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We have 2 parts in the algorithm:
1. Regression
* We train to model to learn the general showering pattern in ECAL
2. Generator
* We generate fake samples with noise to push the model to learn more details about the pattern (GAN)
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Reminder: MSE loss with Normalisation G =R TR DB
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* Applying the normalization etc, we can see the improvement (Check the scale at Y-axis)

00016 1= Test25_epochS0 (With GAN, 6 inputs, Ratio 5:1, Normalisation, encoder) .. e . However’ with more iteration
[ Test25_epoch250 (With GAN, 6 inputs, Ratio 5:1, Normalisation, encoder)
AR the MSE loss become worse,
00014 especially at high energy
range.
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Reminder: MSE loss with variable hyperparameters
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Average MSE Loss per Bin

* We try to add a hyperparameter to variable the noisy level of the Generated samples along
the epochs during the training, multiplying the noise strength by 0.7 to 1.0.

e Using OneCycleLR to change the LR along the iteration (See next page)

lterating DIS: GEN = 1:5

lterating DIS: GEN = 1:1
Max GEN LR = 9e-4
Max DIS LR = 1e-3
Pct_strat = 0.35

Same as LR4 but noise
strength always = 1.0

Max GEN LR = 1e-3
Pct strat = 0.8

Max GEN LR = 7e-4
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MSE loss at high energy range LR EL LR
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* Looks like the bias is coming from the weighting of the sampler in the dataloader.
* Since we shuffle our events during the training, a sampler ensure that events are allocated evenly.

* However, here our weights ( = 1/E) suppressed the probability of having a high energy events during the training.
Which means the lower energy events dominate.

« To improve, try to use 1/+VE instead. Or design carefully for each energy range.

Weighting Schemes Across Energy Range (0-20 GeV)

200 = Original Weighting (1/energy)
~ - - | — Square Root Weighting (1/sqrt(energy))
mcPar_np np- (dataset. ). (-1, 6) 1003 == Stratified Sampling (20 bins)
energies np. (mcPar_npl[:, 0], 1le-8)
weights = 1.0 / energies
weights np. (weights, 0, np. (weights, 99)) 10
weights = weights / weights. () £
sampler (weights, num_samples= (weights), replB
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e Last time we tried to apply a sampler weight related to the energy range.

Eventually the one with 1/m , Where u = mean energy, give the best performance.

Test26_epoch50_LR4
00012 "" =1 50M Re:Test3 epoch50, sampler weight = 1/E
' 4 [ 50M Re:Test3 epoch50, No sampler weight

[
=

1 50M Re:Test6 epoch50, relative sampler weight = 1/\/(E—u)2 +10-8 I
1 ‘.I_I [ 50M Re:Test6 epoch50, relative sampler weight = 1/(E — u)* + 1078
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Count vs energy per cell (Test6)

Hits vs Energy for Cell 130
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Hits vs Energy for Cell 210
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* Looks like the simulation at the center of the ZDC is overall mimicking the distribution from the MC sample.

* However at the outer cells, it gives a little bit different shape.
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Attempts to improve the MSE loss
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* We have try to add energy-depending penalty terms into the loss function but
didn’t works.

e Therefore we try a different direction, try to change the noise strength that we
have added into the generated image.

Noise Strength Comparison Across 50 Epochs with Modified Schedules
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In principle, the discriminator
should be easier to distinguish the
generated samples and the MC
samples if the generated samples
are much noisier.

On the other hand, if we keep
reducing the noise level, the
generated sample would be much
“sharper”.

However, the linear schedule
would be easy for the
discriminator to predict how the
generated sample change.

Therefore we can try to use the
decay schedule. Also we try to
keep the noise strength =1 in
order to keep the randomness at
the beginning.
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Decay noise strength
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Noise Strength Comparison Across 50 Epochs with Modified Schedules
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Decay noise strength: Result G TR MR
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1 50M Re:Test3 epoch50, sampler weight = 1/E ° Dldn t ShOW TeSt 15 here but

0.0008 i [ 50M Re:Test14 epoch50, relative sampler weight, decay noise strength a ISO fa i |ed .
[ 50M Re:Test6 epoch50, relative sampler weight
[ 50M Re:Testl3 epoch50, relative sampler weight, decay noise strength
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Conclusion and Outlook

* Looks like we are trying to improve the MSE loss which is already good enough ( ~ 0.0003 with Test6)

* Rethink about the target and we shall move on and try to add HCAL structure with neutron.
* We can use [E, phi, theta] as the input, and use 1 ECAL layer [20 x 20] + 64 HCAL layers [40 x 40 (?)].
* Already generated 5M train neutron sample and 1M test neutron sample.
* Still have to redefine the HCAL structure to become a grid.
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Low E

Count vs energy per cell (Test6)
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Hits vs Cell ID for E within [1000, 1100] MeV
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Count vs energy per cell (Test6): mid E G5 = xR ME R
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Hits vs Cell ID for E within [10000, 10100] MeV
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Count vs energy per cell (Test6): high E G5 = xR ME R
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Hits vs Cell ID for E within [19000, 19100] MeV
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