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Abstract: In a multi-channel radiation detector readout system, waveform sampling, digitization,12

and raw data transmission to the data acquisition system constitute a conventional processing13

chain. The deposited energy on the sensor is estimated by extracting peak amplitudes, area under14

pulse envelopes from the raw data, and starting times of signals or time of arrivals. However, such15

quantities can be estimated usingmachine learning algorithms on the front-endApplication-Specific16

Integrated Circuits (ASICs), often termed as “edge computing”. Edge computation offers enormous17

benefits, especially when the analytical forms are not fully known or the registered waveform suffers18

from noise and imperfections of practical implementations.19

In this work, we aim to predict peak amplitude from a single waveform snippet whose rising20

and falling edges containing only 3 to 4 samples. We thoroughly studied two well-accepted neural21

network algorithms, Multi-Layer Perceptron (MLP) and Convolutional Neural Network (CNN)22

by varying their model sizes. To better fit front-end electronics, neural network model reduction23

techniques, such as network pruning methods and variable-bit quantization approaches, were also24

studied. By combining pruning and quantization, our best performing model has the size of 1.5KB,25

reduced from 16.6KB of its full model counterpart. It can reach mean absolute error of 0.03426

comparing to that of a naive baseline of 0.135. Such parameter-efficient and predictive neural27

network models established feasibility and practicality of their deployment on front-end ASICs.28
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1 Introduction40

Our capability to develop increasingly complex detectors capable of providing more precise infor-41

mation of the phenomena under observation, from accelerator-based science, particle physics and42

photon science, to large or distributed telescopes in different frequency domains, is pushing the43

limits of the standard streaming-storing-analyzing paradigm. The search for new fundamental par-44

ticles, for example, has driven the development of new colliders with data rates exceeding petabytes45

per second [1]. Such computational loads burden experiments with increased data infrastructure46

requirements. Early efforts to address this challenge have investigated porting neural networks47

tasked with classifying jets to Field-Programmable Gate Array (FPGA) architectures [2]. This48

work highlighted the potential for incorporating FPGA-based neural networks in the L1 trigger49

system and evaluated the trade-offs between quantization and pruning on resource consumption50

and performance. One promising approach for further decreasing data rates is porting the analysis51

from FPGAs to Application-Specific Integrated Circuits (ASICs). Front-End ASICs, also called52

ReadOut Integrated Circuits, Fig. 1, condition, digitize, and further process incoming signals before53

streaming data to the data acquisition system. Historically, the algorithms in the ASIC’s digital54

processor have been conventional signal processing algorithms such as impulse response filters,55

peak detectors, and digitizers. Recent advances in machine learning have demonstrated that neural56

networks can be trained to work as best estimators, i.e. to regress ground truth parameters from data57

generated with ab-initio detector system simulations, Fig. 1. This allows for estimating particle’s de-58

posited energy without calibration and computationally expensive global fit methods. Incorporating59

this computational approach in an ASIC would reduce data throughput by having a more intelligent60

interface with, for example the L1 trigger system. In light of this promising potential, efforts to61

realize ASIC-based neural networks have recently begun attracting significant interest. In [3], the62

authors propose a data compression algorithm using deep neural networks for the Phase-II upgrades63

of the CMS Collaboration’s HGCAL (High-Granularity CALorimeter) experiment. In that study,64
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a Convolutional Neural Network (CNN) -based autoencoder was realized using automatic layout65

design (i.e, place and route) tools with more than half a million digital logic gates dissipating few66

100’s of mW of power and consuming significant real-estate. Area and power metrics are critical67

design parameters, which define the boundaries for the design and usable implementation of ASICs.68

Sensor Shaper Digital 
ProcessorDigitizer

Read Out Integrated Circuit (ROIC) as an ASIC 

Amplifier

DAQ 
System

Figure 1: Introducing a neural processor for real-time data processing on the readout integrated circuit.

