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The Higgs Boson
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The largest absolute signal yield as defined above is
taken as the systematic uncertainty on the background
model. It amounts to ±(0.2−4.6) and ±(0.3−6.8) events,
depending on the category for the 7 TeV and 8 TeV data
samples, respectively. In the final fit to the data (see
Section 5.7) a signal-like term is included in the likeli-
hood function for each category. This term incorporates
the estimated potential bias, thus providing a conserva-
tive estimate of the uncertainty due to the background
modelling.

5.6. Systematic uncertainties
Hereafter, in cases where two uncertainties are

quoted, they refer to the 7 TeV and 8 TeV data, respec-
tively. The dominant experimental uncertainty on the
signal yield (±8%, ±11%) comes from the photon re-
construction and identification efficiency, which is es-
timated with data using electrons from Z decays and
photons from Z → !+!−γ events. Pile-up modelling
also affects the expected yields and contributes to the
uncertainty (±4%). Further uncertainties on the sig-
nal yield are related to the trigger (±1%), photon isola-
tion (±0.4%, ±0.5%) and luminosity (±1.8%, ±3.6%).
Uncertainties due to the modelling of the underlying
event are ±6% for VBF and ±30% for other produc-
tion processes in the 2-jet category. Uncertainties on the
predicted cross sections and branching ratio are sum-
marised in Section 8.
The uncertainty on the expected fractions of signal

events in each category is described in the following.
The uncertainty on the knowledge of the material in
front of the calorimeter is used to derive the amount of
possible event migration between the converted and un-
converted categories (±4%). The uncertainty from pile-
up on the population of the converted and unconverted
categories is ±2%. The uncertainty from the jet energy
scale (JES) amounts to up to ±19% for the 2-jet cate-
gory, and up to ±4% for the other categories. Uncertain-
ties from the JVF modelling are ±12% (for the 8 TeV
data) for the 2-jet category, estimated from Z+2-jets
events by comparing data and MC. Different PDFs and
scale variations in the HqT calculations are used to de-
rive possible event migration among categories (±9%)
due to the modelling of the Higgs boson kinematics.
The total uncertainty on the mass resolution is ±14%.

The dominant contribution (±12%) comes from the un-
certainty on the energy resolution of the calorimeter,
which is determined from Z→ e+e− events. Smaller
contributions come from the imperfect knowledge of the
material in front of the calorimeter, which affects the ex-
trapolation of the calibration from electrons to photons
(±6%), and from pile-up (±4%).
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Figure 4: The distributions of the invariant mass of diphoton can-
didates after all selections for the combined 7 TeV and 8 TeV data
sample. The inclusive sample is shown in (a) and a weighted version
of the same sample in (c); the weights are explained in the text. The
result of a fit to the data of the sum of a signal component fixed to
mH = 126.5 GeV and a background component described by a fourth-
order Bernstein polynomial is superimposed. The residuals of the data
and weighted data with respect to the respective fitted background
component are displayed in (b) and (d).

5.7. Results

The distributions of the invariant mass, mγγ, of the
diphoton events, summed over all categories, are shown
in Fig. 4(a) and (b). The result of a fit including a signal
component fixed to mH = 126.5 GeV and a background
component described by a fourth-order Bernstein poly-
nomial is superimposed.
The statistical analysis of the data employs an un-

binned likelihood function constructed from those of
the ten categories of the 7 TeV and 8 TeV data samples.
To demonstrate the sensitivity of this likelihood analy-
sis, Fig. 4(c) and (d) also show the mass spectrum ob-
tained after weighting events with category-dependent
factors reflecting the signal-to-background ratios. The
weight wi for events in category i ∈ [1, 10] for the 7 TeV
and 8 TeV data samples is defined to be ln (1 + S i/Bi),

10

Higgs → ɣɣ Observation

mɣɣ [GeV]125 GeV

• Higgs boson discovery at the Large Hadron Collider in 2012 “completes” the Standard Model

- Least precision measurements on its mass, couplings, branching ratios…

- Emphasizes TeV mass scale for new physics: mitigate fine tuning in Standard Model, 
Higgs coupling to particle mass
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Figure 4: The distributions of the invariant mass of diphoton can-
didates after all selections for the combined 7 TeV and 8 TeV data
sample. The inclusive sample is shown in (a) and a weighted version
of the same sample in (c); the weights are explained in the text. The
result of a fit to the data of the sum of a signal component fixed to
mH = 126.5 GeV and a background component described by a fourth-
order Bernstein polynomial is superimposed. The residuals of the data
and weighted data with respect to the respective fitted background
component are displayed in (b) and (d).
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sample. The inclusive sample is shown in (a) and a weighted version
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result of a fit to the data of the sum of a signal component fixed to
mH = 126.5 GeV and a background component described by a fourth-
order Bernstein polynomial is superimposed. The residuals of the data
and weighted data with respect to the respective fitted background
component are displayed in (b) and (d).
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The Higgs Boson
• Higgs boson discovery at the Large Hadron Collider in 2012 “completes” the Standard Model


- Least precision measurements on its mass, couplings, branching ratios…

- Emphasizes TeV mass scale for new physics: mitigate fine tuning in Standard Model, 
Higgs coupling to particle mass

Takeaway: The Higgs boson & high center-
of-mass energy particle collisions are 

crucial to understand fundamental universe
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The Large Hadron Collider 
• 27 km synchrotron at CERN colliding protons at √s = 13 TeV
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The Large Hadron Collider 
11 May 2016! J. Gonski ! 14!

