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• LHC data rate is incredibly high

• At 40 MHz ~40 Tb/s

• Cargo container filled 

with hard drives (100 Pb) 
… every 41 minutes


• 35 Containers per day

Introduction
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Introduction
• We can not save everything

• Reduce data rate: Triggers, save only the interesting events 

storage ~ trigger-rate x luminosity

• Reduce per event size: Save only high level observables 

storage ~ (reduced size/full size) x luminosity

• Save only histograms of observables 

storage ~ number of bins, lose non-specified correlations

• Encode data in generative model 

storage ~ network weights
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Introduction
LHC data

Trained model
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Proof of Concept
• 1 dimension toy mass spectrum

• Exponential falling background

• Gaussian peak signal

• Train generative model 
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Generative Model
Normalising Flow 


• Train invertible transformation to map data to latent space

• Use inverse to generate new data from new latent samples

Inversez x̃f −1(z)
Flow

f(x)
x
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Online Training
Troubles with online training:

• Models designed for parallel training on batches

• Points should be seen more than once

Measurement

Buffer Events

Buffer of Data

ONLINEFLOW

Iterate 
over 

Buffer

Discard 
Events

Discard
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Online Training
Model will be biased towards more recent buffers

• Stochastic Weight Averaging (SWA)

• Keep running average over model during training

Measurement

Buffer Events

Buffer of Data

ONLINEFLOW

Iterate 
over 

Buffer

Discard 
Events

Add Weights 
to Average

Averaged Model

Discard
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Proof of Concept
• Train flow on training data

• Sample new events from flow

• Signal not modeled perfectly

• Shaping is visible

• Extract signal from flow?

•   Run Bumphunt on flow 

10

0 1 2 3 4 5
emulated mass [a.u.]

10°2

10°1

100

no
rm

al
iz

ed

S + B

B

OnlineFlow

0.5 1.0 1.5

0.30

0.40

0.50



12.05.2022S. Diefenbacher Ephemeral Learning

Proof of Concept
• Analyse data

• Fit exponential function to data 

to get background model

• Run bump hunt (pybumphunter)

• What is our significance?

• No Poisson uncertainty

• Cannot use 


Louis Vaslin, Julien 
Donini, pyBumpHunter, 
https://pypi.org/project/
pyBumpHunter/ 
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Proof of Concept
• Train bootstraped ensemble of Flows 
• Pass resampled version of  

dataset to each flow 

• Emulate online with Poisson 

weight for each event

• Compare flows within ensemble

• Estimate uncertainty from  

standard deviation of  
ensemble predictions

Measurement

Online Flow

Online Flow

(…)

Poisson Weight

Ensemble
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Proof of Concept
• Plot as function of the number 

of events to see development
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Proof of Concept
• Plot as function of the number 

of events to see development

• Run same analysis in the 

training data itself

• Compare significance 

• Flow similar shape as data

• Reaches high significance
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Proof of Concept
• Compare to fractions of data

• Crossover at 25% 

• OnlineFlow significance 

equivalent to 25% of full data
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Proof of Concept
• False positives?

• Run same training on only  

background without signal

• Negligible significance in  

direct search

• Flow significance nearly  

identical 
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Conclusion
• Tested OnlineFlow approach 

on 1D proof-of-concept data

• Promising results


• Check for Full paper check: 
https://arxiv.org/abs/2202.09375

• Higher dimensional case on  

physics dataset
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Higher Dimensional Case
• LHCO Challenge dataset

• Realistic physics case for 

anomaly detection

• Use state-of-the-art anomaly 

detection input format


Kasieczka et al.: The LHC 
Olympics 2020: A 
Community Challenge for 
Anomaly Detection in 
High Energy Physics kl 
2101.08320
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Higher Dimensional Case

Kasieczka et al.: The LHC 
Olympics 2020: A 
Community Challenge for 
Anomaly Detection in 
High Energy Physics kl 
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• Train flow on LHCO data

