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Outline Stephen Roche

Introduction —

+ Autoencoders for anomaly detection
+ Machine learning at L1

Decision tree autoencoder
+ Novel training method

. . >-
Firmware design

+ Novel latentspaceless design for FPGA

Physics & FPGA results

+ Exotic decay of Higgs to pseudoscalarsto 2e '

+ LHC anomaly detectiS)Jn°

How to save
BSM at L1
without
models




Anomaly detection in HEP

Stephen Roche
Model-agnostic detection of BSM signals

+ Many anomaly detection methods have been devised and

tested on a variety of different HEP problemttps:/imk
wq.dithub.io/HEPMLLIivingReview

+ Anomaly detection in ATLAS analysis  gen
[ATLAS CONF-2022-045]

Rate = — 60 TB/s
fi e . Partial
1.5 MB 40 MHz

Buffer

Can®t analyze dat el : tmgs
+ L1 triggers at ATLAS & CMS use custom

electronics such as FPGAs to discard 99.8% ‘ —  omporary
+ Implementing anomaly detection at the L1 is T

challenging and possible (this talk) HLT trigger == 757"

[

= Offline

Source: ht

tp://cern.ch/twiki/pub/Atlas/TDAQS peakersCommitteeCommonReferences/tdagFullNew2017. de
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Autoencoder intro Stephen Roche

What is an autoencoder (AE)

+ Autoencoders can be used for data compressiortdecompression
+ Typical methods use neural networks to encod¢hen-decode

+ \We use decision trees (see below)

Real 784 8-hit no. One 20-bit no. 784 8-hit no.
example

Latent
space

_ Input Output looksgood!
Detalls

+ MNIST 2& 8-bit input/output, 1 tree depth 20,trained on 0,1,2,
+ Input-output distance is relativelysmall = good compression A



AE for anomaly detection Stephen Roche

AE can be used for anomaly detection

+ Train the autoencoder with a sample S
+ If it encounters inputsimilar toS, then output is good (prev. slide)
+ If it encounters input different than S, then output garbled (below)

Real 784 8-hit no. One 20-bit no. 784 8-hit no.
example

. Input Output looksbad!
Detalls

+ MNIST 2& 8-bit input/output, 1 tree depth 20,trained on 0,1,2,3
+ Input-output distance is relativelylarge = anomaly A



Decision tree autoencoders Stephen Roche

Training philosophy(novel method described in paper)

+P|l ace s mal l " bins® around | ocat
+ Example

+ 2d toy dataset, say X =p; and y = eta for some SM sample

X




Decision tree autoencoders Stephen Roche

Training philosophy(novel method described in paper)
+Pl ace small bins°® around | ocat

+ Example
+ 2d toy dataset, say X =p; and y = eta for some SM sample
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Decision tree autoencoders Stephen Roche

Training philosophy(novel method described in paper)
+Pl ace small bins°® around | ocat

+ Example
+ 2d toy dataset, say X =p; and y = eta for some SM sample
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Decision tree autoencoders Stephen Roche

Training philosophy(novel method described in paper)
+Pl ace small bins°® around | ocat

+ Example
+ 2d toy dataset, say X =p; and y = eta for some SM sample
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Decision tree autoencoders Stephen Roche

Training philosophy(novel method described in paper)
+Pl ace small bins°® around | ocat

+ Example
+ 2d toy dataset, say X =p; and y = eta for some SM sample




Decision tree autoencoders Stephen Roche

Latent space Is bin number
+ Encoding: EventA whichbini t ®s 1 n

Decode by returning a I €

+ Decoding: BinA medianof the training data in bin
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Decision tree autoencoders Stephen Roche

How does this detect anomalies?
+ Define: Distance between input output = anomaly score




Decision tree autoencoders Stephen Roche

How does this detect anomalies?
+ Define: Distance between input output = anomaly score

+ Non-anomaly
+ Input issimilar totraining data

+ Will likely land in amall binA close
to reconstruction point

A
v |
: -
.
I T
----- | —— ——---l o
----------.-: “I
o ——=—=—-




Decision tree autoencoders Stephen Roche

How does this detect anomalies?
+ Define: Distance between input output = anomaly score

+ Non-anomaly + Anomaly
+ Input issimilar totraining data + Input is notsimilar totraining data
+ Will likely land in asmall binA close + Will likely land in dargebinA  far
to the reconstruction point from the reconstruction point
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Outline Stephen Roche

Introduction

+ Autoencoders for anomaly detection
+ Machine learning at L1

Decision tree autoencoder
+ Novel training method

Firmware design
+ Novel latentspaceless design for FPGA

Physics & FPGA results

+ Exotic decay of Higgs to pseudoscalarsto 2e ' ¢
+ LHC anomaly detection® dataset

A



FWXMACHINA Stephen Roche

Logic flow

+ Block diagram shows lefito-right
logic flow (right)

Autoencoder Processor

+ Encoding is decoding

+ We bypass the latent space!

bus
tap

Detalls
+ Parallel computing

+ TREEENGINESevaluated in parallel

+ All combinatoric logic, so no
clocking between steps = fast

+ Mostly comparisons = fast
+ No multiplication = fast

+ Technical info in backup & see
[2304.03836]

Deep Decision Tree Engine
DDTE,

Xp

DDTE,

X4

N

fort=0.. T-1trees

DDTEq4

Distance
Processor

Sum
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Encoding design
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SM 2e 2¢ vs. ? Stephen Roche

Proof of concept problem

+ Background: we generate all SM with 2e ¥ (predominantly ZZ*)
+ Signal:ggF HA a; a, A e* e Y* Y (differentm, & m,)
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SM 2e 2¢ vs. ? Stephen Roche

Proof of concept problem

x10°

+ DeS|gn g - Dataset:
8 - Roche et al.,
+ 40 decision trees with maximum depth of 5 &€ 0[ vetoet
- i fwX AE V=3
+ 3 variables: m,, my My, ‘5 : Al
N 5 B H125
. . B Hzg
+ Physics results (see figure) L su Jnl
i s ;
+ Great separation for H,c 0 'I—H-T‘ T2 51"
. _ _ Anomaly score A
+tMay need a windgw selection® for H
Clock speed 320 MHz
+ FPGA results (see table) P |
o Latency 8 ticks (25 ns)
+ Latency within 25 ns =1 BC Interval 1 tick (3.125 ns)
+ Percent-level (or smaller) resource usage FE 10k (0.4 %)
+ No multiplications! LUT 31k (2.6%)
DSP 3 (0.04%)
BRAM

o4



SM 2e 2 vS. ? Stephen Roche

Can we train the AE with real data?

+tBut r eal data would contain the
+ Study the results for different levels of signal contamination in training

Can we train the AE with real data?
+ Looks reasonable for percentlevel contamination A