The Large Hadron Collider 
• 27 km synchrotron at CERN colliding protons at √s = 13 TeV
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Liquid argon (LAr) 

electromagnetic 

calorimeter

The ATLAS Detector

Pixel inner detector
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Jets
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• Sampling calorimeter with accordion geometry of active (LAr) and absorber (lead); three 
layers in barrel


- Key measurements of Higgs →ƔƔ discovery channel

• Readout electronics system samples calorimeter cells at LHC frequency of 40 MHz and 
sends a digitized pulse off the detector 

ATLAS LAr EM Calorimeter
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Where To Look For New Physics?
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~TeV scale exclusions across many final states? 

Mass scale [TeV]
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~TeV scale exclusions across many final states? 

Mass scale [TeV]

These are blind spots!

Where To Look For New Physics?

Two important things missing at first glance:

 


1. The majority of these exclusions are for 
prompt BSM particles 


2. Exclusions are highly model dependent 
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1. Past: motivation for new fundamental physics 


2. Present: novel ATLAS searches 

- Long lived particles


- Heavy resonances & anomaly detection


3. Future: the High Luminosity LHC upgrade & beyond the 
LHC

20

Outline
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1. Long-Lived Particles
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• Problem: the majority of collider experimental exclusions pertain to promptly 
decaying new particles 


- Long-lived particles (LLPs) are theoretically well-motivated (eg. small couplings 
in supersymmetry, dark sectors) 


- But their decays are challenging to reconstruct: create final state objects that are

‣ displaced (produced off the beam line); and 

‣ delayed (late with respect to bunch crossing) 

➡ Example: generic new long-lived particles χ producing a displaced H→ƔƔ decayATLAS DRAFT
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Figure 1: Feynman diagrams of the signal process considered, targeting pair production of electroweak sparticles
decaying to a light SM fermion G (including all leptons and quarks except top and bottom) and a j̃

0
1 particle, which

then decays to either a / or Higgs boson along with a ⌧̃. Each of the j̃
0
1 particles is required to decay to a Higgs (Z)

boson as shown on the left (right) which decays to a diphoton (dielectron) final state. The other j̃0
1 is not used in the

analysis, and the Higgs// boson decays with its Standard Model branching ratio.

EM objects restricts the sensitivity of the analysis to NLSP lifetimes of O(ns). In addition, due to the67

opening angle between the �// boson and the gravitino LSP produced in the NLSP decay, the EM objects68

would have flight paths that are inconsistent with originating from the primary vertex (PV), and hence are69

called non-pointing. Hereafter, the daughter particles will be referred to as photons, and the signature as70

a displaced diphoton vertex (DDV), covering both electron and photon final states. Precise LAr timing71

and spatial information is used to enhance sensitivity to this signature, and this result represents the first72

application of a new method to localize a decay vertex position using only LAr measurements.73

This analysis utilizes the full Run 2 ATLAS dataset of 13 TeV ?? collisions and is the first LHC search74

optimized for the DDV signature. Previous ATLAS analyses searched for non-pointing and delayed photons75

produced in long-lived NLSP decays in the datasets of ?? collisions collected at center-of-mass energies of76

13 TeV [27] during Run 2 of the LHC, and at both 7 [28] and 8 TeV [29] during Run 1. No search found an77

excess above the SM background expectation, and results were interpreted in the context of a particular set78

of GMSB SUSY models. A recent Run 2 CMS result searching for such models also found data agreeing79

with the SM prediction [30]. These previous searches provide generic sensitivity to events that contain one80

or more non-prompt photons that do not necessarily originate from a common vertex, making this result81

the first to exploit the correlation between e/W measurements that is expected from the GMSB delayed82

higgsino signal.83

To reduce the model-dependence of the results, the analysis considers a simplified model where the mass84

and lifetime of the NLSP are treated as independent parameters. A branching ratio (BR) of unity is85

considered for the combination of the two NLSP decay modes considered, namely j̃
0
1 ! �// + ⌧̃, though86

the relative probability of the two modes is considered a free parameter. Both � ! WW and / ! 4487

signals are reconstructed with final state photons, as electrons and photons have fundamentally the same88

EM shower shape and thus the same EM calorimeter reconstruction, and track reconstruction e�ciency is89

low for highly displaced electrons. The photons should have a delay compared to prompt objects, and as90

C = 0 is defined as the expected value for a prompt electron from the PV of the hard collision, the photons91

are required to have C > 0. Measurements of the trajectories of the two photons, as determined by their EM92

shower shapes, are used to determine a common origin. The separation distance between this secondary93
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ATLAS DRAFT

ATLAS
Technical Design Report

Liquid Argon Calorimeter
15 December 1996
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6  Electromagnetic barrel calorimeter and presampler

Figure 6-17 Signal layer for barrel electrode.
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Figure 5: Illustration of the two-dimensional calo-vertexing procedure to calculate the +R and +I discriminating
variables used in the analysis. The three layers of the LAr calorimeter are highlighted, along with the energy deposits
left by the passage of the two daughter photons W1 and W2 of the LLP. The location of the secondary vertex (SV) is
determined by the pointing measurements of the two photons. +R is defined as the distance in R from the SV to the
beamline, and +I as the distance in I from the SV to the PV.

