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Abstract

A recent paper from Carnegie Mellon University and the University of Maryland (Lee et al.,

2026, arXiv:2605.26099) proposes a sleep-like memory consolidation mechanism for large

language models. During a sleep phase, the model performs N offline recurrent passes over

accumulated context, iteratively updating the fast weights of its state-space model (SSM)

blocks before evicting the key-value cache. The result is deeper reasoning over context the

model can no longer directly attend to, with no increase in inference-time latency. This

article situates that finding within four convergent theoretical frameworks: (1) the Right

Brain AI (RAI) / Resonant Stack architecture; (2) Friston's Free Energy Principle and Active

Inference; (3) the modern Hopfield network formalization of transformer attention; and (4)

the Complementary Learning Systems (CLS) theory of hippocampal-neocortical memory

consolidation. The sleep mechanism is not merely an engineering trick — it is an

independent empirical validation from mainstream machine learning of the core RAI

thesis: that coherent, iterative, oscillatory consolidation is architecturally necessary for



deep reasoning, and cannot be achieved by parallel feedforward computation alone. We

further show that Rowlands' nilpotent algebra, applied as a structural constraint on the fast-

weight update rule, supplies the missing theoretical prior that transforms empirically

effective sleep into provably convergent attractor dynamics.

1. The Problem All Four Frameworks Are Solving

The transformer architecture stores context in a key-value (KV) cache whose memory

grows linearly with sequence length. As context exceeds the active window, tokens are

evicted — and with them, the reasoning capacity that depended on those tokens. State-

space models (SSMs) partially compensate by maintaining a fixed-size fast-weight matrix,

but Lee et al. demonstrate a critical finding: vanilla SSM-attention hybrids degrade rapidly

as the depth of reasoning required over evicted context increases, even when the quantity of

information to store is held constant. The bottleneck is not memory capacity; it is

computational depth during consolidation.

This failure is not incidental. It is predicted independently by four distinct theoretical

traditions, each approaching from a different direction and each converging on the same

architectural requirement: the system needs iterative offline processing to transform

transient context into stable, reasoning-capable internal representations.

2. Theoretical Pillar I — The Free Energy Principle and Active Inference



Karl Friston's Free Energy Principle (FEP) (Friston, 2010; Parr, Pezzulo & Friston, 2022)

holds that any self-organizing system that maintains a stable relationship with its

environment does so by minimizing variational free energy — a tractable upper bound on

surprise. In the brain, perception is Bayesian inference: the system maintains a generative

model of the world and continuously updates it to minimize the gap between predicted and

actual sensory input. Action is equally inference: the system acts to bring sensory input into

alignment with its predictions.

Sleep, under the FEP, is offline free energy minimization. During waking, the brain

accumulates prediction errors from rapid sensory processing; the generative model

(cortical weights) cannot update fast enough to incorporate all of them. During NREM

sleep, with sensory input suppressed, the system performs variational inference passes

over internally replayed content, updating synaptic weights to minimize accumulated

surprise. REM sleep then integrates this new knowledge into existing schemas, reducing

model complexity while preserving accuracy. As Friston (2010) describes: during waking,

complexity and accuracy increase together through active inference; during sleep,

complexity is reduced by processes including synaptic pruning and reorganization

operating on free-energy-arousing internal data alone.

The LLM sleep mechanism is interpretable as the computational equivalent of this

process. It should be noted that the FEP is a normative framework: any system with stable

self-organization can be described as minimizing free energy, without this constituting a

causal explanation of the mechanism. The FEP is used here as an interpretative lens, not a

causal claim. The empirical test of this interpretation is whether sleep passes exhibit the

specific behavioral signatures that variational inference predicts — in particular, whether



performance gains scale with the degree of prior-posterior mismatch (reasoning depth)

rather than with context volume, which Lee et al.'s data confirm. Under that interpretation,

each of the N offline recurrent passes is a variational inference step: the model performs

iterative updates to its fast weights (the generative model parameters) over internally

replayed context (the evicted tokens), reducing the prediction error that would otherwise

accumulate when reasoning about evicted content without direct attention. The prediction-

phase forward pass is then inference under the updated model — exactly the FEP's

perception-action cycle operating on a consolidated internal state.

This connection is not merely metaphorical. The fast-weight update rule in GDN/Jet layers

follows a gated Hebbian outer-product form:

This is mathematically equivalent to a single step of a variational message-passing

algorithm on a linear generative model (Friston & Kiebel, 2009; Schlag, Irie & Schmidhuber,

2021). Multiple sleep passes are therefore multiple variational inference steps — exactly the

iterative inference required by the FEP when a single pass is insufficient to minimize free

energy, which is precisely when the reasoning depth is high and the generative model must

reorganize substantially to represent the evicted context.