2 Signal Modeling and Data Preparation69

Ground truth training data, of which the generation process is shown in Fig. 2, was prepared as70

sampled waveform snippets resulting from simulating the readout analog circuitry and modelling71

the sensor as a 50 `m thick low-gain avalanche diode sensor. Charge pulses are simulated using a72

model based on straggling functions [4] for energy loss of minimum ionizing particles traversing73

a silicon sensor and generation of charge due to drift and multiplication. The charge pulses are74

represented as 25-point piece-wise linear functions and converted into the s-domain. The sensor75

currents and distribution of charge pulses are shown in Fig. 2 a, b. The analog processing chain,76

described as a CR-RC3 filter, is characterized by the peaking time of the impulse response chosen77

to be approximately two times longer than the duration of the charge pulses and is shown in Fig. 278

c. The time domain response of the analog chain stimulated by the charge signals is calculated as79

an inverse Laplace transform of the product of s-domain representation of the sensor charge pulses80

and the transfer function of the filter. Examples of these operations are shown in Fig. 2 d. The time81

domain response of the analog chain are recorded as waveform snippets allowing some padding82

before each pulse. Then, noise is added in time domain, by generation noise sequences, chopping83

their length to match the lengths of the waveform snippets and adding both as shown in Fig. 2 e.84

Noise is generating as bandwidth limited time sequences obtained by a superposition of individual85

impulse responses to a sequence of delta pulses of randomized polarity and amplitude. A typical86

noise power frequency spectrum, for which the dominating noise source is the first stage of the87

processing chain is modeled. The variance of the noise time sequence is calculated and the noise88

process is scaled to result in the planned signal-to-noise ratio, for example, 30 or 15. A total of89

about 10k waveform snippets, such as the one shown in Fig. 2 f, with noise have been generated.90

The original values of charge magnitude and time of arrival have been written together with each91

waveform snippet to allow testing of the investigated processing methods. The subsampling, used92

in the later experiments, is depicted Fig. 2 f by red circles.93

The original simulation waveform timing window of 8ns is sampled at the rate of ~3ps,94

containing 3401 samples. To reflect waveform digitization in real applications, all waveforms are95

downsampled by about 190-fold, reducing its dimension (1D) from 3401 to 18 i.e sampling rate96

of ~437ps, resulting in 0 to 1 sample on the rising transition and 1 to 2 samples on the falling97

transition of a waveform. The subsampling is a challenge as the maximum value in a downsampled98
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waveform likely deviates much further from its ground truth amplitude. If we naively treat the99

maximum values in downsampled waveforms as our predictions, the average absolute error is100

0.135. Therefore, our models aim to outperform this naive method. We randomly separate the101

waveforms into train-validation and test subsets. The test dataset has never been exposed to the102

model training or validation to reflect the model performance on the test dataset on unseen data.103

Figure 2: Generation of sampled waveform snippets, a) sensor currents with average current waveform,
b) distribution of signal charges, c) impulse response of electronic analog filter, d) convolutions of sensor
currents with filter impulse responses, e) electronic noise waveforms, f) waveform snippet with sampling

3 Neural Network Models and Experiment Results104

Neural-network-basedmachine learning approaches have demonstrated tremendous success in com-105

plex recognition tasks that previously were prohibitive. Here, we consider two well established106

network architectures: MLP and CNN [5]. MLP consists of a sequence of fully connected (fc)107

layers with non-linear activation functions. A fc layer is a linear model that takes an input vector,108

multiplies it by a weight matrix, and adds a bias vector (Fig. 3). Despite their apparent simplicity,109

such layers, when stacked upon each other, posses universal approximation capabilities [6] and are110

competitive with state of the art convolutional and attention based models [7]. A CNN consist of a111

sequence of convolutional layers followed by non-linear activations. A convolutional layer (conv)112

consists of multiple small matrices, called “kernels” (colored in orange in Fig. 3). Each kernel scans113

through the input signal by a fixed stride and computes the inner product with the aligned portion114

of the input.115

Computationally expensive operations such as exponentiation and division have been not used116

by restricting activation functions to ReLU and avoiding batch normalizations to meet power, area,117

performance and latency constraints. Recent studies have shown that a norm-free neural network118

can perform well [8]. To promote low latency, the investigated networks were of not more than 6119

layers. The resulting network architectures are suitable for deployment onmost non-GPU computing120

hardware, such as FPGAs, intelligence processing units (IPUs), microcontrollers, or in ASICs.121
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Section 3.1 details the performance of various MLP and CNN configurations as the baseline.122

