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A new computing paradigm
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A new computing paradigm
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Traditional Computation Paradigm
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Typical Energy Consumption in 45nm Technology [in pJ]
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Source: Horowitz, M. Computing's Energy Problem and What We Can Do About It, ISSCC 2014

- Moving data from memory to CPU is energy intensive and limited
by the bandwidth between memory and CPU
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Neuromorphic Computing Definition
“Neuromorphic”: combination of Greek words “neuro-” (“nerve”) and “-morphḗ” (“form”)
hardware and software systems that substantially imitate the functional mechanisms of the biological brain consisting of neurons and synapses
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Separated computation and memory
Limited compute parallelism

Digital compute signals
Dense data (binary, continuous and
synchronous data stream)

In-Memory
Compute
Architecture

In-memory Compute

= Collocated computation and memory

= Massive compute parallelism

= Mixed-signal (digital/analog) compute
signals possible

= Dense data (continuous values and
synchronous data stream)
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Neuromorphic Architecture

= Collocated computation and memory

= Massive compute parallelism

= Mixed-signal (digital/analog) compute
signals possible

= Sparse data (spiking, event-based and
asynchronous data stream)
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Neuromorphic Computing Definition
“Neuromorphic”: combination of Greek words “neuro-” (“nerve”) and “-morphḗ” (“form”)
hardware and software systems that substantially imitate the functional mechanisms of the biological brain consisting of neurons and synapses
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Neuromorphic Computing — Working Principle

Neuron Model Spiking Neural Network (SNN)
[ ]
Input Rans
¢ 4 Neuron '\
Output
t ¢t »
T T Event-based Spiking Neural
Actuators
4 t 11 Sensors Network
Input Spikes + 141 ¢ 11 n N 4 $ 4
Neuron integrates inputs T T T
Neuron State and fires when threshold
(Th) is reached, followed
Output Spikes ) by reset $ 4 44 1t ¢
Input Event Spikes Output Event Spikes

= Neurons collocate weights (w;) and compute logic and allow mixed-signal implementations - SNNs allow increased power efficiency
= SNNSs exploit sparsity (inputs and weights are not dense) > SNNs require less data movement than DNNs
= Bio-inspired compute algorithms allow beyond-Moore compute concepts (e.g. fully parallel designs) 2 Reduced reliance on Moore’s law
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Parameter Sparsity: Frantar & Alistarh, SparseGPT: Massive Language Models Can be Accurately Pruned in One-Shot
Activation Sparsity: Zhu et al. SpikeGPT: Generative Pre-trained Language Model with Spiking Neural Networks
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Neuromorphic
Feedback Control:
An introduction

Nengo core
NengoGUI
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Neuronal PID Controller

Nengo
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External/Use-case
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Fragmented:
control design,

training, and

Toolkit for neural and neuromorphic control
design and deployment on resource-
constrained devices

Full end-to-end

NeuCoDe

NEURAL CONTROL DEPLOYMENT TOOLKIT

Characterise > Generate > Train > Export > Validate > Deploy

Bridges simulation

and physical

e workflow from I =l ;
% ' embedded s design to By \Validation =
C0||ab0rati0n: Benedikt FiSCher, SPICES Lab, OHM : ' dep|0yment are dep|oyment shared metrics and
’ telemetry
disconnected
Nk Hotreyroducmis oo - One reproducible ] Embedded-ready
X3 workflow from s = b}
o . pipeline an export
. simulation to
embedded
deployment
' N '8 N N r T ' T ' N
Plant model Expert Train controller Export Validate Report
FOPDT / FOIPDT s PID tuners | A imitation +_DAgger | int8/Q-format C ) parity gate P tables
StateSpace LQG / state-space B: analytic policy grad. graph header, .thz sim harness plots
from bdsim optional for APG A+B: distillation .nir hardware harness ResultStore
. . . v » . J . . . .
artifact
plant params gains .csv, .pth + scaler .h / .fbz / .nir ExperimentResult .json / .png

Every stage reads and writes files, so a run can start at any stage (README: staged, resumable pipeline).