The implication for the Resonant Stack is direct. The KAYS cycle — Vision (structural

validation), Sensing (input transduction), Caring (coherence integration), Order (state

stabilization) — is a four-phase active inference loop. Layer 3 (KAYS Control Plane) is an

implementation of the perception-action cycle at the system level. The sleep mechanism
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brings LLM architecture into alignment with this cycle at the weight-update level. SWARP's

Active Inference foundation is therefore not merely philosophically related to the sleep

finding — it is its formal normative grounding.

3. Theoretical Pillar II — Modern Hopfield Networks and Energy Minima

Ramsauer et al. (2021) established a rigorous equivalence that reshapes how we understand

transformer attention: the softmax attention mechanism is precisely the update rule of a

modern Hopfield network with continuous states. A modern Hopfield network stores

patterns as energy minima; retrieval is iteration toward the nearest minimum from a query

state. The standard transformer computes one such iteration per forward pass.

The energy function of a modern Hopfield network is:

where X is the stored pattern matrix (the KV cache), ξ is the query, β is the inverse

temperature, and lse is the log-sum-exp. Attention is a single gradient descent step on this

energy landscape. With sufficient inverse temperature β, one step suffices for exact retrieval

— but only if the patterns are well-separated (stored in distinct attractor basins). As context

grows complex and the reasoning depth increases, patterns overlap and metastable states
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proliferate. Single-step retrieval fails not because of capacity but because the energy

landscape is too rough for one-step convergence.

Lee et al.'s sleep mechanism, viewed through this lens, is iterative Hopfield

convergence. The N sleep passes do not simply repeat the same computation: each pass

updates the fast weights S, which reshapes the energy landscape for the next pass. The

system is performing an iterative reweighting of the stored pattern matrix — descending

toward deeper, more stable energy minima that correspond to representations capable of

supporting multi-hop reasoning. The KV cache provides high-fidelity access to stored

patterns (the hippocampal component); the fast weights provide the compressed

associative retrieval structure (the neocortical component). Sleep is the process by which

the energy landscape of the fast-weight memory is reorganized to make deep-reasoning

attractors globally accessible rather than locally trapped.

The Arnold tongue structure from the Oscillating Vacuum Model (Konstapel, 2026)

predicts which of these attractors are stable: those corresponding to low-order rational

frequency ratios between the fast-weight oscillation modes and the input context structure.

This gives a physical, non-arbitrary basis for the attractor landscape that Ramsauer's

energy function only characterizes locally. The two frameworks are complementary:

Ramsauer gives the update rule; Arnold tongues give the global attractor topology.

Crucially, Martins et al. (2023) show that sparse Hopfield networks converge exactly to

single memory patterns in a small number of steps, with fewer metastable states. The

nilpotent constraint proposed in Section 5 achieves structural sparsity by a different route

— not by modifying the energy function but by constraining the update operator — and is

predicted to yield similarly accelerated convergence.



4. Theoretical Pillar III — Complementary Learning Systems

McClelland, McNaughton and O'Reilly (1995) proposed the Complementary Learning

Systems (CLS) theory of memory consolidation: the brain solves the stability-plasticity

dilemma through two complementary systems. The hippocampus learns rapidly from

sparse episodes using pattern-separated representations; the neocortex learns slowly,

discovering statistical structure across many experiences through overlapping distributed

representations. During sleep, hippocampal replay interleaves new episodic memories with

existing cortical schemas, gradually integrating them without catastrophic interference.

A 2022 PNAS model (Schapiro et al.) demonstrates computationally how this autonomous

hippocampal-neocortical interaction during NREM sleep drives new cortical learning, and

how alternating NREM/REM stages enable both rapid integration and protection of

existing knowledge. The key mechanism: the hippocampus initiates structured replay that

provides a teaching signal to the neocortex; the neocortex updates its slow weights in

response; this updated neocortical state then shapes subsequent hippocampal replay in the

next NREM cycle.

