
LUDWIG- 
MAXIMILIANS 
UNIVERSITY 

MUNICH

1

YonedaVAE:  
Self-Supervised Out-of-Distribution Multi-Set 

Generation for Amortized Simulation and 
Inverse Problems  

Baran Hashemi  

Ludwig-Maximilians-Universität München 

Currently at The ORIGINS Cluster Munich (TUM) 

LUDWIG-  
MAXIMILIANS- 
UNIVERSITY 
MUNICH

1

Full Event Interpretation at Belle II
Using (possibly!) Knowledge Graphs

Hosein Hashemi
Ludwig-Maximilians-Universität München

The ORIGINS Excellence Cluster



2

Motivation

From HEP side: 

To do a full detector simulation with irregular geometry and ultra-high granularity?  

To Generate detector signatures for kinematic/luminosity regions where data is very rare? 
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Motivation

From HEP side: 

To do a full detector simulation with irregular geometry and ultra-high granularity?  

To Generate detector signatures for kinematic/luminosity regions where data is very rare?

From ML side: 

To Reach “Context Extrapolation” in Inverse design problems? 

Enhance the VAE prior with Self-Supervised Learning? 
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Experiment

The Pixel Vertex Detector (PXD): sub-detector for charged tracks at Belle II. 

+7.5M channels, [40,250,768], per event —> “Ultra-High Granularity” 

Having a Toroid topology: 

The inner layer: 16 sensors, The outer layer: 24 sensors 

(only 19 sensors were installed)

�.��e Pixel VertexDetector ��

DIN EN 20 216 -  A2 (420 x 594)

Hauptprojektion Gewicht.........: -
mmDimensionen :

Maße ohne Toleranzangabe nach

DIN ISO 2768 m K
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Figure �.��: �e ladder numbering for the
PXD

Figure �.��: �e sensor numbering for the
PXD

Each ladder hosts two sensors, labelled in the following way: the �rst sensor starting from the
forward part of a ladder (the part which is most positive in the z axis) is given the ID �. �e
second sensor, located on the backward part of the ladder, is represented by ID �. Figure �.��
shows the sensor numbering for the PXD. Addressing a given sensor requires the three IDs for
layer, ladder and sensor. �e notation agreed upon is for the IDs to be listed in the order of
layer, ladder and sensor using a point character (“ . ”) as the delimiter. For example: “�.�.�”
speci�es the �rst layer, fourth ladder and second sensor. In this example this would be the
backward sensor, which is located on the fourth ladder of the �rst (innermost) layer of the
PXD. An asterisk can be used to address all layers, ladders or sensors. For example: “�.*.�”
speci�es all backward sensors of the �rst layer. To keep the notation short, trailing asterisks can
be omitted: the notation “�.*.*” is equivalent to “�” and describes all ladders and sensors of the
�rst layer. Figure �.�� shows an example of the use of this notation.
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PXD Generation: YonedaVAE

Problem description: 

A. Training:  

 

: Set of hits,  

 : Event-level attribute 

 : Sensor-level condition

𝒟train = {(X(m); e(m); c(m))}19
m=1

X |X(m) | = N(m)

e
c

 hits sensorper#
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PXD Generation: YonedaVAE

Problem description: 

A. Training:  

 

: Set of hits,  

 : Event-level attribute 

 : Sensor-level condition

𝒟train = {(X(m); e(m); c(m))}19
m=1

X |X(m) | = N(m)

e
c

B. Test:  Zero-Shot 

  

  : Event-level attribute 

 s.t 

𝒟test = {e(m)}19
m=1

e
Ntest

max ≫ Ntrain
max

Up to 
110,000  
hit points 
per event

 hits sensorper#
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PXD Generation: YonedaVAE

Problem description: 

A. Training:  

 

: Set of hits,  

 : Event-level attribute 

 : Sensor-level condition

𝒟train = {(X(m); e(m); c(m))}19
m=1

X |X(m) | = N(m)

e
c

B. Test:  Zero-Shot 

  

  : Event-level attribute 

 s.t 

𝒟test = {e(m)}19
m=1

e
Ntest

max ≫ Ntrain
max

 hits sensorper#

Up to 
110,000  
hit points 
per event
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YonedaVAE: Encoder
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YonedaVAE: Encoder

1. Encoder: EventFormer —> Yoneda Pooling
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YonedaVAE: Encoder

1. Encoder: EventFormer —> Yoneda Pooling
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YonedaVAE: Set Gen.

2. Set Generator: 

Question: 

How to learn a better prior to help the model generalize better to unseen data at 
test time?
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YonedaVAE: Set Gen.

2. Set Generator: Learning prior à la Self-Supervised Learning
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YonedaVAE: Set Gen.

2. Set Generator: Learning prior à la Self-Supervised Learning
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YonedaVAE: Set Gen.

2. Set Generator: 

Now we learned a prior and predicted sample-level cardinality 

Question: 

How should we populate the points point cloud for an irregular setup?
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YonedaVAE: Set Gen.

