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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
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Introduction
• We can’t 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 not specified correlations

• Encode data in generative model 

storage ~ network weights
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Introduction
LHC data

Trained model
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Online Training
This is quite ambitious
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Online Training
This is quite ambitious

• Lets start smaller

• Online model  

as additional 
scouting tool


• Investigate regions 
ignored by triggers

Measurement

Trigger

ONLINEFLOW generate  
synthetic 
events

Analysis

save

few 

 events

LVL1

HLT

Analysis

Update

Online Offline
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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 transform to map data to latent space

• Use inverse to generate new data form 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
• 1 Dimension

• Exponential falling background

• Gaussian peak signal

• Train masked autoregressive  

Flow on S+B

• Check samples form Flow
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Proof of Concept
• Analyse data

• Fit exponential function to data 

to get background model

• Run pyPumpHunter  

(python implementation  
The BumpHunter)


• What is our significance?


Louis Vaslin, Julien 
Donini, pyBumpHunter 
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Proof of Concept
• What is our significance?

• Classic assumption 

• Generative models break this
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Proof of Concept
• What is our significance?

• Classic assumption 

• Generative models break this

• Fluctuations if few points
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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
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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
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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

• More samples    smaller error

• No Poisson error

• Systematic errors dominant
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Proof of Concept
• Train bootstrap 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


Measurement

Online Flow

Online Flow

(…)

Poisson Weight

Ensemble
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Proof of Concept
• Use half the ensemble to 

estimate bump position

• Use other half to determine 

signal rate

• Built in cross-check

• Estimate uncertainty form 

variance

• Plot as function of the number 

of events to see development
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Proof of Concept
• 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
• False positives?
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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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Prescale Case
Some event classes: 

• Too high rates 

even after trigger


Measurement

Trigger

ONLINEFLOW generate  
synthetic 
events

Analysis

save

few 

 events

LVL1

HLT

Analysis

Update

Online Offline
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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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Prescale Case
• At what prescale factor do we  

benefit from the Flow?

• Quite early

• Factor of around 4 

• Very promising in 1D
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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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https://arxiv.org/abs/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 
2101.08320
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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

0.0 0.2 0.4 0.6 0.8 1.0
Signal E±ciency (True Positive Rate)

100

101

102

103

104

105
R

ej
ec

ti
on

(1
/F

al
se

P
os

it
iv

e
R

at
e)

1% Signal

100% Data

50% Data

20% Data

10% Data

5% Data

OnlineFlow

0.0 0.2 0.4 0.6 0.8 1.0
Signal E±ciency (True Positive Rate)

0

2

4

6

8

10

12

14

16

18

Si
gn

ifi
ca

nc
e

Im
pr

ov
em

en
t

1% Signal

100% Data

50% Data

20% Data

10% Data

5% Data

OnlineFlow



14.02.2022S. Diefenbacher Ephemeral Learning 36

Conclusion
• Tested OnlineFlow approach 

on 1D proof-of-concept data

• Promising Results


• Higher dimensional case:

• Can extract signal features form 

LHCO challenge dataset

• Paper (hopefully) soon!
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Thank You
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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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<latexit sha1_base64="ksF4nSvZ1NVQKAwq6NS6Nk1yyzc=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkR9VgUxGNF+wFtKJvtpF262YTdjVBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfzsrq2vrGZmGruL2zu7dfOjhs6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/VbT6g0j+WjGSfoR3QgecgZNVZ6uO3xXqnsVtwZyDLxclKGHPVe6avbj1kaoTRMUK07npsYP6PKcCZwUuymGhPKRnSAHUsljVD72ezUCTm1Sp+EsbIlDZmpvycyGmk9jgLbGVEz1IveVPzP66QmvPIzLpPUoGTzRWEqiInJ9G/S5wqZEWNLKFPc3krYkCrKjE2naEPwFl9eJs1qxbuoVO/Py7XrPI4CHMMJnIEHl1CDO6hDAxgM4Ble4c0Rzovz7nzMW1ecfOYI/sD5/AEWro2t</latexit>

Fi

<latexit sha1_base64="r2K8ldviuanAdcsuX5BurS3WWHc=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0mKqMdSLx4r2A9oQ9lst+3S3U3YnQgl9C948aCIV/+QN/+NSZuDtj4YeLw3w8y8IJLCout+O4WNza3tneJuaW//4PCofHzStmFsGG+xUIamG1DLpdC8hQIl70aGUxVI3gmmd5nfeeLGilA/4izivqJjLUaCUcykxkCUBuWKW3UXIOvEy0kFcjQH5a/+MGSx4hqZpNb2PDdCP6EGBZN8XurHlkeUTemY91KqqeLWTxa3zslFqgzJKDRpaSQL9fdEQpW1MxWknYrixK56mfif14txdOsnQkcxcs2Wi0axJBiS7HEyFIYzlLOUUGZEeithE2oowzSeLARv9eV10q5Vvetq7eGqUm/kcRThDM7hEjy4gTrcQxNawGACz/AKb45yXpx352PZWnDymVP4A+fzB0Wwjb0=</latexit>

