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2022-2023: The Year of Generative-AI: 
Large Language Models and Stable Diffusion

A 1923 comic for New York World by 
cartoonist H. T. Webster (1885-1952) ChatGPT 4, March 2024
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Typical devices  at the ``Edge’’ 

Kendryte K510

Kendryte K210

Google Edge TPU Dev
Rasp-Pico

QuickFeather

Google Edge TPU
Dev Micro

Arduino Pro 
Nicla Vision

Arduino Nano 33 
BLE Sense
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NVIDIA Jetson



but these as well …

SpiNNaker2  172 M4 FP cores
DNN accelerators

C. Mayr, S. Hoeppner, and S. Furber, 
“SpiNNaker 2: 

http://arxiv.org/abs/1911.02385

D. R. Mendat, A.G. Andreou et al., 
“A RISC-V Neuromorphic Micro-

Controller Unit (vMCU) with 
Event-Based Physical Interface 

and Computational Memory for 
Low-Latency Machine Perception 
and Intelligence at the Edge,” in 

ISCAS-2023.

A. Garofalo, M. Rusci, F. Conti, D. Rossi, and 
L. Benini, “PULP-NN: accelerating quantized 
neural networks on parallel ultra-low-
power RISC-V processors.,” Phil Trans A vol. 
378, no. 2164, p. 20190155, Feb. 2020
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J. L. Molin and A. G. 
Andreou et.al., 
“Edge Super 
Compute (ESC) 2.0 
A Low Power System-
on-Chip AI 
Accelerator for the 
Edge,” in Proceedings 
GOMACTech-2024, 
20 March 2024.

~ 5MiBit /sq. mm 
4T SRAM

http://arxiv.org/abs/1911.02385


AI/ML in embodied/embedded systems at the EDGE

Learning

Environment

Knowledge
Contextual Model
Physical Reality

Signals to Symbols

Perception

World to Signals

Sensing
Actions to World

Behaving

Information to Action

Reasoning

Abstraction

A.I. 
Machine

Model based systems with composability to 
drive and explain decisions as well as 

adaptation that is grounded in physical reality.
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Neuromorphic Cognitive 
Computing
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Inference: Low dimensional data i.e. u-Doppler 
signatures - time series

Learning: High dimensional data 
(Kinect cloud) + Low dimensional 
data (micro-Doppler signatures - 
time series)

Models

High Dimensional Data (RGBD)
Kinect Depth (Time−Stamp = 147059878465)

Signals to Symbols

Perception

Sensing
Low Dimensional Data (uDoppler signatures)

Action/gesture/gait recognition at the EDGE
without a camera- like a bat



Run time: LSTM Model
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POE: Product Of Experts
LOUO: Leave One User Out



Learning new actions and new end users  at the EDGE
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Why? 
Do learning at the EDGE to:
1. Enroll new end users and actions
2. Alleviate data-center energy expenses. i.e. 

end user pays for electricity (the problem 
with Alexa business model; Amazon pays!)

Technical Challenge: 
When deployed at the EDGE, high dimensional 
data (RGBD) are not available to facilitate 
learning of novel  actions/gait/gestures or new 
users. 
1. We need a model base approach that is 

grounded to physical reality.
2. Need a generative model to create novel 

poses and introduce stochasticity. 

Kinect Depth (Time−Stamp = 147059878465)



Contextual Modeling: Physics and Generative AI
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Single Time Slice
(Without Auto-Regressive Connections)
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Conditional Deep
Belief Network (CDBN)

Time
Generative AI model
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Hallucinating skeletal poses and 
micro-Doppler signatures
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Use these generated micro-Doppler 
signatures with local zero/few shot 
learning to adapt the models.



Hallucinating can be troublesome!
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Real micro-Doppler data
Hallucinating micro-Doppler data

(sometimes it is missing or has extra limbs!)

T. S. Murray, D. R. Mendat, K. A. Sanni, P. O. Pouliquen, and A. G. Andreou, “Bio-inspired Human Action Recognition With A micro-Doppler 
Sonar System,” IEEE Access, vol. PP, no. 99, 2017.

J. Craley, T. S. Murray, D. R. Mendat, and A. G. Andreou, “Action recognition using micro-Doppler signatures and a recurrent neural network,” in 
Proceedings of the 51st Annual Conference on Information Sciences and Systems IEEE (CISS-2017).