• Run anomaly detection setup 

on flow data

• Compare to running on 

training data itself


https://arxiv.org/abs/2101.08320
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Higher Dimensional Case

• ROC and SIC curves, larger Rejection/Improvement is better

• Flow data performs about as well as 10% of the training data

• Still gain benefit if perscale factor is 10 or larger
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Backup
• Train ensemble of Flows 

• Same underlying distribution

• Independant data points


• Lets us estimate systematic  
uncertainty


• Allows for easy parallelised 
training 
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Backup
• Uncertainty estimate:

• Step 1: 

• Look at combined flow samples

• Run bump-hunt

• Get upper and lower bound 

for signal region
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Backup
• Step 2:

• Look at each individual flow  

out of     flows in ensemble 

• Generate samples from 

• Fit background model on  

samples excluding signal  
region from step 1


• Get     and              in  
signal region
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Backup
• Step 3:


• Calculate                   and  


• Calculate               and                  equivalently


• From this get     and 


• Significance: 

Systematic error  
via ensemble

Statistical error
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B =
NX

i

Bi

<latexit sha1_base64="H9VM+FCD+JKQXofgNeO/r3v0oSQ=">AAAB7HicbVBNS8NAEJ3Ur1q/oh69LBahIpSkiHos9eKxomkLbSib7aZdutmE3Y1QQn+DFw+KePUHefPfuG1z0NYHA4/3ZpiZFyScKe0431ZhbX1jc6u4XdrZ3ds/sA+PWipOJaEeiXksOwFWlDNBPc00p51EUhwFnLaD8e3Mbz9RqVgsHvUkoX6Eh4KFjGBtJK/ycNE479tlp+rMgVaJm5My5Gj27a/eICZpRIUmHCvVdZ1E+xmWmhFOp6VeqmiCyRgPaddQgSOq/Gx+7BSdGWWAwliaEhrN1d8TGY6UmkSB6YywHqllbyb+53VTHd74GRNJqqkgi0VhypGO0exzNGCSEs0nhmAimbkVkRGWmGiTT8mE4C6/vEpatap7Va3dX5brjTyOIpzAKVTAhWuowx00wQMCDJ7hFd4sYb1Y79bHorVg5TPH8AfW5w9mUo3E</latexit>

(S +B)
<latexit sha1_base64="VVyfaEIjAXudVX12U2EqlztCAhc=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaJUY9ELx4hyiOBDZkdemFkdnYzM2tCCF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaHSPJYPZpygH9GB5CFn1Fipft8rltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1mu1C9K1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OY/Oi/PufCxac042cwx/4Hz+ALBvjN4=</latexit>

S
<latexit sha1_base64="jVSS51KymwU/M6xdmtitGI+te+Y=">AAACDHicbVDLSgMxFM34rPVVdekmWISKUGaKqMtSNy4rtQ/ojCWTybShmYfJHaEM8wFu/BU3LhRx6we4829MHwttPRA4nHMuN/e4seAKTPPbWFpeWV1bz23kN7e2d3YLe/stFSWSsiaNRCQ7LlFM8JA1gYNgnVgyEriCtd3h1dhvPzCpeBTewihmTkD6Ifc5JaClXqFo+5LQtJGltrqXkJZsjwkguHFyl1YyfIprWaZTZtmcAC8Sa0aKaIZ6r/BlexFNAhYCFUSprmXG4KREAqeCZXk7USwmdEj6rKtpSAKmnHRyTIaPteJhP5L6hYAn6u+JlARKjQJXJwMCAzXvjcX/vG4C/qWT8jBOgIV0ushPBIYIj5vBHpeMghhpQqjk+q+YDohuB3R/eV2CNX/yImlVytZ5uXJzVqzWZnXk0CE6QiVkoQtURdeojpqIokf0jF7Rm/FkvBjvxsc0umTMZg7QHxifP8cKmsg=</latexit>

Sp
(�S)2 +B
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Prescale Case
Some event classes: 

• Too high rates 

even after trigger
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Prescale Case
Online Offline

Measurement

Trigger

ONLINEFLOW generate  
synthetic 
events

Analysis

save
few 

 events

LVL1

HLT

Analysis

Update

Prescale

Some event classes: 

• Too high rates 

even after trigger

• Apply percale

• Randomly select 

events to save

• 1/prescale chance 

to keep event
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Proof of Concept
• What is our significance?

