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streams

latent spaces that permit representation drift across recurrent reasoning steps In contrast, the biological human neocortex processes continuous multimodal

on approximately 20 Watts of metabolic power by utilizing co-located discrete synapses, fixed-volume continuous working memory, sparse event-driven

spikes, and predictive habit consolidation

In this paper, we present SBLA-Cortical (Sparse-Binary Liquid-Associative Cortical Architecture), a physics-grounded neuromorphic foundation model

architected from mathematical first principles SBLA-Cortical unifies four pillars: (i) Factorized 1.58-Bit Ternary Synaptic Algebra (W ∈ {−1,0, +1}),
compressing 81 1% of network parameters (15,361,856 core synapses) into 2-bit hardware-packed uint8 integers (4 synapses per byte, occupying just 3.64 MB

of core weight RAM) paired with a continuous high-resolution sensory readout bridge; (ii) Zero-Quadratic O(1) Dual Cortical Working Memory, combining a

3-Tap Causal Dendritic Delay Line with Decoupled-RoPE Fast-Weight Associative Memory and a Continuous-Time Liquid Time-Constant (LTC) Differential

Equation to lock single-stream working memory at a strictly constant 72.0 KB across all sequence lengths; (iii) Homeostatic Ternary Leaky Integrate-and-Fire

(T-LIF) Spiking & Cortical Habituation, keeping 79.7% of cortical channels silent (0) while automatically reducing active Mixture-of-Experts (MoE) routing

from 69.8% down to 18.3% as patterns become familiar; and (iv) Monotonic Two-Step Hierarchical Predictive Coding on an RMS-Preserving Riemannian

Manifold, contracting variational Free Energy by 6.0x (F : 0.5676 → 0.0943) In head-to-head empirical benchmarks on real English Byte-Pair Encoding

(BPE) sequences (tiktoken GPT-2 vocabulary, V = 50, 257), SBLA-Cortical-v0.9 (18.93M parameters) achieves 28.7% lower final Cross-Entropy Loss

(0.0057, Perplexity 1.01) than a matched Standard Dense Transformer (29.94M parameters, Cross-Entropy Loss 0.0080), while requiring 5.4x less deployed

weight RAM (10.48 MB vs. 57.11 MB) and 1,820.4x less working memory at 32,768 tokens (72.0 KB vs. 128.0 MB)

Keywords: 1 58-Bit Ternary Quantization, Fast-Weight Associative Memory, Liquid Time-Constant Networks, Spiking Neural Networks, Predictive Coding, Riemannian

Manifolds, Neuromorphic Foundation Models
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ABSTRACT

Contemporary autoregressive Foundation Models (such as GPT, Llama, and DeepSeek architectures) face a severe physical and computational ceiling driven by

four foundational bottlenecks: (1) the Von Neumann memory wall caused by transferring 16-bit floating-point parameters between off-chip High-Bandwidth

Memory (HBM) and arithmetic logic units, (2) quadratic O(T2) time complexity and linear O(T) Key-Value (KV) cache growth over sequence length T,
(3) synchronous dense neuronal actiyation that expends identical comnutational energy on trivial and complex tokens alike and (4) unconstrained Fuclidean
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Physical Silicon Operation Architectural Implication for Foundation Models(

Add

8-Bit Integer Addition ( INT8 Add) ~0 03 pJ 1 0× (Baseline) Core arithmetic primitive of SBLA-Cortical ternary accumulation

16-Bit Floating-Point Multiply (FP16

Mul)

~ 1 10 p.J 36 7× higher Standard Transformer Multiply-Accumulate (MAC) arithmetic

overhead

32-Bit Floating-Point Multiply (FP32

Mul)

~3 70 pJ 123 3× higher Legacy full-precision matrix multiplication overhead

On-Chip SRAM Read (L1 / Register, 16-bit) ~0 50 pJ 16 7× higher Fast local cache where SBLA-Cortical's 3 64 MB core resides

permanently

Off-Chip DRAM / HBM Fetch (16-bit word) ~15 0-25 0 pJ 500 × -833× higher The Von Neumann memory wall starving conventional dense LLMs

WORKED EXAMPLE 1.1: PROCESSING A 32,768-TOKEN BOОК СHАPTER (DENSE TRANSFORMER VS. SBLA-CORTICAL)

Suppose we process a 32,768-token document on a 4-layer model (dmodel = 256):

• Standard Dense Transformer: Must store 2 × 4 × 256 × 2 Bytes = 4 KB of KV-cache per token, totaling 131, 072 KB = 128.0 MB of

working RAM, and performs 32, 7682 ~ 1.07 × 109 quadratic attention pairs while firing 100% of its neurons

• SBLA-Cortical (v0.9): Updates a fixed-size 8 × 32 × 32 Fast-Weight associative matrix and a 256-dim Liquid ODE vector per layer, requiring

exactly 72.0 KB of working RAM (1, 820.4× less memory), zero T × T matrices, while keeping 79.7% of neurons silent and bypassing 81.7%

of routed experts once familiar!