0 200 400 600 800 1000 1200 1400 1600 1800 2000
 [mm]ρ 

6−10

5−10

4−10

3−10

2−10

1−10

1

10

 N
or

m
al

iz
ed

 E
nt

rie
s 

/ 5
0 

m
m

Data, CR Template
G~H→(135 GeV, 2 ns)0

1
χ∼

G~Z→(135 GeV, 2 ns)0
1
χ∼

G~H→(135 GeV, 10 ns)0
1
χ∼

G~Z→(135 GeV, 10 ns)0
1
χ∼

G~H→(325 GeV, 2 ns)0
1
χ∼

G~Z→(625 GeV, 2 ns)0
1
χ∼

ATLAS Preliminary
-1 = 13 TeV, 139 fbs

Figure 6: Distribution of the displacement d for the expected background in the signal region, obtained by transforming
data templates from the CR according to the background estimation procedure. Superimposed are the expected
distributions for representative signal models in the SR, labeled by the j̃

0
1 mass (in GeV) and lifetime (in ns), as well

as the decay channel to � or / .

5 Event selection287

Events are selected based on object quality requirements, event-level features and kinematics, as well as the288

timing and displacement of the two photon objects. The selection criteria are defined based on optimization289
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LAr for Delayed Photons
• Collaboration: work with engineers to ensure the detector and its readout electronics are robust and precise

• Solution: creation of new analysis techniques based on precision low-level detector info


- Timing: ATLAS LAr calorimeter provides timing measurement from ECAL cells with ~200 ps resolution

- Spatial: LAr calo segmented into multiple layers, which allow us to get photon’s direction of flight


- New❗ For sensitivity to displaced di-e/Ɣ vertices, combine directional info of 2 paths to localize vertex position 
in 2D (Vr, Vz)

Di-e/Ɣ Vertex Displacement
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Displaced Diphoton Results 
• No significant excess above SM background


- Sensitive to LLPs with ~100s GeV mass and 0.1 ns < 𝛕 < 1000 ns


➡Takeaway: LLP to e/Ɣ tools validated & primed for use in future searches

LLP Mass

LL
P 

Li
fe

tim
e

[2209.01029,               
ATLAS-CONF-2022-051]

https://arxiv.org/abs/2209.01029
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/CONFNOTES/ATLAS-CONF-2022-051/
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2. Heavy Particles
• Problem: we need heavy (~TeV scale) new particles & haven’t found them


- TeV-scale new physics motivated by Higgs mass & directly accessible at the LHC 

- High mass A creates high momentum B and C: boosting means decay products 

overlap; reconstruct each daughter as single large-radius jet with substructure

- Highly generic signature: we cannot rely on having a full analysis for every topology

Towards Run-3: Unique Signatures
• Top physics
• 4-top event [Radbound]
• Monotop [LIP/Valencia]

• Multi-lepton final states [Oslo]
• CWoLa A->BC (round 2) [1902.02634]
• Unusual jet signatures
• Semi-visible jets [SVJ][2112.02864] [2006.08639]• Displaced jets [HDMI]

• Pileup events [Geneva]

2 September 2022
E. Busch 15
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Machine Learning & Anomaly Detection
• Collaboration: computer/data scientists with sophisticated 
machine learning algorithms for signal model-independent 
anomaly detection


- Goal: identify features of the data that are inconsistent with a 
background-only model 


• Strategy: train an ML architecture to reconstruct its input

- Unsupervised: train over unlabeled events (data)

- Rarer events with unusual features will be poorly reconstructed 
→ reconstruction accuracy is a good discriminant

Unsupervised Machine Learning for Anomaly Detection
� Idea: Train a neural network to reconstruct its input

� Rarer events with notably different features will be less well reconstructed
� Can use reconstruction accuracy as an anomaly score

23

Anomaly Score

0 1
A. Kahn
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• Input: jets are composed of constituent particles with 
“prongs” if distinct particles exist within the jet 


- Model jets as a sequence of constituent 4-vectors

• Autoencoder: generative model that encodes input in 
lower-dimensional latent space, decodes from latent 
space, and checks reconstruction error


➡Variational recurrent neural network (VRNN): variational 
autoencoder embedded in recurrent architecture 
(sequence modeling)

Autoencoders for Jets

26J. Gonski21 Sept 2022

Autoencoders for AD

5

•Autoencoder: generative model that encodes input in lower-dimensional 
latent space, decodes from latent space, and checks reconstruction error
•Variational autoencoder: perform Bayesian inference by sampling from a 
multivariate Gaussian latent space 
•Variational RNN: recurrent neural network (RNN) that updates a VAE latent 
space at each time step; accommodates variable-length input sequences VAE Cell

Hidden
layer 1

Input
layer

Latent
layer

Hidden
layer 2

Output
layer

µ

�

z = µ + �✏

x y

Figure 2. A Variational Autoencoder with a Gaussian latent space parametrization.

where ✏ is sampled from a unit isotropic normal distribution ✏ ⇠ N (0, 1) [10].

The VAE loss function includes both a reconstruction error term as well as an additional Kullback-
Leibler (KL)-Divergence term from a chosen prior distribution p(z) to the approximate posterior
distribution q(z|x):

L = |y � x|2 + DKL(q(z|x)||p(z)). (1.3)

For the prior, it is common to choose a unit isotropic Gaussian centered at the origin, as the KL-
Divergence from a Gaussian prior to a Gaussian approximate posterior takes on a closed form
solution [11].

