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Goals of puse reconstruction:

Waveform e What energy, when, what type?
analysis
Methods:

e Simple sum or maxima = Poor resolution

e Filter noise: = better but sub-optimal
resolution, and parameters to tune

e Template fitting = optimal resolution but
need a template




Learn the optimal template
without labelling the data ?




The matched filter

If you know the expected pulse

600 Waveform with 3 pulses, noise=50, and pedestal offset=0

shape: N . | | — signal
e Convolution = Best possible 0| T e
signal to noise ratio for any Z‘; | - ::zzg
linear filter o | Filter Output ||
e Maximaindicate: o
o When pulse happens -100
o  Whatenergy it has 2001
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Convolutional layers in CNNs are Time (clock ticks)

matched filters



Our model T ™ - \\
I
:
|
I
|
:

Autoencoder-like:
= want the output to look like the input
= works on unlabeleq data

Loss o< (output - input) +
b= +  Output
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Our model T - k\

Encoded space: series of delta functions
= Pulse parameters (energy, time)

v

Encoded

\/

Loss o< (output - input) +
b= +  Output
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Our model

Convolve: Amplitude

? v

Convolve with learnt pulse shape

v

|
|
|
| Encoded
|
|

\/

Convolve:

> Reversed Arr;alitude
Loss o< (output - input)
L= <+  Output
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Our model ' N,
/ Convolve: Pulse finder

|

|

|

|

: Convolve: Amplitude +

Extremise
Detect pulses and : ?
disentangle : : Convolve Unfold
contributions to | '
. ' I Regularise

observed amplitudes ! ! to match

' I \ernels

I I Encoded

I |

: !_ Convolve

|

|

-— P Reversed Arr;alltu
Loss o< (output - input)
L= <+  Output
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Does it work?




Examples on toy data
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Handling overlapping pulses
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Pulse Separation

MF AE = Our model
SciPy = Scipy’s peak finder
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Parameter accuracy
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Scipy

0.03

1.89
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Can we understand what it's learnt?

- amplitude filter
- peak finder filter
0.2 - - unfold filter
- time inverted amplitude filter
w 004
-
o | L
>
£
w —0.2
; =
—04 Ny V
-0.6 : :
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40
Kernel Index

e Amplitude: Pulse shape at the
right hand edge. Zero-mean
ringing ?

e Reversed Amplitude:
matching input

° : second
derivative of rising edge of
pulse

e Unfold layer:
Looks roughly like I'd expect
but shifted to edge rather
than centred
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What now
and next
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Now:
e Improve stability and sparsity

e Test against more realistic scenarios
o real data
o real algorithms for comparison

e Finalise built-in pulse classification (see
backups)

Next:
e Extend to target multiple types of pulse shapes
(layers with multiple kernels)
e Multiple simultaneous waveforms (e.g. output of
many PMTs)
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Analytical fit
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Define chi-square for goodness of fit
2 2
X = E (Si —ant Ti)

Minimal chi-square value when

So the least-squares fitted amplitude is given
(semi-analytically) by:

_ ZiTiSi
> T3

Which is just a weighted sum over samples in
the waveform

d
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Can invert the output of the matched filter and
disentangle the contributions of each pulse

Pulse
separation

A two-pulse signal would be formed by:
Si=aTli_k+bTi_m + €
So the matched filter output becomes:
_ E : . .— T2 2
Fj — TiSI—J — aTk—j + bTm—J + EJ
Where for simplicity we define:

T2 — E TiTi—k (the auto-correlation function)
i

The response of the filter at the two pulse times is given by

Fe (T3 Ti_ \[a
Fm/)  \T2__ T3 b

Now invert and solve for g and b
17
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Pulse Classification

The Matched Filter gives the best signal-to-noise ratio
If the template used is the same as the underlying signal pulse shape
Return to the chi-square, which is a measure of the noise:

2 2 So minimising the chi-square
X° = E (Si — aat Ti) J °d
- leads to the matched filter output
|

: Tiyi
a—z' Y — FJ-:ZT;’S;_J'

— 2

Expand the chi-square formula, ZJ TJ'
and replace ‘a‘ with the matched And finally define a
filter output signal-to-noise filter

N N
_ 1 2 2 2 o Fi(N _ 1)

TN | &R Ni = v
j=0 j=0 ijo Yi—i — FoTh
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Pulse classification demo
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~— amplitude filter