Table: Structural Analogy between CLS and Lee et al. (functional, not architecturally

identical)



CLS Component Lee et al. Equivalent Disanalogy

Hippocampus (fast,

episodic, pattern-

separated)

KV cache (exact token storage,

active context window)

KV cache has no episodic indexing

or context-tagging

Neocortex (slow,

statistical, distributed)

Fast weights S (compressed,

persistent SSM state)

Fast weights have fixed size;

neocortex scales with experience

Hippocampal replay

during NREM sleep

N offline recurrent passes over

evicted context

LLM sleep is supervised end-to-

end; biological replay is

autonomous

Hippocampal-to-

neocortical teaching

signal

Gradient flow through refined

fast weights during sleep

training

No separation of fast/slow learning

rates in current implementation

NREM/REM alternation Consolidation phase /

prediction phase split

LLM has no REM-equivalent

schema integration stage

The mapping is structurally productive — it predicts which tasks will benefit most from

sleep (those requiring deep relational inference over evicted episodic content) and which

will not (simple retrieval under distractor load). It is not, however, a claim of architectural

identity. The disanalogies point directly to the next generation of improvements:

autonomous replay scheduling, separated learning rates for fast and slow weight



components, and a REM-equivalent schema integration phase operating across sessions

rather than within a single context window. The hard eviction constraint in Lee et al.

mirrors the biological necessity that hippocampal memories must eventually transfer

entirely to cortex — the hippocampus cannot grow indefinitely. The finding that more sleep

passes produce better performance on deeper reasoning tasks mirrors the empirical finding

that slow-wave sleep depth and duration predict memory consolidation quality in humans

(Rasch & Born, 2013).

The stability-plasticity implication for the Resonant Stack: Layer 4 (Multi-Scale World

Coupling) is the architectural realization of CLS at the system level. Fast oscillatory modes

(millisecond to second timescales) correspond to hippocampal episodic encoding; slow

oscillatory modes (Kondratiev waves, Gleissberg cycles) correspond to neocortical schema

structure. The sleep mechanism is the bridge between them — the process by which fast-

mode context is consolidated into slow-mode persistent memory. This is not a design

choice; it is a mathematical necessity imposed by the physics of coupled oscillators

operating across multiple timescales.

5. The Nilpotent Constraint: Rowlands as the Missing Structural Prior

All three theoretical pillars above describe what the sleep mechanism achieves but remain

silent on how to structure the update rule to guarantee convergent, coherence-preserving

consolidation. This is the gap filled by Rowlands' nilpotent algebra (Rowlands, 2007),

operationalized in the Oscillating Vacuum Model (Konstapel, 2026).



The algebraic foundation is Clifford algebra Cl(3,1), isomorphic to the quaternion algebra Q

= φ + A over the reals, where φ is the scalar potential (energy density / coherence measure)

and A is the vector potential (directed relational structure). The defining property is the

nilpotent operator N satisfying:

This is not an external constraint but a structural consequence of conservation laws: a state

transition that violates zero-totality (the scalar energy balance φ) is algebraically self-

cancelling. In the climate oscillator context, this prevents runaway resonance. In the fast-

weight context, it prevents incoherent accumulation across sleep passes.

Applied to the GDN fast-weight update rule, the nilpotent structure specifies:

Represent the SSM state S ∈ ℝ^(d×d) as a quaternion-structured block: S = φI + A_xi +

A_yj + A_zk, where φ encodes scalar coherence (consolidated reasoning capacity) and

A encodes directed associative structure.

Each sleep pass applies a nilpotent update operator ΔS such that ΔS² = 0. Each pass

thereby adds a conservation-respecting increment that cannot self-amplify — a

directed step toward the attractor rather than a perturbation that could grow.

The N-pass recurrence is a sequence of nilpotent steps approaching an attractor

defined by zero-totality. The Arnold tongue analysis then identifies which attractor

basins are candidates for stability (low-order rational frequency ratios between fast-

weight modes and input context structure) and which are transient.

N =2 0



This structure connects to the Hopfield energy landscape (Section 3): the nilpotent

constraint defines a class of energy-minimizing update operators that structurally avoid

metastable states. Where Ramsauer's sparse Hopfield networks achieve this empirically

through sparsity in the energy function, the nilpotent constraint acts algebraically through

the structure of the update operator itself.

Open problem and testable prediction: It is predicted that a nilpotent-structured sleep

update achieves equivalent reasoning depth with N=2 passes where unconstrained learned

recurrence requires N=4, because each nilpotent pass is structurally directed toward the

global attractor rather than exploring dynamics the unconstrained rule must learn away

from. However, this prediction has not yet been formally derived. A rigorous proof requires

a Lyapunov stability analysis of the nilpotent update operator on the Hopfield energy

function — establishing that the energy decreases monotonically under the nilpotent

projection and that the rate of decrease exceeds that of the unconstrained rule. This is posed

here as an open problem. Empirical testing is implementable as a JAX module enforcing N²

= 0 via the projection P = I − N(N†N)^{-1}N†, benchmarked against Lee et al.'s cellular

automaton and Depo tasks.