Variational Autoencoders provide a number of improvements over standard Autoencoders, both as
generative models [10] and as anomaly detection tools [12]. The inclusion of a KL-Divergence
term in the loss function motivates the architecture to more appropriately model unique classes of
data. It also acts as another discriminatory metric, as anomalous elements are expected to have
both a large reconstruction error and a large KL-Divergence when compared to nominal elements.

While VAEs have shown promise in the task of jet-level anomaly detection, they have a number of
drawbacks. Most notably, VAEs are a fixed-length architecture, and cannot accommodate a variable
number of inputs. When modeling jets via their constituent four-vectors, it becomes necessary to
only process at most N constituents, and zero-pad the input layer when processing a jet with
a number of constituents less than N . In classifier models, this is common and benign, as the
loss function depends only on the output of the network and the ground truth that it is trying to
reproduce. However, in a VAE, the input layer’s neuron values are a part of its loss function (due to

– 4 –

Input Output

Encoder Decoder 

N-Subjettiness: ɒN
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� Correlates with the ability for a jet to be accurately reconstructed using N sub-
jets of a smaller radius

� Ratios of ɒN/ ɒN-1 anti-correlate with N-pronged substructure

t->Wb->qqb
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•Di-? (jet, lepton, boson, photon) resonance searches 
are a staple of the LHC physics program (“bump hunts”)  
• Full Run 2 search program has generally driven the 
mass limit for such new resonances to the TeV scale  
•High parent decays give lots of mass-energy to 
daughters, collimating the final state byproducts & often 
reconstructing as a single large-radius jet with 
substructure

The largest absolute signal yield as defined above is
taken as the systematic uncertainty on the background
model. It amounts to ±(0.2−4.6) and ±(0.3−6.8) events,
depending on the category for the 7 TeV and 8 TeV data
samples, respectively. In the final fit to the data (see
Section 5.7) a signal-like term is included in the likeli-
hood function for each category. This term incorporates
the estimated potential bias, thus providing a conserva-
tive estimate of the uncertainty due to the background
modelling.

5.6. Systematic uncertainties
Hereafter, in cases where two uncertainties are

quoted, they refer to the 7 TeV and 8 TeV data, respec-
tively. The dominant experimental uncertainty on the
signal yield (±8%, ±11%) comes from the photon re-
construction and identification efficiency, which is es-
timated with data using electrons from Z decays and
photons from Z → !+!−γ events. Pile-up modelling
also affects the expected yields and contributes to the
uncertainty (±4%). Further uncertainties on the sig-
nal yield are related to the trigger (±1%), photon isola-
tion (±0.4%, ±0.5%) and luminosity (±1.8%, ±3.6%).
Uncertainties due to the modelling of the underlying
event are ±6% for VBF and ±30% for other produc-
tion processes in the 2-jet category. Uncertainties on the
predicted cross sections and branching ratio are sum-
marised in Section 8.
The uncertainty on the expected fractions of signal

events in each category is described in the following.
The uncertainty on the knowledge of the material in
front of the calorimeter is used to derive the amount of
possible event migration between the converted and un-
converted categories (±4%). The uncertainty from pile-
up on the population of the converted and unconverted
categories is ±2%. The uncertainty from the jet energy
scale (JES) amounts to up to ±19% for the 2-jet cate-
gory, and up to ±4% for the other categories. Uncertain-
ties from the JVF modelling are ±12% (for the 8 TeV
data) for the 2-jet category, estimated from Z+2-jets
events by comparing data and MC. Different PDFs and
scale variations in the HqT calculations are used to de-
rive possible event migration among categories (±9%)
due to the modelling of the Higgs boson kinematics.
The total uncertainty on the mass resolution is ±14%.

The dominant contribution (±12%) comes from the un-
certainty on the energy resolution of the calorimeter,
which is determined from Z→ e+e− events. Smaller
contributions come from the imperfect knowledge of the
material in front of the calorimeter, which affects the ex-
trapolation of the calibration from electrons to photons
(±6%), and from pile-up (±4%).
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Figure 4: The distributions of the invariant mass of diphoton can-
didates after all selections for the combined 7 TeV and 8 TeV data
sample. The inclusive sample is shown in (a) and a weighted version
of the same sample in (c); the weights are explained in the text. The
result of a fit to the data of the sum of a signal component fixed to
mH = 126.5 GeV and a background component described by a fourth-
order Bernstein polynomial is superimposed. The residuals of the data
and weighted data with respect to the respective fitted background
component are displayed in (b) and (d).

5.7. Results

The distributions of the invariant mass, mγγ, of the
diphoton events, summed over all categories, are shown
in Fig. 4(a) and (b). The result of a fit including a signal
component fixed to mH = 126.5 GeV and a background
component described by a fourth-order Bernstein poly-
nomial is superimposed.
The statistical analysis of the data employs an un-

binned likelihood function constructed from those of
the ten categories of the 7 TeV and 8 TeV data samples.
To demonstrate the sensitivity of this likelihood analy-
sis, Fig. 4(c) and (d) also show the mass spectrum ob-
tained after weighting events with category-dependent
factors reflecting the signal-to-background ratios. The
weight wi for events in category i ∈ [1, 10] for the 7 TeV
and 8 TeV data samples is defined to be ln (1 + S i/Bi),
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•Autoencoder: generative model that encodes input in lower-dimensional 
latent space, decodes from latent space, and checks reconstruction error
•Variational autoencoder: perform Bayesian inference by sampling from a 
multivariate Gaussian latent space 
•Variational RNN: recurrent neural network (RNN) that updates a VAE latent 
space at each time step; accommodates variable-length input sequences VAE Cell
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Figure 2. A Variational Autoencoder with a Gaussian latent space parametrization.

where ✏ is sampled from a unit isotropic normal distribution ✏ ⇠ N (0, 1) [10].

