is a shared channel carrying multiple concept signals. The entanglement
theorem adds a geometric constraint: even if the sender wants to transmit concept-pure signals,
the high-dimensional encoding makes it impossible. The Generative Lossy Channel framework
extends this to organizational settings: compression under selection produces systematic drift, and
the entanglement theorem specifies that every gap is connected to every other gap through the shared
encoding.
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Superlinear amplification has direct organizational implications: adding a new independently mon-
itored variable amplifies interference among all existing variables, whether in neural networks or
management dashboards.
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