• Classic assumption 

• Generative models break this

• Fluctuations if few points

<latexit sha1_base64="hFKHLwQRdjKtxAhS1aRf61irlqw=">AAAB+3icbVBNS8NAEJ3Ur1q/Yj16WSyCp5IUUY+lXjxWtB/QlLLZbtqlm03c3Ygl5K948aCIV/+IN/+N2zYHbX0w8Hhvhpl5fsyZ0o7zbRXW1jc2t4rbpZ3dvf0D+7DcVlEiCW2RiEey62NFORO0pZnmtBtLikOf044/uZ75nUcqFYvEvZ7GtB/ikWABI1gbaWCXvUBikt5lqacepE4bWTawK07VmQOtEjcnFcjRHNhf3jAiSUiFJhwr1XOdWPdTLDUjnGYlL1E0xmSCR7RnqMAhVf10fnuGTo0yREEkTQmN5urviRSHSk1D33SGWI/VsjcT//N6iQ6u+ikTcaKpIItFQcKRjtAsCDRkkhLNp4ZgIpm5FZExNmFoE1fJhOAuv7xK2rWqe1Gt3Z5X6o08jiIcwwmcgQuXUIcbaEILCDzBM7zCm5VZL9a79bFoLVj5zBH8gfX5A+XXlQE=</latexit>
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Proof of Concept
• What is our significance?

• Classic assumption 

• Generative models break this

• Fluctuations if few points

• More points reduce this

<latexit sha1_base64="hFKHLwQRdjKtxAhS1aRf61irlqw=">AAAB+3icbVBNS8NAEJ3Ur1q/Yj16WSyCp5IUUY+lXjxWtB/QlLLZbtqlm03c3Ygl5K948aCIV/+IN/+N2zYHbX0w8Hhvhpl5fsyZ0o7zbRXW1jc2t4rbpZ3dvf0D+7DcVlEiCW2RiEey62NFORO0pZnmtBtLikOf044/uZ75nUcqFYvEvZ7GtB/ikWABI1gbaWCXvUBikt5lqacepE4bWTawK07VmQOtEjcnFcjRHNhf3jAiSUiFJhwr1XOdWPdTLDUjnGYlL1E0xmSCR7RnqMAhVf10fnuGTo0yREEkTQmN5urviRSHSk1D33SGWI/VsjcT//N6iQ6u+ikTcaKpIItFQcKRjtAsCDRkkhLNp4ZgIpm5FZExNmFoE1fJhOAuv7xK2rWqe1Gt3Z5X6o08jiIcwwmcgQuXUIcbaEILCDzBM7zCm5VZL9a79bFoLVj5zBH8gfX5A+XXlQE=</latexit>
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Proof of Concept
• What is our significance?

• Classic assumption 

• Generative models break this

• Fluctuations if few points

• More points reduce this


<latexit sha1_base64="hFKHLwQRdjKtxAhS1aRf61irlqw=">AAAB+3icbVBNS8NAEJ3Ur1q/Yj16WSyCp5IUUY+lXjxWtB/QlLLZbtqlm03c3Ygl5K948aCIV/+IN/+N2zYHbX0w8Hhvhpl5fsyZ0o7zbRXW1jc2t4rbpZ3dvf0D+7DcVlEiCW2RiEey62NFORO0pZnmtBtLikOf044/uZ75nUcqFYvEvZ7GtB/ikWABI1gbaWCXvUBikt5lqacepE4bWTawK07VmQOtEjcnFcjRHNhf3jAiSUiFJhwr1XOdWPdTLDUjnGYlL1E0xmSCR7RnqMAhVf10fnuGTo0yREEkTQmN5urviRSHSk1D33SGWI/VsjcT//N6iQ6u+ikTcaKpIItFQcKRjtAsCDRkkhLNp4ZgIpm5FZExNmFoE1fJhOAuv7xK2rWqe1Gt3Z5X6o08jiIcwwmcgQuXUIcbaEILCDzBM7zCm5VZL9a79bFoLVj5zBH8gfX5A+XXlQE=</latexit>
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Proof of Concept
• What is our significance?