The VAE loss function includes both a reconstruction error term as well as an additional Kullback-
Leibler (KL)-Divergence term from a chosen prior distribution p(z) to the approximate posterior
distribution q(z|x):

L = |y � x|2 + DKL(q(z|x)||p(z)). (1.3)

For the prior, it is common to choose a unit isotropic Gaussian centered at the origin, as the KL-
Divergence from a Gaussian prior to a Gaussian approximate posterior takes on a closed form
solution [11].

Variational Autoencoders provide a number of improvements over standard Autoencoders, both as
generative models [10] and as anomaly detection tools [12]. The inclusion of a KL-Divergence
term in the loss function motivates the architecture to more appropriately model unique classes of
data. It also acts as another discriminatory metric, as anomalous elements are expected to have
both a large reconstruction error and a large KL-Divergence when compared to nominal elements.

While VAEs have shown promise in the task of jet-level anomaly detection, they have a number of
drawbacks. Most notably, VAEs are a fixed-length architecture, and cannot accommodate a variable
number of inputs. When modeling jets via their constituent four-vectors, it becomes necessary to
only process at most N constituents, and zero-pad the input layer when processing a jet with
a number of constituents less than N . In classifier models, this is common and benign, as the
loss function depends only on the output of the network and the ground truth that it is trying to
reproduce. However, in a VAE, the input layer’s neuron values are a part of its loss function (due to
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•Di-? (jet, lepton, boson, photon) resonance searches 
are a staple of the LHC physics program (“bump hunts”)  
• Full Run 2 search program has generally driven the 
mass limit for such new resonances to the TeV scale  
•High parent decays give lots of mass-energy to 
daughters, collimating the final state byproducts & often 
reconstructing as a single large-radius jet with 
substructure

The largest absolute signal yield as defined above is
taken as the systematic uncertainty on the background
model. It amounts to ±(0.2−4.6) and ±(0.3−6.8) events,
depending on the category for the 7 TeV and 8 TeV data
samples, respectively. In the final fit to the data (see
Section 5.7) a signal-like term is included in the likeli-
hood function for each category. This term incorporates
the estimated potential bias, thus providing a conserva-
tive estimate of the uncertainty due to the background
modelling.

5.6. Systematic uncertainties
Hereafter, in cases where two uncertainties are

quoted, they refer to the 7 TeV and 8 TeV data, respec-
tively. The dominant experimental uncertainty on the
signal yield (±8%, ±11%) comes from the photon re-
construction and identification efficiency, which is es-
timated with data using electrons from Z decays and
photons from Z → !+!−γ events. Pile-up modelling
also affects the expected yields and contributes to the
uncertainty (±4%). Further uncertainties on the sig-
nal yield are related to the trigger (±1%), photon isola-
tion (±0.4%, ±0.5%) and luminosity (±1.8%, ±3.6%).
Uncertainties due to the modelling of the underlying
event are ±6% for VBF and ±30% for other produc-
tion processes in the 2-jet category. Uncertainties on the
predicted cross sections and branching ratio are sum-
marised in Section 8.
The uncertainty on the expected fractions of signal

events in each category is described in the following.
The uncertainty on the knowledge of the material in
front of the calorimeter is used to derive the amount of
possible event migration between the converted and un-
converted categories (±4%). The uncertainty from pile-
up on the population of the converted and unconverted
categories is ±2%. The uncertainty from the jet energy
scale (JES) amounts to up to ±19% for the 2-jet cate-
gory, and up to ±4% for the other categories. Uncertain-
ties from the JVF modelling are ±12% (for the 8 TeV
data) for the 2-jet category, estimated from Z+2-jets
events by comparing data and MC. Different PDFs and
scale variations in the HqT calculations are used to de-
rive possible event migration among categories (±9%)
due to the modelling of the Higgs boson kinematics.
The total uncertainty on the mass resolution is ±14%.

The dominant contribution (±12%) comes from the un-
certainty on the energy resolution of the calorimeter,
which is determined from Z→ e+e− events. Smaller
contributions come from the imperfect knowledge of the
material in front of the calorimeter, which affects the ex-
trapolation of the calibration from electrons to photons
(±6%), and from pile-up (±4%).
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Figure 4: The distributions of the invariant mass of diphoton can-
didates after all selections for the combined 7 TeV and 8 TeV data
sample. The inclusive sample is shown in (a) and a weighted version
of the same sample in (c); the weights are explained in the text. The
result of a fit to the data of the sum of a signal component fixed to
mH = 126.5 GeV and a background component described by a fourth-
order Bernstein polynomial is superimposed. The residuals of the data
and weighted data with respect to the respective fitted background
component are displayed in (b) and (d).