» Each stage reads and writes artifacts, so you can enter at any stage: tune only, retrain from a saved dataset,

re-export a saved model, or re-score a saved trajectory.

* The same controller object is used in simulation and on hardware; only the harness changes.
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Collaboration: Benedikt Fischer, SPICES Lab, OHM
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ntelec'2026  Actuator control for operating a hydraulic valve unit Controller replication
NURNBERG - GERMANY — Duwc C[e1
« Control range from -60° to +60° 7 !
« The positioning time must be between 10% and 90% in <110 ms i
« 3° within 30 ms at the latest w0 i

The coupling play is learnt on switch-on
The response time is relevant
Test at 30° and 0°
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+  Control range from -60° to +60°

*  The positioning time must be between 10% and 90% in <110 ms
« 3° within 30 ms at the latest

* The coupling play is learnt on switch-on

* The response time is relevant

+ Testat30°and0°

frequency response 0° £57° 3 Hz, 92°C, 9V
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ntelec:2026 Regulation of a High-Voltage Power Supply for an Electrostatic Precipitator | _SNN

T NURNBERG - GERMANY = Wide operating range, smooth control authority, and high efficiency

 Input voltage: 325V
« Qutput voltage (negative): 25kV - 35kV
Switching frequency: 70 - 110kHz

« Resonant frequency: 100kHz

uc
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< IEEE Pdﬂs Collaboration: Marcel Raum, Norbert Grass, ELSYS, OHM, Metallbau Greil
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Electrostatic precipitators (ESPs)

require stable high voltage to achieve efficient particle separation. In practice, the plant is strongly nonlinear and time-varying: corona onset, arcing/discharge events, saturation effects, and slow environmental drift (temperature, humidity, dust loading) make classical setpoint tracking insufficient. The real control objective is therefore high separation efficiency while actively avoiding discharges. 

Event-driven computation: “work when there is a change”
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Wide operating range, smooth control authority, and high efficiency

« Input voltage: 325V Voltage Precl OekoSolve
« Qutput voltage (negative): 25kV - 35kV 5
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Reduced discharge events compared to classical control 
Smoother voltage trajectories and faster recovery after discharges 
High operating voltage maintained with improved robustness 
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Sensorless BLDC Field-Oriented-Control Standalone neuronal controller

Serial
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. Memory = Spike . Neuron

reference speed
Co:tiztller SENNA control signals Motor Driver BLDC Motor
(SNN Accelerator) g(whagemurce Inverter) Position
Sensor
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J
Signal Encoding
(from X to spikes)
= Fraunhofer SENNA Chip: mixed-signal circuit-switched field-programmable accelerator for SNNs With funding from the:
= Reference design in 22 nm GF FDSOI
1024 neurons and 25.600 synapses 2 10 mm? % Ffé?{eral Mifll1i§|'tryh :
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Presentation Notes
Block diagram of a closed-loop commutation control system for a three-phase BLDC motor. Thecontroller implemented on the processing unit receives feedback signals si,sense(t) (where i is in {a, b, c})from the motor via the power stage, in this case, a voltage source inverter (VSI) with a supply voltage ofVin for the high power circuitry. In case of sensorless commutation, the feedback signals are voltages of thefloating phases. The controller processes the feedback signals and generates control signals sPWM,i(t) andsEN,i(t) to drive the power stage, which in turn indirectly controls the current through the motor windingsvia the voltage. 
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Standalone neuronal controller
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Presentation Notes
Block diagram of a closed-loop commutation control system for a three-phase BLDC motor. Thecontroller implemented on the processing unit receives feedback signals si,sense(t) (where i is in {a, b, c})from the motor via the power stage, in this case, a voltage source inverter (VSI) with a supply voltage ofVin for the high power circuitry. In case of sensorless commutation, the feedback signals are voltages of thefloating phases. The controller processes the feedback signals and generates control signals sPWM,i(t) andsEN,i(t) to drive the power stage, which in turn indirectly controls the current through the motor windingsvia the voltage. 
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Measured phase voltages vs observations
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Presentation Notes
The upper plot depicts the measured phase voltages as wellas the zero-voltage crossings detected by our ZVC detection circuit. The middle to last plot depicts thecurrents flowing through the motor coils, the voltages applied to the motor phases and the phase back EMFsignals. The bottom plot shows the control signals generated by the Spike Latches which are passed to thepower stage. Note that initially, the motor is driven by hall-sensor-based control so that the dynamic delaycircuit of the SNN can tune itself to the required ZVC-to-commutation delay and the SNN takes over after2500 μs
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EMABARK
Evaluates control quality and neuromorphic deployment

