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Problems: Questions:

Use which sensor?

Is the training data from 
the same sensor?

▸Sensor artifact simulator (noise, delay, scale, transfer characteristics, …)

▸Add as a PyTorch method to be used during training — train the network directly against
the target sensor's characteristics

▸Automate transfer learning for sensor replacement: reuse old-sensor data for a base
network, then adapt final layers with a few data points from the new sensor

▸Automatically compare different candidate sensors and pick the best one for the task

How to select the optimal 
preprocessing, simplifying 

the AI's job?

▸Co-develop the preprocessing at AI training time, rather than fixing it by hand up front

▸Offer a large pool of preprocessing steps (FFT, FIR, ARMA, wavelets, …) and let pruning
auto-choose the most useful ones during training

▸Support in PyTorch for trainable preprocessing, e.g. FIR filter coefficients optimized via the
same backpropagation as the network itself

▸Significantly reduces the effort the neural network has to cope with

How to compress a neural 
network for embedded 

inference?

▸Add a PyTorch wrapper around the AI object, exposing a simple API to configure compression
per layer

▸Supported techniques: pruning, quantization, low-rank decomposition, and their combinations

▸Simulate quantization correctly during training, so that accuracy loss is captured before
deployment

▸Predict resource usage from the network definition — memory footprint, compute cost,
operator coverage

▸What should an EDA tool for this actually look like? — we want to discuss with the community

What hardware to use

(µC, CPU, GPU, XPU, 
FPGA, …)?

And which exact one?

▸Per-target estimation of timing, memory, power, and cost for each candidate hardware type

▸Compare candidates and pick the lowest-cost option that satisfies all user constraints

▸Feed the resource estimator back into the training fitness function as a soft constraint —
the optimizer regards resource usage directly

▸Possible workflow: pretrain a golden model without resource constraints → predict
resources on each HW → pick HW → retrain with resource-aware loss, including
quantization and further pruning / low-rank steps

How to evaluate the 
overall system 
performance?

▸Evaluate the full loop: sensor influence → preprocessing cost → inference resource usage
→ prediction accuracy → quality of the final output acting on the environment

▸ Include physics and resource usage in the system simulation, not just the model in
isolation

▸Feed the closed-loop score back into the AI's fitness function, so training optimizes the
deployed system, not just a dataset metric

Proposed EDA toolchain

Modules 1–5 plug into a standard PyTorch training loop and address the five questions above

1  Sensor simulator

Noise · delay · gain · transfer characteristics

2  Trainable preprocessing

FFT FIR ARMA etc.

Pool is pruned during training

3  Compression stack

Pruning

float32

Quantization

W ≈

Low-rank

Per-layer configuration via PyTorch API wrapper

PyTorch training loop

forward loss backward update

loss  =  accuracy term  +  resource cost  +  system score

4  Resource estimator

Latency 1.8 ms

Memory 96 kB

Power 85 mW

Per hardware target · feeds the loss as a soft constraint

Target hardware

µC CPU GPU XPU FPGA

Pick the lowest-cost target that meets all constraints

5  System simulator

Plant · physics · environment · closed-loop evaluation

Resource cost System scoreDeploy
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