5.7. Results

The distributions of the invariant mass, mγγ, of the
diphoton events, summed over all categories, are shown
in Fig. 4(a) and (b). The result of a fit including a signal
component fixed to mH = 126.5 GeV and a background
component described by a fourth-order Bernstein poly-
nomial is superimposed.
The statistical analysis of the data employs an un-

binned likelihood function constructed from those of
the ten categories of the 7 TeV and 8 TeV data samples.
To demonstrate the sensitivity of this likelihood analy-
sis, Fig. 4(c) and (d) also show the mass spectrum ob-
tained after weighting events with category-dependent
factors reflecting the signal-to-background ratios. The
weight wi for events in category i ∈ [1, 10] for the 7 TeV
and 8 TeV data samples is defined to be ln (1 + S i/Bi),
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• Input: jets are composed of constituent particles with 
“prongs” if distinct particles exist within the jet 


- Model jets as a sequence of constituent 4-vectors

• Autoencoder: generative model that encodes input in 
lower-dimensional latent space, decodes from latent 
space, and checks reconstruction error


➡Variational recurrent neural network (VRNN): variational 
autoencoder embedded in recurrent architecture 
(sequence modeling) to generate per-jet anomaly score
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� Correlates with the ability for a jet to be accurately reconstructed using N sub-
jets of a smaller radius

� Ratios of ɒN/ ɒN-1 anti-correlate with N-pronged substructure

t->Wb->qqb



J. Gonski6 February 2023

Y→XH Analysis
• Solution: ML-based taggers for a generic Y→XH process


1. Novel neural net-based algorithm for tagging boosted 
H→bb topology


2. VRNN trained without labels over full Run 2 dataset of 
high momentum large-R jets 

- Per-jet anomaly score provides signal-model-independent 

selection of anomalous X candidate jets 

?

1 Introduction

The Standard Model (SM) provides a framework for understanding fundamental particles and interactions
that has been remarkably predictive of experimental results over several decades. The 2012 discovery of
the Higgs boson [1, 2] completed the sequence of particles predicted by the SM. However, many mysteries
remain, such as the nature of dark matter and the origin of matter-antimatter asymmetry, which confirm the
need for new physics beyond the Standard Model (BSM).

The sensitivity of the Higgs boson mass to radiative corrections implies either extreme fine-tuning in
the model or the existence of new physics at an energy scale not far above the Higgs boson mass. This
theoretical motivation, coupled with the existing experimental mass reach of the Large Hadron Collider
(LHC) at CERN, motivates searches for new particles with O(TeV) masses. Because the Higgs boson
couples to mass, it is natural to expect that these new heavy particles may have decays to a Higgs boson.

A search is presented here for a new TeV-scale narrow-width boson Y, which decays to a Standard Model
Higgs � and a new particle X with a mass on the weak scale. A fully hadronic final state is assumed for
both particles. Tagging of the boosted Higgs to two 1-quarks (� ! 11̄ tagging) is applied to enhance the
signal using the highest branching fraction decay of the Higgs boson. A novel jet-level implementation of
anomaly detection based on an unsupervised machine learning architecture is used to select X particles
based solely on their incompatibility with the expected SM background. This selection of the X is not
strongly dependent on its mass, thus the analysis is sensitive to X masses spanning several orders of
magnitude, from O(10) GeV to O(1) TeV. A Feynman diagram for this process can be found in Figure 1,
where the X can have a variety of hadronic decays. A nominal benchmark decay of - ! @@̄ is generated to
provide an interpretation framework for the results. The masses of the parent and daughter particles yield a
kinematic scenario where the final state particles are highly Lorentz-boosted, motivating a reconstruction
using large-radius (large-R) jets and the use of jet substructure to distinguish the boson decay products. An
orthogonal resolved reconstruction is used to recover sensitivity to topologies where the X is less boosted
and reconstructed as small-radius (small-R) jets, significantly extending the region of sensitive phase space.
As the signal is resonant, it can be detected via a “bump hunt" on the invariant mass of the reconstructed
daughter particles.

H

Y

X

b̄

b

Figure 1: Feynman diagram of the target signal process, where the Y is produced in the initial ?? collision and
decays to a fully hadronic final state via a SM Higgs boson � ! 11̄ and a new particle X . The only assumption
applied to the X decay is that it yields a hadronic final state.

Though model-independent in nature, this search is motivated by several key extensions to the Standard
Model which predict heavy diboson resonances. Examples of such theories include extended gauge
symmetry models [3], warped extra dimensions [4–6], or two Higgs doublet models [7]. Signals are
generated with a simplified model based on spin-1 Heavy Vector Triplets (HVT) [8] which reproduces a
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H→bb topology


2. VRNN trained without labels over full Run 2 dataset of 
high momentum large-R jets 

- Per-jet anomaly score provides signal-model-independent 

selection of anomalous X candidate jets 

?

1 Introduction

The Standard Model (SM) provides a framework for understanding fundamental particles and interactions
that has been remarkably predictive of experimental results over several decades. The 2012 discovery of
the Higgs boson [1, 2] completed the sequence of particles predicted by the SM. However, many mysteries
remain, such as the nature of dark matter and the origin of matter-antimatter asymmetry, which confirm the
need for new physics beyond the Standard Model (BSM).

The sensitivity of the Higgs boson mass to radiative corrections implies either extreme fine-tuning in
the model or the existence of new physics at an energy scale not far above the Higgs boson mass. This
theoretical motivation, coupled with the existing experimental mass reach of the Large Hadron Collider
(LHC) at CERN, motivates searches for new particles with O(TeV) masses. Because the Higgs boson
couples to mass, it is natural to expect that these new heavy particles may have decays to a Higgs boson.