Running a physics-based electric motor simulation at 10 kHz

Enforcing synchronous, causal execution

Creating a standardized interface

Measuring timing and dynamic control behavior
Testing both software and neuromorphic hardware

Normalised Obs Action / Spikes-
. t dq, Sout .
Environment (o) (udq, Sout) Metrics Recorder
_ Processor Agent
(gym-electric-motor) (ITAE, SyOps, Energy)

|

A

Actuation
(udq)

Collaboration: Younes Bouhadjar, Fraunhofer IIS, Jonas Reif, OHM
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Presenter Notes
Presentation Notes
1. Running a physics-based PMSM simulation at 10 kHz, using a fixed timestep of no more than 100 µs. 
2. Enforcing synchronous, causal execution, so every SNN output affects the motor state used in the next cycle. 
3. Creating a standardized interface between discrete-event SNN inference and continuous motor dynamics, including signal normalization and safety limits. 4. 
4. Measuring timing and dynamic control behavior, including latency, tracking error, overshoot, settling time, and stability. 
5. Testing both software and neuromorphic hardware, including the BrainChip Akida accelerator, to evaluate whether execution fits within the real-time budget.
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ntelec2026 PMSM Field-Oriented-Control SN

Six canonical motor-control scenarios

The test bench spans transient response, tracking, steady state, and axis coupling
Each scenario specifies

Table 1. Canonical Benchmark Scenarios.
$1-S3: Torque-current step

ID Name w (rpm) i; (A) Duration(s) response at different motor

S1 Low-speed Step 500 0—2 0.3 speeds.

S2 Mid-speed Step 1500 0—2 0.3 S4-S5: Dynamic tracking,

S3 High-speed Step 2500 0—2 0.3 reversals, and steady-state

S4 Bidirectional Multi-step 1500 +2 (4-st) 1.0 consistency.

S5 Four-quadrant Trans. 1500 +2——-2—0 0.9 S6: d—q current coupling during
S6 Field Weakening 2500 0—2 0.6 high-speed field weakening.

PMSM, inverter, and mechanical load with a 10 kHz control step

Collaboration: Younes Bouhadjar, Fraunhofer IIS, Jonas Reif, OHM 5] Dhm Fachechuta

Nirnberg
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Ground-truth calibration separates controller quality

Mean MAE across the six scenarios reproduces the expected SNN ranking

Mean across S1-S3

SNNv1

0 0.5

2.251

SNNv3

MAE

~ Bench

SNN

SNINv1: LIF-based network with hidden layers [128, 96, 64];
trained using open-loop imitation learning.

SNINv2: same network as above. Trained using scheduled
sampling and BPTT through PMSM voltage and current
trajectories.

SNNv3: same network as above; predicts incremental voltage
changes instead of absolute voltages; uses two-phase hybrid
training with imitation learning and closed-loop BPTT

SNNv3 ranks first at 0.732 A mean MAE, closely followed by SNNv2 at 0.774 A. SNNv1 performs the worst.

Collaboration: Younes Bouhadjar, Fraunhofer IIS, Jonas Reif, OHM
Acknowledgments:
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Presentation Notes
Mean MAE across the six benchmark scenarios: SNNv3 0.732 A, SNNv2 0.774 A, SNNv1 2.251 A.
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