Z. Zhang, P. O. Pouliquen, A. M. Waxman, and A. G. Andreou, “Acoustic micro-Doppler radar for human gait imaging,” The Journal of the 
Acoustical Society of America, vol. 121, no. 3, pp. EL110-3, Mar. 2007.
S. Dura-Bernal, G. Garreau, J. Georgiou, A. G. Andreou, S. L. Denham, and T. Wennekers, “Multimodal integration of micro-Doppler sonar and 
auditory signals for behavior classification with convolutional networks,” International Journal of Neural Systems, vol. 23, no. 5, 2013.
K. A. Sanni, G. Garreau, J. L. Molin, and A. G. Andreou, “FPGA implementation of a Deep Belief Network architecture for character recognition 
using stochastic computation,” 49th Annual Conference on Information Sciences and Systems IEEE (CISS-2015)

T. S. Murray, Human action recognition from active acoustics: physics modeling for representation learning and inference using generative 
probabilistic graphical models, Ph.D. Dissertation 2015.



LLMs for creating new generation of AI chips
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Topic Search Results from Github
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Writing chips using natural language and LLMs: 
Design a Spiking Neural Network chip

M. A. Tomlinson, J. Li, and A. G. Andreou, “Designing Silicon Brains using LLMs: Leveraging ChatGPT for Automated Description 
of a Spiking Neuron Array,” in Proceedings 2024 Argentine Conference on Electronics, IEEE, 2024, pp. 154–159.



Neuromorphic chip design using chatGPT

module LIF_neuron(
  input wire clk,
  input wire rst,
  input wire [7:0] input_spike, //input spike train
  output reg output_spike //output spike train
);

  reg [7:0] membrane_potential;
  wire [7:0] threshold = 8'h7F; // define your threshold value

  always @(posedge clk or posedge rst) begin
    if (rst) begin
      membrane_potential <= 0;
      output_spike <= 0;
    end
    else begin
      // Leaky Integrate 
      membrane_potential <= membrane_potential + input_spike - 1; // subtract 1 for 
leak
      // Fire
      if (membrane_potential >= threshold) begin
        output_spike <= 1;
        membrane_potential <= 0; // reset the potential after spike
      end
      else begin
        output_spike <= 0;
      end
    end
  end
endmodule

module two_layer_neural_network (
    input clk,            // clock input
    input reset,          // asynchronous reset
    input [7:0] input_current[N], // Current input for each neuron in layer 1
    output spike_out[M]   // Spike outputs for each neuron in layer 2
);

    // Parameters
    parameter N = 4;              // Number of neurons in Layer 1
    parameter M = 3;              // Number of neurons in Layer 2
    parameter SPIKE_CONTRIBUTION = 8'd10; // Current contribution to Layer 2 for every Layer 1 spike

    // Signals
    wire spike_layer1[N];
    reg [7:0] layer2_current[M];

    // Instantiate neurons in Layer 1
    generate
        genvar i;
        for (i = 0; i < N; i = i + 1) begin
            leaky_integrate_fire_neuron neuron_layer1 (
                .clk(clk),
                .reset(reset),
                .current(input_current[i]),
                .spike(spike_layer1[i])
            );
        end
    endgenerate

    // Logic to compute input current for Layer 2 based on Layer 1 spiking activity
    always @(posedge clk or posedge reset) begin
        if (reset) begin
            for (int j = 0; j < M; j = j + 1) layer2_current[j] <= 8'd0;
        end else begin
            for (int j = 0; j < M; j = j + 1) begin
                layer2_current[j] <= layer2_current[j];
                for (int k = 0; k < N; k = k + 1) if (spike_layer1[k]) layer2_current[j] <= layer2_current[j] + SPIKE_CONTRIBUTION;
            end
        end
    end

    // Instantiate neurons in Layer 2
    generate
        genvar j;
        for (j = 0; j < M; j = j + 1) begin
            leaky_integrate_fire_neuron neuron_layer2 (
                .clk(clk),
                .reset(reset),
                .current(layer2_current[j]),
                .spike(spike_out[j])
            );
        end
    endgenerate

endmodule
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Conclusions
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• Fully LLM written Spiking Neuron Array with 
SPI interface. 

• Generated Verilog verified with functional 
simulation

• Design was submitted on Tiny Tapeout 5 using 
an open source RTL-> GDS flow

• 33% Density in a 320um x 200um tile
• Chips expected back on July 30 for testing
• All code, scripts, and ChatGPT transcripts are 

available on Github.

Layout for LLM Spiking Neuron Array

• One of the first fully AI described ASICs
• Not an easy process, but a fully Natural 

Language -> Verilog flow is possible
• For now, it requires extensive verification 
• Future work – Given a top module can LLMs 

automate functional verification & stimulus 
generation?



Variations  of our team picture generated by Dall-E

https://andreoulab.net
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Telluride Neuromorphic Engineering Workshop
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30th year anniversary: 
Join for 3 weeks of fun @ 9000 feet