A search is presented here for a new TeV-scale narrow-width boson Y, which decays to a Standard Model
Higgs � and a new particle X with a mass on the weak scale. A fully hadronic final state is assumed for
both particles. Tagging of the boosted Higgs to two 1-quarks (� ! 11̄ tagging) is applied to enhance the
signal using the highest branching fraction decay of the Higgs boson. A novel jet-level implementation of
anomaly detection based on an unsupervised machine learning architecture is used to select X particles
based solely on their incompatibility with the expected SM background. This selection of the X is not
strongly dependent on its mass, thus the analysis is sensitive to X masses spanning several orders of
magnitude, from O(10) GeV to O(1) TeV. A Feynman diagram for this process can be found in Figure 1,
where the X can have a variety of hadronic decays. A nominal benchmark decay of - ! @@̄ is generated to
provide an interpretation framework for the results. The masses of the parent and daughter particles yield a
kinematic scenario where the final state particles are highly Lorentz-boosted, motivating a reconstruction
using large-radius (large-R) jets and the use of jet substructure to distinguish the boson decay products. An
orthogonal resolved reconstruction is used to recover sensitivity to topologies where the X is less boosted
and reconstructed as small-radius (small-R) jets, significantly extending the region of sensitive phase space.
As the signal is resonant, it can be detected via a “bump hunt" on the invariant mass of the reconstructed
daughter particles.
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Figure 1: Feynman diagram of the target signal process, where the Y is produced in the initial ?? collision and
decays to a fully hadronic final state via a SM Higgs boson � ! 11̄ and a new particle X . The only assumption
applied to the X decay is that it yields a hadronic final state.

Though model-independent in nature, this search is motivated by several key extensions to the Standard
Model which predict heavy diboson resonances. Examples of such theories include extended gauge
symmetry models [3], warped extra dimensions [4–6], or two Higgs doublet models [7]. Signals are
generated with a simplified model based on spin-1 Heavy Vector Triplets (HVT) [8] which reproduces a
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� b quarks hadronize into b-mesons which 
have sufficient lifetime to travel 
~centimeters in the detector
� Can be identified by a characteristic 

displaced secondary vertex

� For boosted particles decaying to two b
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Y→XH Results
• Fit invariant mass of X and H for excesses in overlapping windows of mX

• No significant excess in data: interpret in nominal X→qq, sensitive up to 6 TeV resonance mass 


➡ First application of fully unsupervised machine learning to an ATLAS analysis 
➡ Takeaway: anomaly detection tools & searches are the future!
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Observed CLs

Figure 11: The expected (left) and observed (right) 95% CL limits on the cross-section f(?? ! . ! -� ! @@̄11̄)
in pb in the two-dimensional space of <. versus <-, obtained from a simultaneous fit of both merged and resolved
two-prong signal regions with all statistical and systematic uncertainties. A bilinear interpolation procedure is applied
to provide results in between fully simulated signal points. The observed limits range from 0.341 fb for the signal
point (<.= 5000 GeV, <-= 600 GeV) to 1.22 pb for the signal point (<.= 2500 GeV, <-= 2000 GeV).

final states, only the merged two-prong region is considered for this comparison. 95% CL upper limits
on the production cross section of six benchmark signals, including three . ! -� points and the three
alternate jet topologies, are generated for both of these SRs. As systematic uncertainties on the signal
e�ciency of the anomaly score are not assessed, this comparison is performed using only statistical
uncertainties and a post-fit background estimation in the limit calculation. Since the merged region uses
⇡

CA :
2 and thus explicitly tags on the two-prong substructure of the X in the generated . ! -� grid, it

is possible that these regions will outperform the fully unsupervised approach on the . ! -� signals.
For points where the X is highly boosted and thus the anomaly score is most sensitive, the upper limit on
the cross section is approximately the same across the merged and anomaly SRs, while the two-prong
⇡

CA :
2 selections together give stronger limits across the rest of the . ! -� generated phase space. The

signal model-independent aspect of the anomaly detection used in the anomaly SR is evident through
improved limits on the alternative substructure signals. Notably, for the dark jets this factor of improvement
is approximately 20, which underlines the strength of the model-independent approach particularly for
signals that are challenging to characterize with existing high-level variables.

While these results cover areas of phase space that have not been previously studied directly by other
searches, some analysis selections are highly correlated to those of other recent ATLAS dijet resonance
searches. The <- bin of [75.5, 95.5] would be sensitive to the +� resonance hadronic final state, which is
covered by a dedicated analysis using the same dataset [57]. The approach here di�ers in both vector boson
tagging and Higgs boson tagging approaches, but provides a similar 95% CL upper limit on the production
cross section of a 3 TeV resonance. Due to its generality, the anomaly SR is expected to be sensitive to the
same signatures as the weakly supervised dijet resonance search [58], though a direct comparison is not
provided due to the assumptions made here of the Higgs boson mass and decay.

9 Conclusion

A search is performed for a heavy new boson Y decaying to a new particle X and a Standard Model Higgs
boson in 139 fb�1 of LHC Run 2 data collected by the ATLAS detector. The analysis focuses on a fully

19

Y→XH→qqbb Cross Section Limit 

30

[ATLAS-CONF-2022-045]

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/CONFNOTES/ATLAS-CONF-2022-045/
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1. Past: motivation for new fundamental physics 


2. Present: novel ATLAS searches 

- Long lived particles


- Heavy resonances & anomaly detection


3. Future: the High Luminosity LHC upgrade & beyond the 
LHC

31
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The Future of the LHC

2026: Upgrade for 
High Lumi LHC

Today

calibration signal is injected and the electronics

Development of the ATLAS Liquid 
Argon Calorimeter Readout Electronics 
for the HL-LHC 

The image part with relationship ID rId3 was not found in the file.