SNR activation in the model o

Weight Value
o
°

Train on pulses with shaping time =15

=01
| peak_finder: Convl| -0.2
How does the SNR filter respond to different
shaping times? ’ “ .- ®
il l' " [ (pulse length 25)
.| PRELIMINARY ==
150 1= -0.10465
E . > u=-0.059
s [ o=0.00212
22 [ =
£y =] u=-0.03923
43 5 8’ A o=000191
lt 4
: “rime “ ,
activity_regularization: ActivityRegularization —
| \ a -0.11 -0.10 -0.09 -0.08 . .4007 -0.06 -0.05 -0.04
| time_inverted_amplitude: ConvlD | s ru.g © SNR minimum
R i S 2 umme E‘i " Issue in our input pulse normalisation: don’t have the
) g same “signal strength” for pulses with different shape...
e = “Does SNR activation of model trained on different

pulse shapes correctly identify if a pulse matches its
training set?
20
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Interpretability vs
performance e e

°
o

o

=
°
o

an1=0.985 an2 =0.586
) z
] SciPy G 04 SciPy
% 06 Samples: 39744 % Samples: 40192
2 u=1502 2 u=2019
b g=0716 © 03 o=0999
% an1 =046 % an2=0316
04
£ E S
0.4 1 JU— i i 2 20
. amplitude filter
peak finder filter 02 01
‘ ~— unfold filter 1 MF AE ‘ g psncr:e
. < : —_— R 1 SciPy 1 Scil
02 1 | —— time inverted amplitude filter ap Ll ; . . — = 00 : S N Y
' / 0 1 2 3 4 5 0 2 4 6 8
A / Nores Norea
LY
3 % [ MFAE 2 O MF AE
£ 001 1 SciPy 1 SciPy
>
S 14 MF AE 10 MF AE
i Samples: 39165 Samples: 47130
= 1R do=0051 > o=0061
S H
— T IT o
0.2 g1 SciPy 2 8 ciPy
:_f Samples: 18282 \‘:' Samples: 25438
° =003 = 6 m 0=0273
58 b
E E
-04 E 6 E
s S 4
E =
T T T T T 4
0 20 40 60 80 2 .
Kernel Index 2 ‘ —_
0 T T T 0 T 7“— T —— T -
04 06 038 : 025 050 075 100 125 150 175 200 225
ApedArue ApedAvue

Relaxing desire for obvious interpretation can improve performance
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input_1: InputLayer

Which makes for a heavily _/
constrained model —T

Layer (type) Output Shape Param # Connected to offset: Conv1D amplitude: Conv1D
input 1 (InputLayer) [(None, None, 1)] 0 i :f
peak_finder (Conv1D) (None, None, 1) 19 input_1[0][0] multiply: Multiply
amplitude (ConvlD) (None, None, 1) 91 input_1[0][6]
offset (Conv1D) (None, None, 1) 91 peak finder[0][0] rdu:LeaLyReLU
multiply (Multiply) (None, None, 1) 0 amplitude[0][0]
offset[0][0] y
relu (LeakyReLU) (None, None, 1) 0 multiply[e][e] unfold: Conv1D
unfold (Conv1D) (None, None, 1) 91 relule][o0] ‘//
encoded (Multiply) (None, None, 1) 0 peak finder[0][0]

unfold[0][0] encoded: Multiply

activity regularization (Activi (None, None, 1) 0 encoded[0][0]

time inverted amplitude (ConvlD (None, None, 1) 91 activity reqularization[0][0] activity_regularization: ActivityRegularization

Total params: 383
Trainable params: 292
Non-trainable params: 91

<300 trainable weights

time_inverted_amplitude: Conv1D
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input_1: InputLayer

Optimising the performance T

There are many hyperparameters to be tuned:
e Regularisation strengths:

offset: ConvlD amplitude: Conv1D

o L1onthe encoded space activation L &
-+ Makes it “sparse” multiply: Multiply

o L2 on the derivative of the amplitude layer '
weights » make this smooth relu: LeakyReLU

o Mirror symmetry between input / output

y
unfold: ConvlD

e Architecture: /
o Lengths of the layers (3 params)
o Activation functions for “extremising” the pulse

amplitude layers

encoded: Multiply

finding layer
o Relative alignment of filter outputs (2 params) sdetviy,_reguiaizadonsHehdyRepuliozaion
e |earning parameters:
o Batch sizes, learning rate, early stopping, etc time_inverted_amplitude: Conv1D
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Red = better, blue = worse

Optimising the e s | i
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Generating
input data
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Toy detector sim for development:
o Input = impulse delta functions + white noise
o Final waveform =
input * convolve w. pulse shape + white noise
o Pulse shape: T, — X,-Ae(l_%
o Shaping time, tau = 8 samples

Underlying waveform truth (not for training):
® 1or 2 pulses per waveform
e Randomised pulse times
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