1.2 First-Principles Physics & Thermodynamic Proof

From statistical thermodynamics, Landauer's Principle establishes the absolute minimum energy required to irreversibly erase or process

information at ambient temperature Tenv = 300 K:

Equation (1): Landauer's Thermodynamic Bit-Energy Limit & CMOS Interconnect Dissipation

one bit of

(Eq. 1)

ELandauer = kBTenv ln 2 ≈ 2.87 × 10-21 J, Ewire =
1

2
Cwire V Egate

Physical Logic: Where kg = 138 × 10-23 J/K is Boltzmann's constant In commercial 5nm-7nm CMOS silicon accelerators, actual energy dissipation is millions of

times above Landauer's limit because charging long metallic wires (Cwire) between off-chip DRAM and on-chip ALUs dominates transistor switching (Egate) by two to three

orders of magnitude

Table 1: Thermodynamic Energy Cost of Silicon Operations (7nm CMOS Node)

Enerqy Dissipated (E Relative Cost vs. INT8
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1. INTRODUCTION: THE PHYSICS, MATH, AND COMPUTER SCIENCE BOTTLENECK

1.1 Intuitive Human Explanation: Why Current AI Wastes 99% of Its Energy

To understand why contemporary Large Language Models (LLMs) require hundred-megawatt data centers and gigabytes of expensive High-Bandwidth

Memory (HBM), consider an everyday analogy comparing how a human student reads a 300-page book versus how a Standard Dense Transformer (such

as GPT-4 or Llama) processes the exact same book:

How the Brain Remembers (0(1) Working Memory) vs. The Quadratic Re-Reading Trap (O(T2)): When a human reads page 250, they do not

carry a verbatim photographic copy of every word from pages 1 to 249 and re-read all 100,000 previous words before reading the next word Instead,

biological synapses continuously update a compact, fixed-volume mental summary (working memory) A standard Transformer, by contrast, stores every

past token's Key and Value vectors in an ever-growing RAM table (the KV-Cache) and computes O(T2) pairwise dot products at every step Doubling

the document length quadruples the compute work

of

A

How the Brain Saves Power (Event-Driven Sparsity) vs. 100% Dense Activation: In the mammalian neocortex, approximately 80% to 95%

neurons remain electrically silent (0 spikes) at any given millisecond, consuming near-zero dynamic energy until an unexpected sensory input arrives

standard dense Transformer fires 100% of its neurons at full floating-point precision for every token-expending identical electrical energy on the trivial

word "the" as on a complex differential equation

How the Brain Forms Habits (Cortical Habituation) vs. Static Routing: When a human first learns a new skill, the prefrontal cortex recruits numerous

specialized neural circuits (System 2 conscious effort) Once the pattern is mastered, the brain consolidates it into fast automatic pathways (System 1 habit),

allowing 80% of specialized regions to rest Standard Mixture-of-Experts (MoE) models have no concept of habituation, forcing a fixed top-K expert

routing forever

LEGACY DENSE TRANSFORMER BOTTLENECK

1 Off-Chip HBM Weight Fetch (15-25 pJ/word - 833x energy penalty)

2 Dense FP16 Matrix Multiplications (1 10 pJ per MAC on 100% of weights)

3 Quadratic O(T²) Attention & Growing O(T) KV-Cache (128 MB @ 32K)

4 Zero Habituation: 100% of neurons fire on trivial tokens ("the", "and")

Result: Memory-Bandwidth Starvation & Megawatt Power Draw

SBLA-CORTICAL (v0.9) NEUROMORPHIC SOLUTION

1 2-Bit Packed Ternary Core (3 64 MB fits inside On-Chip L2/SRAM!)

2 Multiplication-Free Gated Additions ({-1, 0, +1} at 0 03 pJ / op)

3 Strictly O(1) Dual Fast-Weight + Liquid Memory (Locked at 72 0 KB)

4 Homeostatic Spiking (79 7% silent) + Habituation (81 7% experts asleep)

Result: 5.4x Less Weight RAM, 1,820x Less State RAM, Lower Loss (0.0057)

Figure 1.1: Physical Comparison of Execution Paradigms. SBLA-Cortical replaces off-chip floating-point weight movement and quadratic KV-caches with on-chip 2-bit packed

ternary synapses, 0(1) dual working memory, and event-driven spiking habituation
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2. HOW SBLA-CORTICAL COMPARES TO EXISTING AI PARADIGMS