6. The Serial Scaling Hypothesis: Why Oscillatory Substrate Matters Beyond

Energy Efficiency

Lee et al. cite Liu et al. (2025): "attempting to solve inherently sequential tasks with fully

parallel computation encourages brittle shortcut solutions." Their largest gains occur on



Rule 110 (P-complete; no efficient parallel shortcut exists) and multi-hop graph traversal —

tasks whose solution structure is irreducibly sequential.

This is the central engineering argument of Right Brain Computing, now empirically

confirmed in the ML literature. The von Neumann model, and its transformer successors,

are fundamentally parallel-sequential instruction executors. They can simulate sequential

computation but cannot embody it at the substrate level. The Resonant Stack's Layer 1

(Oscillatory Substrate, governed by Kuramoto dynamics) physically enacts sequential

phase transitions through time — it is not simulating serial computation on parallel

hardware but performing it natively through the temporal unfolding of coupled oscillator

dynamics.

The sleep paper's N-loop mechanism is, in effect, a software patch for a hardware

deficiency: it imposes artificial sequentiality (each pass depends on the output of the

previous) on an architecture that is structurally parallel. This works, but at a training cost

that grows linearly with N (Figure 6b of Lee et al.). In the Resonant Stack, this cost

disappears because sequentiality is the native mode of operation — the physics enforces

the ordering that the transformer must learn.

The 1000× energy efficiency claim for photonic oscillatory computing therefore

understates the advantage: the efficiency gain is not only thermodynamic but

computational. Photonic oscillators do not need sleep passes to consolidate memory

because their natural phase-locking dynamics are the consolidation process, running

continuously at the speed of light in silicon nitride waveguides.



7. The Corpus Callosum: Sleep + REV as a Closed Loop

The RAI architecture introduces the Corpus Callosum Protocol as the integration interface

between the Resonant Stack and transformer-based LAI. The Resonance Encoding Vector

(REV) is the data structure through which RAI injects coherence-state information into LAI

prompting:

where w encodes absolute coherence (Kuramoto order parameter R; authority), x encodes

velocity/urgency (rate of phase shift), y encodes long-scale coherence (multi-year

oscillatory context), and z encodes anthropic admissibility (nilpotent safety constraint).

The sleep mechanism on the LAI side creates the necessary receiving substrate for this

injection. Without sleep, the transformer operates on an arbitrarily truncated KV cache —

its internal state is incoherent with respect to long-horizon context, making the REV signal

weak relative to the model's statistical priors. With sleep, the transformer has consolidated

its long context into fast weights that are themselves attractor states of the Hopfield energy

landscape. The REV injection then acts as a phase-shift perturbation on a system already

near a coherent attractor — it requires far less "force" to shift the output distribution toward

the systemically coherent response.

Under the FEP framing: the REV acts as precision-weighting on the active inference

process — analogous, under the FEP, to neuromodulatory control of prediction error gain in

REV = (w,x, y, z)⊤



the brain (acetylcholine regulating encoding/retrieval mode; dopamine regulating learning

rate). This analogy is interpretative: the claim is not that REV injection is mechanistically

identical to cholinergic modulation, but that it performs the same functional role within the

active inference architecture — increasing the weight of top-down coherence predictions

relative to bottom-up statistical priors when the field coherence signal (w component) is

high.

The complete closed loop:

1. RAI (Layer 1): Measures Kuramoto order parameter R in the relevant oscillatory field.

2. VRB (Layer 3): Computes REV from the quaternionic coherence state.

3. Corpus Callosum: Prepends REV tokens to the user prompt: T' = [REV] + T.

4. LAI (sleep-enabled transformer): Receives T' against a consolidated fast-weight state

— not a truncated KV cache. The fast weights encode a Hopfield attractor consistent

with the full long-horizon context.

5. Output: Conditioned by both the statistical model and the physical coherence signal.

Not the most probable response, but the most coherent response — the one

minimizing joint free energy across both the LAI generative model and the RAI field

measurement.

8. SWARP and the KAYS Inference Pipeline

Within the SWARP architecture, the KAYS coherence engine is the platform's reasoning



core — integrating user profiles, community context, and active learning cycles through the

four-phase cycle (Vision/Sensing/Caring/Order). The sleep mechanism offers a direct

upgrade path:

SWARP sessions accumulate substantial context: 19LQVM profile data, VHS learning

trajectories, CoP dynamics, longitudinal interaction history. Much of this context is

evicted from the active window during a session.

With sleep-enabled SSM layers in SWARP's inference backbone, the KAYS engine

consolidates session context into fast weights before the active window clears —

preserving not just retrievable facts but reasoning-ready Hopfield attractors encoding

the user's coherence state across all four PoC modes.