• Classic assumption 

• Generative models break this

<latexit sha1_base64="hFKHLwQRdjKtxAhS1aRf61irlqw=">AAAB+3icbVBNS8NAEJ3Ur1q/Yj16WSyCp5IUUY+lXjxWtB/QlLLZbtqlm03c3Ygl5K948aCIV/+IN/+N2zYHbX0w8Hhvhpl5fsyZ0o7zbRXW1jc2t4rbpZ3dvf0D+7DcVlEiCW2RiEey62NFORO0pZnmtBtLikOf044/uZ75nUcqFYvEvZ7GtB/ikWABI1gbaWCXvUBikt5lqacepE4bWTawK07VmQOtEjcnFcjRHNhf3jAiSUiFJhwr1XOdWPdTLDUjnGYlL1E0xmSCR7RnqMAhVf10fnuGTo0yREEkTQmN5urviRSHSk1D33SGWI/VsjcT//N6iQ6u+ikTcaKpIItFQcKRjtAsCDRkkhLNp4ZgIpm5FZExNmFoE1fJhOAuv7xK2rWqe1Gt3Z5X6o08jiIcwwmcgQuXUIcbaEILCDzBM7zCm5VZL9a79bFoLVj5zBH8gfX5A+XXlQE=</latexit>
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<latexit sha1_base64="hFKHLwQRdjKtxAhS1aRf61irlqw=">AAAB+3icbVBNS8NAEJ3Ur1q/Yj16WSyCp5IUUY+lXjxWtB/QlLLZbtqlm03c3Ygl5K948aCIV/+IN/+N2zYHbX0w8Hhvhpl5fsyZ0o7zbRXW1jc2t4rbpZ3dvf0D+7DcVlEiCW2RiEey62NFORO0pZnmtBtLikOf044/uZ75nUcqFYvEvZ7GtB/ikWABI1gbaWCXvUBikt5lqacepE4bWTawK07VmQOtEjcnFcjRHNhf3jAiSUiFJhwr1XOdWPdTLDUjnGYlL1E0xmSCR7RnqMAhVf10fnuGTo0yREEkTQmN5urviRSHSk1D33SGWI/VsjcT//N6iQ6u+ikTcaKpIItFQcKRjtAsCDRkkhLNp4ZgIpm5FZExNmFoE1fJhOAuv7xK2rWqe1Gt3Z5X6o08jiIcwwmcgQuXUIcbaEILCDzBM7zCm5VZL9a79bFoLVj5zBH8gfX5A+XXlQE=</latexit>

Sp
B

Butter et al.: Amplifying Statistics using 
Generative Models: NeurIPS ML4PS 
2020, 2008.06545

<latexit sha1_base64="IK5wJZEgGUcOsgZXngPUErO6wFE=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0mKqMeiF48V7Ae0oWy2k3bpZhN3N0IJ/QtePCji1T/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHssHM0nQj+hQ8pAzamZST+Jjv1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7rlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jgZcIXMiIkllClubyVsRBVlxsZTsiF4yy+vklat6l1Wa/cXlfpNHkcRTuAUzsGDK6jDHTSgCQxG8Ayv8OZEzovz7nwsWgtOPnMMf+B8/gAaV45J</latexit>

6=

13

• What is our significance?

• Classic assumption 

• Generative models break this

• Fluctuations if few points

• More points reduce this

• More samples    less uncertainty

• No Poisson uncertainty

• Systematic uncertainty dominant

Proof of Concept

https://arxiv.org/abs/2008.06545