Bi
<latexit sha1_base64="HKXq2TQ5MMH9Qkl6HV/bU479+EI=">AAAB73icbVBNS8NAEJ3Ur1q/qh69LBahIpSkFPVY6sVjRfsBbSib7aZdutnE3Y1QQv+EFw+KePXvePPfuGlz0NYHA4/3ZpiZ50WcKW3b31ZubX1jcyu/XdjZ3ds/KB4etVUYS0JbJOSh7HpYUc4EbWmmOe1GkuLA47TjTW5Sv/NEpWKheNDTiLoBHgnmM4K1kbrl+4vG+YAVBsWSXbHnQKvEyUgJMjQHxa/+MCRxQIUmHCvVc+xIuwmWmhFOZ4V+rGiEyQSPaM9QgQOq3GR+7wydGWWI/FCaEhrN1d8TCQ6Umgae6QywHqtlLxX/83qx9q/dhIko1lSQxSI/5kiHKH0eDZmkRPOpIZhIZm5FZIwlJtpElIbgLL+8StrVinNZqd7VSvVGFkceTuAUyuDAFdThFprQAgIcnuEV3qxH68V6tz4WrTkrmzmGP7A+fwAX3I60</latexit>

(S +B)i
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Backup
• Step 3:


• Calculate                   and  


• Calculate               and                  equivalently


• From this get     and 


• Significance: 

Systematic error  
via ensemble

Statistical error

<latexit sha1_base64="JhLWkMArdLF+Pw6v2Rr6gZtxD1U=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBahIpSkiHos9eKxov2AJpTNZtIu3WzC7kYooX/DiwdFvPpnvPlv3LY5aOuDgcd7M8zM8xPOlLbtb6uwtr6xuVXcLu3s7u0flA+POipOJYU2jXksez5RwJmAtmaaQy+RQCKfQ9cf38787hNIxWLxqCcJeBEZChYySrSRXDcArgmuPlw0zwflil2z58CrxMlJBeVoDcpfbhDTNAKhKSdK9R070V5GpGaUw7TkpgoSQsdkCH1DBYlAedn85ik+M0qAw1iaEhrP1d8TGYmUmkS+6YyIHqllbyb+5/VTHd54GRNJqkHQxaIw5VjHeBYADpgEqvnEEEIlM7diOiKSUG1iKpkQnOWXV0mnXnOuavX7y0qjmcdRRCfoFFWRg65RA92hFmojihL0jF7Rm5VaL9a79bFoLVj5zDH6A+vzB1EukJA=</latexit>

�(S +B)
<latexit sha1_base64="Lye2hA2gNdlOcEezhf9bkpGfyJk=">AAAB73icbVBNS8NAEJ34WetX1aOXxSJ4KkkR9Vj04rGi/YA2lM1m0y7dbOLuRCilf8KLB0W8+ne8+W/ctjlo64OBx3szzMwLUikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJsk04w2WyES3A2q4FIo3UKDk7VRzGgeSt4LhzdRvPXFtRKIecJRyP6Z9JSLBKFqp3Q25RErue6WyW3FnIMvEy0kZctR7pa9umLAs5gqZpMZ0PDdFf0w1Cib5pNjNDE8pG9I+71iqaMyNP57dOyGnVglJlGhbCslM/T0xprExoziwnTHFgVn0puJ/XifD6MofC5VmyBWbL4oySTAh0+dJKDRnKEeWUKaFvZWwAdWUoY2oaEPwFl9eJs1qxbuoVO/Oy7XrPI4CHMMJnIEHl1CDW6hDAxhIeIZXeHMenRfn3fmYt644+cwR/IHz+QOQ+4+q</latexit>

�S

<latexit sha1_base64="RczZpOPZWpNLu6YzwdNlZgH1jxg=">AAACDnicbVA9SwNBEN3z2/h1ammzGAKxCXdB1EYIsbESBRMDuRD29ibJkr0Pd+fEcOQX2PhXbCwUsbW289+4+SjU+GDg8d4MM/P8RAqNjvNlzc0vLC4tr6zm1tY3Nrfs7Z26jlPFocZjGauGzzRIEUENBUpoJApY6Eu48ftnI//mDpQWcXSNgwRaIetGoiM4QyO17YIXgERGq/SUegj3qMJMYzAsVtvigHr6VmF2MWzbeafkjEFniTsleTLFZdv+9IKYpyFEyCXTuuk6CbYyplBwCcOcl2pIGO+zLjQNjVgIupWN3xnSglEC2omVqQjpWP05kbFQ60Hom86QYU//9Ubif14zxc5JKxNRkiJEfLKok0qKMR1lQwOhgKMcGMK4EuZWyntMMY4mwZwJwf378iypl0vuUal8dZivVKdxrJA9sk+KxCXHpELOySWpEU4eyBN5Ia/Wo/VsvVnvk9Y5azqzS37B+vgGKfmbkw==</latexit>

�B = std(Bi)
p
N

<latexit sha1_base64="xCWDI2wypcEi7o9eRQzCPp79tzg=">AAAB+nicbVBNS8NAEJ3Ur1q/Uj16WSyCp5IUUS9CqRdPUsF+QBvDZrttl242YXejlNif4sWDIl79Jd78N27bHLT1wcDjvRlm5gUxZ0o7zreVW1ldW9/Ibxa2tnd29+ziflNFiSS0QSIeyXaAFeVM0IZmmtN2LCkOA05bwehq6rceqFQsEnd6HFMvxAPB+oxgbSTfLtbQJeqqJPTZ/U1a89nEt0tO2ZkBLRM3IyXIUPftr24vIklIhSYcK9VxnVh7KZaaEU4nhW6iaIzJCA9ox1CBQ6q8dHb6BB0bpYf6kTQlNJqpvydSHCo1DgPTGWI9VIveVPzP6yS6f+GlTMSJpoLMF/UTjnSEpjmgHpOUaD42BBPJzK2IDLHERJu0CiYEd/HlZdKslN2zcuX2tFStZXHk4RCO4ARcOIcqXEMdGkDgEZ7hFd6sJ+vFerc+5q05K5s5gD+wPn8AFRqTQg==</latexit>

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