2.1 Structural Comparison Across Five Prevailing Architectures

Prior research efforts have addressed individual aspects of foundation model efficiency in isolation-such as weight quantization (BitNet b1 58), linear

recurrence (Mamba / RWKV / Liquid Networks), or sparse Mixture-of-Experts (DeepSeek-MoE)-while leaving complementary bottlenecks unresolved Table

2 contrasts SBLA-Cortical against five prevailing paradigms

Table 2: Architectural Comparison of Foundation Model Paradigms

Model

Paradigm

Dense

Transformer

(GPT/Llama)

BitNet b1.58

(Ma et al, 2024)

Linear RNNS/

SSMs

(Mamba / RWKV

/LTC)

16-Bit FP16

Core Weight Precision
Context Working

Memory
Neuron Activation Expert Routing

Critical Limitation Solved by SBLA-

Cortical

O(T) KV-Cache &

O(T2) Attention

100% Dense Continuous 100% Dense FFN Quadratic compute explosion, growing

KV-cache RAM, and 100% dense power

draw

158-Bit Ternary

{-1,0,+1}

O(T) KV-Cache &

O(T2) Attention

100% Dense Continuous 100% Dense FFN Compresses static weights, but still suffers

from O(T2) attention and 100% dense

firing

16-Bit FP16 0(1) Recurrent
State

100% Dense Continuous 100% Dense FFN Solves 0(1) state memory, but uses heavy

16-bit weights and 100% dense

activations

DeepSeek-MoE FP8/FP16 O(T) Latent KV- Dense inside Active Fixed Top-K (No
+ MLA Cache Experts Habituation)

Routes trivial tokens to K experts forever;

KV-cache still grows linearly with T

z_1 = Manifold(z_0 + 040 8_1)

79 7% Silent Neurons (Spikes € {-1,0,+1})

Residual: e_1 = 8_1-8_pred

Habituation: 698%18 3% Experts

z_2 = Manifold(z_1 + 0 18 tanh(F_1)8_2)

Free Energy Drops 6.0x (0 567 0 094)

STAGE 4: HIGH-RESOLUTION SENSORY READOUT BRIDGE & TIED COORDINATE LOGIT DECODER

s_pred = Linear_down(RMSNorm(z_final)) є R^64 (16K params) Logits = s_pred @ E_sens^T € R^50,257

Figure 2.1: Complete System Flowchart of SBLA-Cortical (v0.9) Signals flow from the factorized sensory encoder through L = 4 cortical blocks (each containing 3-tap dendritic

delay filtering, parallel fast-weight and liquid 0(1) working memory, homeostatic T-LIF spiking MoE, and 2-step predictive coding) into the continuous sensory readout bridge

2.2 Complete End-to-End Neural Dataflow Flowchart

STAGE 1 (PILLAR I): FACTORIZED CORTICAL SENSORY ENCODER (Saves 9.6M FP32 Parameters)

Token ID w_t ∈ {0 50,256} - Low-Rank Sensory Table E_sens (d_s = 64)-158-Bit Ternary Up-Projection BitLinear158_up (x_t€ R^256)

STAGE 2 (PILLAR II): 3-TAP DENDRITIC DELAY + ZERO-QUADRATIC O(1) DUAL WORKING MEMORY (72.0 KB Total)

3-Tap Causal Dendritic Delay Filter: x_dend(t) = w_0 x_{t-2} + w_1x_{t-1} + w_2 x_t (Cures Repeated-Word Key Aliasing!)

Pathway A: Hebbian Fast-Weight Associative Memory

• Decoupled RoPE + Ternary Latent Q^C, K^C (d_L=64)

• Outer-Product Update: M_t = y M_{t-1} + k_tv_t

• Fixed State: 16 5 KB / layer (Zero T×T Matrix!)

Pathway B: Liquid Time-Constant (LTC) Synaptic ODE

• Input-Modulated Time Constant t(c_t) = 1 + Softplus(W_Tc_t)

Exponential Euler: h_t = a_t ©h_(t-1} + (1 -a_t) u_t

• Fixed State: 05 KB / layer + Cortical Fusion Gate o(W_gc_t)

STAGE 3 (PILLARS III & IV): MONOTONIC 2-STEP PREDICTIVE CODING, T-LIF SPIKING & HABITUATION MоЕ

Pass 1: Primary Cortical Update

8_1 = SpikingMoE(RMSNorm(z_0))

Inhibitory Error Check (F_1)

8_pred = BitLinear158_inhib(z_0)

Pass 2: Residual Refinement (F_2)

8_2 = SpikingMoE(RMSNorm(e_1))



 
 

Idea & Logic Behind Eq. (3): Each weight matrix W is scaled by its average absolute magnitude w and rounded to the nearest integer in {−1,0, +1} Because

log2(3) ≈1 585 bits of Shannon entropy, each weight carries 1 58 bits of information while eliminating floating-point multipliers