Section 3.2 shows the experiments with different pruning methods on these networks. Section 3.3123

applies variable-bit quantization-aware training to reduce model sizes, and Section 3.4 details how124

combining pruning with quantization further reduces model sizes.125

3.1 Neural Network Model Baseline Performance126

Neural architectures and suitable hyperparameters are explored and determined by experimenting127

with various network configurations. The layerwidths and kernel sizes in consideration are tabulated128

in Table 1. To establish a fair comparison between MLPs and CNNs, models of different sizes are129

denoted as “Tiny” (T), “Small” (S), “Medium” (M), and “Large” (L) for the number of parameters130

in the proximities of 400, 1300, 4000 and 9700, respectively. The number of layers of both MLP131

and CNN are fixed at five: one input layer, three hidden layers, and one output layer. Using the132

tiny MLP as an example, the input layer has a dimension of input-dim × 8, the three hidden layers133

have 8 × 8, and the output layer has 8 × 1, where the input-dim is 18. Each number in an MLP134

configuration indicates the width of a fully connected layer. For the CNN configurations, the first135

three numbers indicate the number of output channels in convolutional layers with the last number136

noting the width of the fully connected output layer.137

Table 1: Model configurations of multi-layer perceptron (MLP) and convolutional neural network (CNN)
with the corresponding number of parameters.

(a) Model Configurations of MLP

MLP Config. # Param.
Tiny (T) 8-8-8-8 377
Small (S) 16-16-16-16 1137
Medium (M) 32-32-32-32 3809
Large (L) 52-52-52-52 9309

(b) Model Configurations of CNN

CNN Config. # Param.
Tiny (T) 2-2-2-16 453
Small (S) 3-3-3-32 1289
Medium (M) 5-5-5-64 4149
Large (L) 6-6-6-128 9725

Models are trained to regress the waveform ground truth amplitude using the MSE as the target138

loss function and the AdamW optimizer. The optimal number of epochs required for training is139

determined by using the 90/10 train-valid split and finding the minimum validation error epoch.140

The model then is retrained with the entire training data for the optimal number of epochs.141

All models were evaluated on a held-out data set using the Mean-Absolute-Error, MAE =142

1/# ∑#
8=1 |H8 − Ĥ8 |. Lower MAEs between predicted signal amplitudes and ground truth values are143

better. Violin graphs shown in Fig. 3 capture the highest (violin bottom), lowest (violin top) and144

median performing models sampled from 10 runs for the specific model configuration.145

Model sizes also play an important role. In general, the tiny models do not perform as well as146

other models. The large models have similar performance as the medium models but are prone to147

over-fitting, resulting in a greater variance in model performance. Therefore, the remaining sections148

about network pruning and quantization primarily focus on the medium and large models.149

3.2 Neural Network Model Pruning150

Network pruning reduces a neural network’s size. Through pruning, model weights with the lowest151

magnitudes are removed, as smaller values in a weight matrix will have lesser impact on the output.152
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MLP Conv1D

Figure 3: Schematics of MLP and Conv1D. Performances of MLP and CNN in various model sizes.