2. Set Generator: Adaptive Top-q Sampling

Softmaxed 
Cosine Similarity 

0.1 0.3 0.8 0.6 0.2

0.5x 0.7x 0.5xAngle

Reference Angles

Reference 
Representation

0.3x 0.8x 0.6x 0.4x

0.5x 0.9x

Prior: 
Self-Distilled 
Transformer 

Selecting top- portion 
of the probability mass.

q(m)
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YonedaVAE: Set Gen.

2. Set Generator: Adaptive Top-q Sampling
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YonedaVAE: Set Gen.

2. Set Generator: Adaptive Top-q Sampling

Softmaxed 
Cosine Similarity 
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Prior: 
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from Self-Distilled 
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Selecting top- portion 
of the probability mass.

q(m)

Dynamically expanding and contracting 
the candidate pool for each sensor.
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YonedaVAE: Decoder

3.Decoder: Modified EventFormer
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YonedaVAE: Results
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YonedaVAE: Results

 NN-based Metrics 

FID/KID backbone trained on the complete dataset 

The Lower the FID/KID, the better sample quality 

1: 2006.16841, Kosiorek et al. 2: 2110.02096 Vignac et al. 4: 2303.08046 Hashemi et al. 5. 2103.15619 Kim et al.

https://arxiv.org/search/cs?searchtype=author&query=Kosiorek,+A+R
https://arxiv.org/search/cs?searchtype=author&query=Vignac,+C
https://arxiv.org/search/physics?searchtype=author&query=Hashemi,+H
https://arxiv.org/search/cs?searchtype=author&query=Kim,+J
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YonedaVAE: Results

Test (OOD data), Lum. 2 . 68 × 1034 cm−2s−1Train/Val Set (ID data), Lum 1.42 × 1034 cm−2s−1

Train
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YonedaVAE: Results

Test (OOD data), Lum. 2 . 68 × 1034 cm−2s−1Train/Val Set (ID data), Lum 1.42 × 1034 cm−2s−1

mean # hits 
1500 

per event

mean # hits 
10,000 

per event
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YonedaVAE: Results

Test (OOD data), Lum. 2 . 68 × 1034 cm−2s−1Train/Val Set (ID data), Lum 1.42 × 1034 cm−2s−1
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YonedaVAE: Results

Train/Val Set (ID data), Lum 1.42 × 1034 cm−2s−1

Correlation between the number of hits between 19 sensors of PXD
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YonedaVAE: Results

Test (OOD data), Lum. 2 . 68 × 1034 cm−2s−1

Correlation between the number of hits between 19 sensors of PXD
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YonedaVAE: Results

Test (OOD data), Lum. 2 . 68 × 1034 cm−2s−1

Real vs YonedaVAE:  
KS Statistic , p-value: 0.4910

σYonedaVAE(Δd0) = 0.1674 ± 0.0011
σReal(Δd0) = 0.1643 ± 0.0012

Δd0 : 0.0058
Real vs YonedaVAE:  
KS Statistic , p-value: 0.8993

σYonedaVAE(Δz0) = 5.9990 ± 0.0409
σReal(Δz0) = 5.8735 ± 0.0399

Δz0 : 0.0040
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Summary and Outlook 

From HEP side: 

Simulate a full detector, with irregular geometry and ultra-high granularity 

Generate detector signatures for luminosity regions well beyond the training data 

From ML side: 

To Reach “Context Extrapolation” in Inverse design problems? 

Introduce a learnable VAE prior with Self-Supervised Learning and Transformer? 

What needs to be done: More in depth uncertainty quantification. 

Stay Tuned for the full results!
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Backup Slides 
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YonedaVAE: Encoder

1. Encoder: EventFormer —> Yoneda Pooling
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YonedaVAE: Ablation

1.Marginal Distributions: 
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YonedaVAE: Ablation

1.Marginal Distributions: 
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YonedaVAE: Results

Test (OOD data), Lum. 2 . 68 × 1034 cm−2s−1

Real vs YonedaVAE:  
KS Statistic , p-value: 0.6296

σYonedaVAE(Δω) = 0.0066 ± 0.0001
σReal(Δω) = 0.0065 ± 0.0001

Δω : 0.0052
Real vs YonedaVAE:  
KS Statistic , p-value: 0.8238

σYonedaVAE(Δ tan λ) = 0.0753 ± 0.0005
σReal(Δ tan λ) = 0.0726 ± 0.0004

Δ tan λ : 0.0044
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Validation of generated PXD images

Validation Metrics over the test set: 
FID and KID: 

The use of activations of the last layer from the Inception-V3 model trained on the PXD images to 
summarise each image, gives the score. The lower the FID/KID the better the image diversity and 
Fidelity. 

Possible interpretation of FID at the pixel level:
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Correlation vs No Correlation

How important are these correlations?  

•For high momentum regime  
•Shuffling the events —> losing the correlation

pT > 0.4 GeV
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Overlay Problem

Realistic detector simulation has to take into account effects from 
background processes 

Simulation requires many PXD hitmaps with statistically independent background. 
Overlay hits from simulated background or random trigger data to hits from signal MC. 
PXD hits have the highest storage consumption. 
Requires distributing over all sites where MC is produced. 

Solution: Generating the background data on the way of analysis with GANs instead of 
storing them.
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Generate PXD
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