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Small RBM



Small RBM (Zephyr top)

/xX7x7x7. Weights and biases samples from N(0O,1)
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New models




Encoder Entropy & RBM log-likelihood
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Encoder Entropy & RBM log-likelihood

entropy
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Encoder Entropy & RBM log-likelihood

4 In latent diffusion models, the encoder-decoder are first trained and the
diffusion model is trained afterwards.

4 In CaloQVAE, we can train the usual way (as we did in the PRX draft).
Afterwards, trying the RBM using the centred gradient approach.



SVD

Initialized Rdm model
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SVD

Initialized Rdm model Trained model (old scheme) Trained model
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SVD Trained model
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Loss functions

(6(55%) ln(p&: (9)) + (1 _ @(m’&)) ln(l — P¢, (0))>Q¢(z|m

(E(2)) g4 (22)

MSE Hit loss Entropy  Positive Negative

Energy Energy



Loss functions

(an¢(Z|£c)>q¢(z|m) (E(z)>q¢(z|w)

Posifive Negative

Energy Energy



Loss functions

Old training scheme

Positive Negative

Energy Energy



Loss functions

Training scheme from last week

(6(:6%) ln(p&: (9)) + (1 _ 9(372)) ln(l — Pg¢, (9))>Q¢(z|m

<lnq¢(zlw)>q<¢>(z|m) <E(z)>q¢(z|m)

Entropy” Positive Negative

MSE
Energy Energy

Encoder



Loss functions

New Training scheme

(an¢(Z|£c)>q¢(z|m) (E(z)>q¢(z|w)

Posifive Negative

Energy Energy



KPD Values
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Layer O Layer 5 Layer 10 Layer 15 Layer 20

New model e W
But the granularity is still poor ‘(?3’ P
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Layer O Layer 5 Layer 10 Layer 15 Layer 20

New model 7,
But the granularity is still poor ‘(5:'
But the discriminator might be the ==
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Frobenius Norm with Geant4

Frobenius metric

Code written and shared by Farzana

Frobenius Norm Comparison with Geant4 for voxel wise correlation

Benchmark New Scaling New model Chaotic Discriminator
Models

Frobenius Norm with Geant4
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Frobenius Norm Comparison with Geant4 for voxel wise correlation

CaloDiffusion CaloDream CaloINN CaloScore
Models



Frobenius Norm with Geant4

Frobenius metric

Code written and shared by Farzana

Frobenius Norm Comparison with Geant4 for layer wise correlation

Benchmark New Scaling New model Chaotic Discriminator
Models

Frobenius Norm with Geant4

Frobenius Norm Comparison with Geant4 for layer wise correlation
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Models



Frobenius Norm with Geant4

Frobenius metric

Code written and shared by Farzana

Frobenius Norm Comparison with Geant4 for grouped_layer wise correlation
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Frobenius Norm Comparison with Geant4 for grouped _layer wise correlation
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function



Correlation function

Definitions

<4 Auto-correlation function (ACF). <> is average over ensemble
ACF(t,7) = ((ft + 1) — (flt + D))(AD) — {(f()))

4 Normalized ACF
ACF(t, 1)

ACENE) = (f(1)2) — (f(0))?

4 Time-average Normalized ACF

C(z) = ACF\(1) = - : D ACF\(t,7)



Correlation function

Magnetization

<+ We’ll look at the ACF of the magnetization over time.

1 N
fa) = m() = — 2} o,(1)

4 0,(?) is the i-th spin value at time t



302x4 spins
Correlation function Ensemble of size 1k

Simple example: Random Bernoulli-distributed noise g, time-steps

(MC sweep = time-step)
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302x4 spins

Correlation function Ensemble of size 100

Random Initialized RBM

1000 time-steps
(fully connected)

Weight and biases sampled from N(0,0.01) (MC sweep = time-step)
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302x4 spins

Correlation function Ensemble of size 100

Random Initialized RBM

1000 time-st At = 1000
(fully connected) ime-steps )

(MC sweep = time-step)
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302x4 spins

Correlation function Ensemble of size 100

Initialized RBM (Zephyr top) 1000 time-steps (Af = 1)

(MC sweep = time-step)
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302x4 spins

Correlation function Ensemble of size 100
Initialized RBM (Zephyr top) 1000 time-st Af— 1
W/ biases=0 me-steps ( )
(MC sweep = time-step)
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302x4 spins

Correlation function Ensemble of size 100

Trained RBM (Zephyr top)

1000 time-st At =1
(Making biases=0 yields same result) ime-steps ( )

(MC sweep = time-step)

J 10]
0.62 |
0.8 1
0.61 1
0.6 1
0.60 1 g
O
0.4
0.2
0.58 1
0.0 1
T 1] T T T T T T 13 T T T
0 200 400 600 800 1000 0 20 40 60 80 100

time t



302x4 spins

Correlation function Ensemble of size 100

Trained RBM New scheme (Zephyr top)

1000 time-st At =1
(Making biases=0 yields same result) ime-steps ( )

(MC sweep = time-step)
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