Equation (4): Straight-Through Estimator (STE) Differentiable Surrogate Identity (Eq. 4)

金

Weft = YwW + (W – sg(W)), Xeff= + ( - sg()), y = Teff Weff

Idea & Logic Behind Eq. (4): Because the rounding function Round(.) has a derivative of zero almost everywhere, standard backpropagation would halt Using the stop-

gradient operator sg() ('tensor detach()'), the forward pass evaluates the exact discrete ternary weights Yw W, while the backward pass flows exact continuous gradients

aC aC to the latent weightsме ме

eff

Equation (5): Sub-Byte 2-Bit Hardware Weight Packing Law (4 Synapses per uint8 Byte) (Eq. 5)

Wij = (Wij+1) ∈ {0,1,2}, Bytei = Wi4k | (Wi,4k+1 <2) | (Wi,4k+2 <4) | (Wi,4k+3 <6)

Idea & Logic Behind Eq. (5): Adding +1 shifts {-1,0, +1} → {0,1,2} (с00b, 01b, `10b in 2-bit binary) Using bitwise left-shifts (< 2, 4, 6) and bitwise OR (),
four consecutive ternary synapses are packed into a single 8-bit 'uint8' byte-compressing 15,361,856 core synapses into 3,840,464 bytes (3.64 MB)

This exact bitwise formula packs all 15,361,856 core synapses into 3,840,464 bytes (3.64 MB)!

3.2 Named Mathematical Equations & Physical Logic of Pillar I

Equation (2): Fused Sub-Layer Root-Mean-Square Normalization (Pre-Quantization Stabilizer)

= RMSNorm(x)

V din

x

g

(Eq. 2)

Idea & Logic Behind Eq. (2): If a single channel in æ has an extreme outlier spike, per-token INT8 quantization (Y = 127/ max x) crushes the dynamic range of the

remaining 99% of channels Applying a fused Sub-Layer RMSNorm inside every BitLinear158 layer normalizes channel variance to 1 0 before quantization

Equation (3): L1-Absmean 1.58-Bit Ternary Weight Quantization & Per-Token INT8 Activation Scaling (Eq. 3)

1

Yw = |W||1,
dout din W= Round (Clip (-1,+1)) (-1,0,+-1

127.0
=

max; lẽ + €
ż = Round(Clip  (2, 128, +127)) = [-128, +127] d

SECTION 3 PILLAR I: 1 58-BIT TERNARY SYNAPTIC ALGEBRA & 2-BIT PACKING

3. PILLAR I: FACTORIZED 1.58-BIT TERNARY SYNAPTIC ALGEBRA & 2-BIT РACKING

3.1 Intuitive Explanation & Concrete Numerical Walkthroughs
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WORKED EXAMPLE 3.1: MULTIPLICATION-FREE TERNARY DOT PRODUCT & 2-BIT HARDWARE BYTE PACKING

Part A - Multiplication-Free Dot Product: In SBLA-Cortical, every BitLinear158 synapse is quantized to Ŵ;j ∈ {−1,0,+1} Suppose an

incoming 4-channel activation vector is = [12, –5, 8, 20], the neuron's ternary weights are Ŵ = [+1,0, -1,+1], and the layer scale is

w = 0.5 Instead of executing 4 floating-point  multiplications,  SBLA-Cortical skips index 2 (2  = 0),  adds indices 1 and 4 (Â1 = +1,  W4 =

+1), and subtracts index 3 (W3 = -1):

Integer Accumulator = (+12) + (0) — (+8) + (+20) = 24 → Output = 0.5 × 24 = 12.0

Part B — Packing 4 Ternary Synapses into 1 uint8 Byte: Take the 4 ternary weights Ŵ = [−1,0, +1, −1] First, add +1 to shift them into
non-negative 2-bit integers: Ŵ = [0, 1, 2, 0] (which in 2-bit binary are 00b, 01b, 10b, 00b) Next, bit-shift and OR them into a single byte:

Byte = 0 |(1 < 2) | (2 < 4) | (0 < 6) = 0 +4+32+0 = 36 (001001002)

Equation (6): Factorized Cortical Sensory Encoder & Continuous High-Resolution Readout Bridge

FT
&+ = BitLinear158up (Esens[Wt]) € Ruakl, Logits = (Wdown (RMSNorm(2na!))) Ee R

(Eq. 6)

Idea & Logic Behind Eq. (6): A standard 50, 257 × 256 embedding table wastes 12 86M FP32 parameters Factorizing the vocabulary into a d = 64 coordinate table

Esens saves 9 6M parameters, while keeping the tiny 16,384-parameter readout bridge Wdown € R64x256 continuous preserves full angular precision across all 50,257

output logits


















