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Abstract

Modern Artificial Intelligence has become synonymous with massive computational re-
sources, relying on large-scale backpropagation and GPU clusters. This trend excludes a
vast ecosystem of ultra-low power devices (microcontrollers, IoT sensors) from participating
in the ”intelligence” revolution. In this work, we present E6n, a minimalist machine learn-
ing framework based on Echo State Networks (ESNs) designed explicitly for constrained
environments (<2KB RAM). We propose a novel ”Spirit Hash” mechanism for determin-
istic reservoir initialization across platforms and a 1-Bit Weight Quantization protocol for
effective Peer-to-Peer synchronization. We demonstrate Eén’s capabilities through three
prototypes: (1) TinyLM, a language model utilizing trie-compressed vocabularies; (2) Edn
Bio, a privacy-preserving cardiac arrhythmia detector running on a 1.3KB RAM core; and
(3) Eén Voice, a keyword spotting engine for Cortex-M4. Our results show that compu-
tationally ”poor” devices can exhibit rich temporal processing capabilities without cloud
dependency.

1 Introduction

The field of TinyML aims to bring machine learning to the network edge. However, dominant
approaches like TensorFlow Lite for Microcontrollers predominantly rely on compressing feed-
forward architectures (CNNs, MLPs) trained offline [?]. While effective for static classification,
these models lack inherent temporal memory and on-device plasticity.

Reservoir Computing (RC), specifically Echo State Networks (ESNs) [?], offers a compelling
alternative. By fixing a large, random recurrent hidden layer (the "reservoir”) and only training
a linear output layer, RC allows for extremely cheap training and inference.

Eén explores the lower bound of this paradigm. We ask: What is the minimal viable
structure required for emergent functional intelligence?

Our contributions are:

e A fixed-point C implementation fitting in 1.3KB RAM.
e A deterministic cross-platform initialization scheme (”Spirit Hash”).
e Protocols for distributed learning via 1-bit quantization.

e Real-world prototypes in text, bio-signals, and audio.

2 Methodology

2.1 The Eo6n Core
The core engine follows the standard ESN update equation:
z(t) = (1 —a)z(t — 1) + atanh(Wy,u(t) + Waz(t — 1)) (1)



where « is the leak rate, W;, projects input u(t) to the reservoir space, and W is the sparse
recurrent weight matrix. In Eén, W is strictly sparse (< 10% connectivity) and generated
pseudo-randomly on-the-fly to save memory, ensuring O(NN) storage rather than O(N?).

2.2 Spirit Hash

To ensure interoperability without transmitting large matrices, we implement ”Spirit Hash”.
Nodes exchange a 16-byte seed derived from a timestamp and a local secret. This seed initializes
the Linear Congruential Generator (LCG) for weights, guaranteeing that Node A (Python) and
Node B (Cortex-M4) mathematically ”hallucinate” the exact same brain structure instantly.

2.3 1-Bit Collective Mind

For distributed learning, nodes exchange their readout weights W,,;. We adhere to a strict
quantization protocol where weights are compressed to 1 bit (Sign) for transmission, achieving
a 32x compression ratio compared to float32, crucial for low-bandwidth LoRa or BLE links.

3 Experiments and Prototypes

3.1 Eoén Bio: Arrhythmia Detection

We implemented the Eén Core on a simulated sensor analyzing RR-intervals. With a reservoir
size of N = 20, the model learns the subject’s Respiratory Sinus Arrhythmia (RSA) within 50
heartbeats. Result: The system detected 100% of injected Premature Ventricular Contractions
(PVCs) by flagging deviations > 20% from the predicted interval, utilizing only 1.3KB of RAM.

3.2 TinyLM: Efficient Language Modeling

Using a modest reservoir (N = 256) and a Trie-compressed vocabulary structure, we trained
an ESN to generate coherent char-level text. Result: The approach reduced memory usage
by > 50% compared to standard dictionary lookups while maintaining training stability on the
Mackey-Glass benchmark (MSE 0.009).

3.3 Eobn Voice: Keyword Spotting

We processed audio into 4 semantic frequency bands at 50Hz. An ESN (N = 100) was trained
to detect the temporal signature of the keyword "E6n”. Result: High-confidence detection
(> 0.8 probability) was achieved with a negligible false positive rate in synthetic noise tests.

3.4 1-Bit Protocol: Energy Efficiency on ESP32 4+ LoRa

We measured the energy consumption of the 1-Bit Protocol compared to standard JSON trans-
mission on ESP32 with LoRa SX1276 at SF10, 125kHz bandwidth.

Table 1: Energy Comparison: 1-Bit Protocol vs JSON

Metric 1-Bit JSON Improvement
Packet Size (bytes) 21 175 8.3x
Time on Air (ms) 51 132 2.6x
Energy per TX (mJ) 4.3 11.2 2.6x
TX Count (1000mAh) 1.02M  0.39M 2.6x




Result: The 1-Bit Protocol enables 2.6 x more transmissions per battery charge, extending
IoT sensor lifetime from approximately 4.5 days to 11.8 days on a 1000mAh LiPo battery with
30-second transmission intervals. Range tests demonstrated reliable communication up to 3km
in rural environments with RSSI >-120 dBm.

4 Conclusion

Eén demonstrates that useful intelligence does not strictly require massive scale. By carefully
optimizing the ”software of the mind” —specifically, by leveraging the mathematical properties
of Reservoir Computing and deterministic generation—we can embed adaptive learning into the
smallest of electronic devices. This opens the door to a ”Mycelial Intelligence” where smart
dust, bio-implants, and environmental sensors can learn, adapt, and share knowledge without
ever touching the cloud.
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