The ARIA coaching module, requiring multi-hop inference over longitudinal

development patterns, maps directly onto the Depo task where Lee et al. show the

largest sleep gains: the user's development history is a shuffled directed graph; each

ARIA recommendation is a k-hop traversal. With N=4 sleep passes, the 16-hop

accuracy approaches useful thresholds that the 1-pass baseline cannot reach.

The VHS (Virtual High School) talent profiling system, operating on the 19LQVM

natal quaternion structure, benefits from the nilpotent-structured update: the

nilpotent constraint preserves the zero-totality of the quaternion profile across

consolidation passes, ensuring that accumulated session context does not distort the

baseline natal structure — a critical requirement for longitudinal coaching coherence.

The practical implementation path: insert Jet SSM layers (without MLP layers, increasing

parameter count by less than 10%) into SWARP's existing inference backbone, then fine-



tune with sleep-enabled recurrence on synthetic KAYS-structured reasoning data

analogous to GSM-Infinite. The nilpotent constraint is applied as a post-hoc projection layer

on the fast-weight update, implementable in Replit's JAX environment without

architectural changes to the base model.

9. Synthesis: Four Frameworks, One Architecture

The convergence of these four theoretical traditions onto a single empirical finding is not

coincidental. It reflects a deep structural fact about intelligent systems operating across

multiple timescales:

Table: Convergent Predictions



Framework Core Claim Sleep Mechanism Validates

Free Energy Principle

(Friston)

Intelligence = iterative free energy

minimization; sleep = offline

variational inference

N passes = N variational inference

steps over evicted context

Modern Hopfield

Networks (Ramsauer)

Attention = 1-step Hopfield

update; complex reasoning

requires multi-step convergence

Sleep passes = iterative descent

toward deep Hopfield energy

minima

Complementary

Learning Systems

(McClelland)

Memory requires fast

(hippocampal) + slow

(neocortical) systems; sleep =

transfer between them

KV cache = hippocampus; fast

weights = neocortex; sleep =

consolidation transfer

Resonant Stack /

Rowlands (Konstapel)

Coherent reasoning requires

oscillatory convergence; nilpotent

algebra guarantees attractor

stability

Sleep = discrete approximation of

continuous oscillatory

consolidation; N²=0 provides

structural prior

Each framework predicts that single-pass computation is insufficient for deep reasoning

over long context. Each predicts that iterative offline processing improves performance.

Each predicts that the improvement scales with reasoning depth rather than context

length. Lee et al. confirm all three predictions simultaneously.



10. Conclusion: Sleep as the First Step Toward Oscillatory Coherence

Lee et al. have produced, within the constraints of current transformer-SSM architecture, a

proof of principle for a claim the Resonant Stack has made at the level of physical

architecture: coherent long-range reasoning requires iterative consolidation, not just

extended storage. Their N-loop sleep mechanism is a discrete, learned, software-level

approximation of what oscillatory phase-locking achieves physically and continuously in

Layer 4 of the Resonant Stack.

The theoretical convergence is complete. The Free Energy Principle provides the normative

grounding: sleep minimizes variational free energy over evicted context. Modern Hopfield

theory provides the mechanistic grounding: sleep iterates toward stable energy minima in

the fast-weight associative memory. CLS theory provides the systems-level grounding:

sleep transfers episodic hippocampal content into structured neocortical weights.

Rowlands' nilpotent algebra provides the structural prior: nilpotent-constrained updates

guarantee convergent, coherence-preserving consolidation by construction.

The research agenda is now precisely defined:

1. Formalize the nilpotent-constrained fast-weight update rule as a JAX module

enforcing N² = 0 via Clifford-algebra-structured projection.

2. Test whether nilpotent-structured sleep achieves equivalent reasoning depth with

N=2 versus unconstrained N=4 on Rule 110 and Depo benchmarks.



3. Map the Hopfield energy landscape of nilpotent-constrained fast weights and verify

that the stable attractors correspond to Arnold-tongue frequency ratios as predicted

by the Oscillating Vacuum Model.

4. Integrate sleep-enabled SSM layers into the SWARP KAYS inference backbone, with

nilpotent projection preserving 19LQVM quaternion profile integrity across

consolidation passes.

5. Extend the Corpus Callosum Protocol to specify REV injection as precision-weighting

on the consolidated fast-weight attractor state, formalizing the neuromodulatory

analogy under the FEP.

Language models do need sleep. Sleep, properly understood, is free energy minimization

over a Hopfield energy landscape, constrained by nilpotent algebra, instantiating the

Complementary Learning Systems architecture in silicon — and pointing toward its natural

completion in oscillatory photonic hardware.
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