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https://github.com/QaloSim/CaloQVAE/tree/haojia

Prograss

Run:elated-silence-540

e Self Linear Attention Layers
o Extra Attention layer between incident energy and decoder
o New scaling: log(1+x)
e Loss
o AE_loss _per_event = MSE * [exp(a*(input-<input>))+exp(-b*(input-<input>))]
o Sum_AE loss =scaled E inc ® AE_loss per_event

e Constrain the NN output by scaled Sigmoid function (0-9) (Reason in later pages)



Current: Pegasus, 302 x 4, old KL training, no freezing, potentially better samples next week
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Current: Pegasus, 302 x 4, old KL training, no freezing, potentially better samples next

week
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Current: Pegasus, 302 x 4, old KL training, no freezing, potentially better samples next
week
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KPD

KPD Values

Current: Pegasus, 302 x 4, old KL training, no freezing, potentially better samples next week

KPD Recon vs KPD Sample

0.0030 4

0.0025 4

0.0020 A

0.0015 A

0.0010 4

P ® KPD Recon
® KPD Sample

0.0005

50 100 150 00 250
Epoch Numbe

Old

KPD Values

New

KPD Recon vs KPD Sample

@ ® KPD Recon
KPD Sample
0.00200 e P
0.00175 -
0.00150 1 ®
0.00125 -
0.00100 -
®
0.00075 A ®
©°
0.00050 A ® ®
® o
b °
0.00025-{ @ ° @
10 20 30 40 50 60 70

Epoch Number




FPD

Current: Pegasus, 302 x 4, old KL training, no freezing, potentially better samples next

week

FPD Recon vs FPD Sample
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TrPD (x10%)

Previous models
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New scaling

e Better granularity
o  Reason: More adjustable range on b (negative weight)
m Literally it can control the granularity
m  Why? Next page
e Better performance
o  Higher b needs higher a for balance.
o  More aggressively high energy region prediction
o  Higher a, better e_ratio hist
e |ess stable:
o  Rarely, may give high prediction for a single voxel
m  Predict range (0-8), but result in 14..... €6 order higher than it should.

m  Solved by adding scaled Sigmoid function (0-9) in the last layer of decoder.



Review the old scaling method

Count

return u

def _reduce(self, in_data, E_inc, R=1e-7):
€=in_data/E_inc
x =R+ (1-2*R)*e
u = torch.log(x/(1-x)) - torch.log(torch.tensor([R/(1-R)])

Voxel-wise True Energy Distribution for test
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Non-zero Reduced Energy at layer 20, ring 3, circular No. 1 Non-zero Reduced Energy at layer 20, ring 3, circular No. 1

Target Target
10°4 Gen 10°4 Gen
g 1074 $ 107y Predictions will move
2 Higher b < left across whole
£ E range of E_inc
£ 10+ € 104
10° 4 10° 4
0 2 6 8 10 12 14 16 0 2 4 6 8 10 12 14 16
Reduced Energy Reduced Energy
Lower prediction for
high E_inc
Non-zero Reduced Energy at layer 20, ring 3, circular No. 1
Target
10°4 Gen

§ 1024

k9

k-
Tons of %

-4

I Inverse scale =

values O

Low prediction
for low E_inc




Layer O

90000

Layer 25

10°

Layer 5

Layer 30

Non-zero Reduced Energy at layer 20, ring 3, circular No. 1

103

=
£

Number of Events

=
o,

1004

Target
Gen

Layer 10

Layer 35

Layer 15

Layer 40

10t

102
Energy (MeV)

10°

6

8 10 12 14 16
Reduced Energy

Lower prediction for
high E_inc

Layer 20

Layer 44

104

Higher b

Inverse scale

Number of Events

Non-zero Reduced Energy at layer 20, ring 3, circular No. 1

Predictions will move
left across whole
range of E_inc

Target

10°4 Gen
102 o
101 " |
10° 4

0 4 6 8 10 12 14 16

Reduced Energy
Non-zero Reduced Energy at layer 20, ring 3, circular No. 1
Target

10°4 Gen
P
=
g 107
i
s
o
o]
a
£
2

10t 4

14 16

Low prediction
for low E_inc




Next

Use Zephyr

New KL Loss training

Freeze from best FPD/KPD Recon epoch
More aggressive parameters

Thanks!