Iterative pruning combines the pruning and training steps. This allows the weights of the remaining153

network to adapt to the network architecture change, resulting in a better model. Interestingly,154

Frankle and Carbin [9] have proposed that after each pruning step, the remaining weights should be155

reset to the model initial values. By doing so, they found the pruned model can even outperform the156

original. This suggests that at least one subnetwork exists with the particular initial values and can be157

trained to perform very well. This is the so-called, “Lottery Ticket Hypothesis (LTH)”. We consider158

additional two parameter resetting strategies – continuous pruning (CP) not changing the values of159

remaining weights and random reinitialization (RR) resampling the remaining weights randomly.160

For parameter ranking, global unstructured L1 pruning was used for its superior performance [10].161

Pruning was scheduled, Fig. 4c, to start after the 100th epoch and repeat every 20 epochs until162

training completion. Each pruning cycle removes 10% of the remaining weights and leaving 10 %163

of the original weights in the end (0.921 ' 10%). The total number of epochs was 520. As only164

weights were pruned and not biases, CNN and MLP result in the different sparsity values.165

Ten runs for each combination of four different network models and three pruning methods166

were performed. Then, we smooth each run using a uniform kernel length of 5 averaged over 10167

runs. Figures 4a, b, d, and e show the pruning results of different methods on four respective168

models: MLP( , CNN( , MLP" , and CNN" . The color bands indicate two standard deviations.169

Surprisingly, all pruning methods perform similarly on all network models in the experiments. All170

models can reach the same or similar MAE of their non-pruned full model counterparts. This171

suggests that our proposed pruning technique is a viable approach to reduce the model parameters172

under hardware resource constraints or to decrease hardware processing cycles [11, 12].173

3.3 Quantization-aware Training174

Model quantization aims to reduce model sizes by replacing 32-bit floating-point parameters with175

smaller 8 or 16 bit fixed-point representations. Quantization-aware training (QAT) simulates noises176

induced by low-precision representations during network training, which improves the quantized177

model performance comparing the post-training quantizations [13]. We furthered the QAT by178

considering variable bit QAT that different layers have different precision bits using QKeras.179

The input and output are fixed to 16-bit for not losing information at begining and not inducing180

error by low precision for regression. To reduce the search space, four hidden layers are grouped into181

“first two” and “last two”. Each layer group has three choices (4-bit, 6-bit or 8-bit) for fixed-point182

representations, resulting in 32 = 9 total bit-precision configurations for both MLP and CNN.183

Ten runs were performed for each bit-precision confguration on each MLP and CNN models,184

Fig. 5. Quantized models are ordered by their model sizes after quantization. As the number of185

– 5 –



0 100 200 300 400 500
Epochs

0.025

0.030

0.035

0.040

0.045

0.050
M

ea
n 

Ab
so

lu
te

 E
rro

r

RR
LTH
CP

(a) MLPS

0 100 200 300 400 500
Epochs

0.025

0.030

0.035

0.040

0.045

0.050

M
ea

n 
Ab

so
lu

te
 E

rro
r

RR
LTH
CP

(b) CNNS

0

500

1000

no
n-

ze
ro

pa
ra

m
s.

0 200 400
Epochs

0.00

0.25

0.50

0.75

1.00

1−
sp

ar
si

ty

MLPS

CNNS

(c) Prune Schedule and Sparsity (S)

0 100 200 300 400 500
Epochs

0.025

0.030

0.035

0.040

0.045

0.050

M
ea

n 
Ab

so
lu

te
 E

rro
r

RR
LTH
CP

(d) MLPM

0 100 200 300 400 500
Epochs

0.025

0.030

0.035

0.040

0.045

0.050

M
ea

n 
Ab

so
lu

te
 E

rro
r

RR
LTH
CP

(e) CNNM

0

1000

2000

3000

4000

no
n-

ze
ro

pa
ra

m
s.

0 200 400
Epochs

0.00

0.25

0.50

0.75

1.00

1−
sp

ar
si

ty

MLPM

CNNM

(f) Prune Schedule and Sparsity (M)

Figure 4: Performance of the RR, LTH and CP pruning methods on S and M - sized MLP and CNNmodels.

parameters of CNN concentrate more in the last hidden layer of fully-connected, same bit-precision186

configuration of MLP and CNN may end up in different ranks. Results of QAT in the MLP model,187

Fig. 5a, show that when the precision of all four hidden layers is 8 bits, the MLP" (4.75KB) can188

reach the test MAE of 0.0373 (averaged over 10 runs), whereas MLP( (1.15KB) with all hidden189

layer of 8 bits of 0.0375, which is close to that of MLP" . When the precision of the first two hidden190

layers is less than the precision of the last two hidden layers, a loss of information is evident as the191

evaluation MAE in such cases is relatively higher than others. In terms of the CNNmodels, Fig. 5b,192

when the precision of hidden layers is homogeneous 8-bits, the MAE is lowest, around 0.036. Even193

though CNN( (0.75KB) has only two-thirds of the parameters comparing to its MLP( (1.154KB),194

it has better performance. Therefore, CNN models deliver better performance at lower precision195

using QAT with a small memory footprint.196

3.4 Pruning with Quantization-aware Training197

Here, we explore the effects of applying both pruning and quantization during training for our198

task. In another study, the combined approach can reduce the model size significantly without199

sacrificing accuracy [14]. In our implementation, we use TensorFlow’s Model Optimization Toolkit200

to implement pruning with QAT (PQAT).201

The choices of pruning the sparsity (Ps) targets, 50% and 75%, were guided by the results in202

Sec. 3.2. Fig. 5c shows the evaluation results of applying PQAT on the small- and medium-sized203

MLP and CNN models for a given pruning sparsity. Configurations with MAEs greater than 0.04204

are filtered out. Overall, the results agree with our intuition: larger models can be quantized and205

pruned further. WhenMLP( is trained with 75% sparsity, its MAE is even larger because the model206

size becomes too small. However, in MLP" for 50% Ps and with homogeneous 8-bit precision in207

hidden layers, the performance is as good asMLP" in QAT (shown in Fig. 5a). With PQAT,MLP"208

model size is reduced from 4.75 KB to 2.35 KB, and it delivers equally good performance (MLP"209
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(b) Evaluation of QAT in CNN Model
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(c) Evaluation of PQAT in MLP and CNN (Ps = Pruning Sparsity).

Figure 5: Variable Bit Quantization-aware Training (QAT) and Pruning with QAT in CNN and MLP.

in QAT). In CNN, using PQAT with Ps 50% and 75% results in many bit-precision configurations210

that have low MAEs (less than 0.04). For instance, CNN( 8|8 (homogeneous 8-bit precision in211

hidden layers) with Ps 75% results in the smallest model size of only 0.236 KB. In some trials (out212

of 10 total), it has an MAE under 0.04 as shown in Fig. 5c. This still performs as good as its larger213

counterpart CNN( (0.746 KB) in QAT experiments (Fig. 5b). Other bit-precision configurations214

in CNN" have performed even better. CNN" 6|4 with Ps 75% (0.899 KB) results in a good MAE215

of 0.0372, which has significantly improved from its larger counterpart (2.786 KB) in QAT that216

results in MAE of 0.0665 without pruning. In addition, the best performing CNN" 8|8 in QAT has217

a size of 5.246 KB, and its size is reduced to almost by half in PQAT with a Ps 50% to 2.75 KB218

while delivering a similar performance. Using PQAT in CNN and MLP shows that CNN delivers219

better performance even when the pruning sparsity is 75%, retaining only 25% of model parameters220

in memory. Models trained using PQAT have a lower memory foot print and MAE compared to221

models with separate QAT and pruning stages.222
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4 Conclusion223

We have demonstrated that pruned and quantized MLPs and CNNs can recover peak values from224

downsampled waveforms generated by interactions of particles in sensor. In the absence of pruning,225

MLPs and CNNs outperform the simple model MAE of 0.135 by over 4x and achieve MAE226

evaluation metrics of 0.03 and 0.026, respectively. Pruning and quantization reduce the model size227

even by 90%, modestly increasing the evaluation error from 0.026 to 0.034. These findings show228

that ASIC-based neural networks are promising candidates for real-time edge-computation. Future229

work will continue the co-design approach by designing an ASIC which will implement such neural230

network models and automate architecture search and model reduction to better fit the hardware.231
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