Andrew Smith (Columbia University), on behalf of the 
Liquid Argon Calorimeter Group

Introduction

Energy Resolution

LAr HL-LHC Upgrade

Front-End Board 2 (FEB2) Slice Board Results

calibration signal is injected and the electronics

Off-Detector Electronics

DIS 2022: XXIX International Workshop on Deep-Inelastic Scattering and Related Subjects, 2 May – 6 May, 2022

Multi-Channel Performance: Low coherent noise between neighboring 
channels, application of Optimal Filtering yields <.2% crosstalk

Energy and timing resolution: Optimal filtering applied for energy and 
timing of shaped, digitized triangular pulses. Gaussian fits to consecutive 
measurements yield !!" < 0.1% for large pulses, exceeding specifications

COLUTAv4 ADC

HL-LHC plan:
• High Luminosity Large Hadron Collider (HL-LHC) upgrade in 2029
• Increase in instantaneous luminosity factor of 5 to 7.5 with respect to 

nominal 
• Integrated luminosity planned: up to 4000 fb-1

Version 1.1 FEB2 ‘Slice’ Tesboard: 
• Preamplifier/Shaper (LAUROC2)à ADC 

(COLUTAv3) à Optical Transceivers
• Slice board with 32 channels in the same 

density as final 128 channel FEB2
• LAr pulses from Arbitrary Wave Generator 

sent to test full FEB2 readout chain
• Energy and timing, linearity, and multi-

channel performance characterized

calibration signal is injected and the electronics

References
[1] ATLAS Collaboration, The ATLAS experiment at the CERN Large Hadron Collider, JINST 3 (2008) S08003.
[2] ATLAS Collaboration, ATLAS Liquid Argon Calorimeter Phase-I Upgrade Technical Design Report,CERN-LHCC-2013-017, ATLAS-TDR-022. 
[3] ATLAS Collaboration, ATLAS Liquid Argon Calorimeter Phase-II Upgrade Technical Design Report, CERN-LHCC-2017-018 ; ATLAS-TDR-027 

New v4 Prototype:
• 8 channels implementing 12-bit 

Successive Approximation Register (SAR) 
with a Multiplying Digital Analog 
Converter (MDAC) to extend range

• New socketed testboard including  
ALFE2 chip for integrated testing 

calibration signal is injected and the electronics

Summary
ü On-detector and off-detector electronics being developed to handle challenges of HL-

LHC data taking conditions
ü Custom radiation-hard ASIC prototypes meet required performance specifications
ü Off-detector hardware and firmware developments show promise for handling pileup 

conditions of HL-LHC
ü FEB2 ‘Slice’ Testboard shows promising results from integration of front-end 

components
ü Excellent progress being made in LAr Phase-II Upgrade Electronics

On-Detector Electronics

ALFE2 Preamplifier/Shaper

LAr Signal Processor (LASP) LAr Timing System (LATS)

Standalone test results:
• ENOB > 11 bits for up to 18MHz 

input sine wave frequency
• Pedestal noise 1.2 ADC Counts RMS

Upgrade Motivation:
• New ATLAS TDAQ system to handle increased pileup (up to 200 

simultaneous interactions)
• Increased radiation tolerance on front-end

• Single Event Effect (SEE) characterization 
sets upper limit for continuous operation of 
8.68SEE/day for the entire system

Motivation: 
• LATOURNETT board distributes 40MHz 

LHC clock and Bunch Crossing Reset 
(BCR) signals, as well as configuration 
commands to FEB2s

• LATOURNETT schematic design is 
currently underway, with a table test 
bench recently developed

• Each LATOURNETT can connect to 72 on
detector boards, at least 26
LATOURNETT boards needed

130nm CMOS custom ASIC.
Analog processing on signals 
(amplification, CR-(RC)2
shaping), 16-bit dyn. range

Recent Radiation Testing: 
• Irradiated beyond Total Integrated Dose (TID) 

expected for HL-LHC, principal characteristics 
of the front-end remain stable

65nm CMOS custom ASIC. Digitize PA/S 
outputs at 40MHz with 14-bit dynamic 
range and > 11-bit precision 

Implement Trigger, Timing, and control 
based on LpGBT protocol for 1524 FEB2s 
and 128 Calibration boards

Calibration Board Inject calorimeter pulses to calibrate readout 
electronics with integral non-linearity <0.1%; 7.5 V 
output requires HV-CMOS

Initial Testing Results: 
• ALFE2 low to high gain peak-peak crosstalk 

<20mV with 50Ω input impedance, a 5x 
improvement over ALFE

Chip features: 
• Tuneable input impedance and time constants
• 4 channel summing for hardware trigger

• Preliminary Design Review on February 10th 2022, calibration ASICs passed all specs 
with recommendations

• New prototypes LADOCv2 and CLAROCv4 submitted, expecting improved linearity 

Hardware Developments: 
• LASP V1 test board completed with 2 

Intel Stratix-10 FPGAs
• Testing currently underway

Calculate energy and time of digitized 
waveforms  from up to 1024 channels. 
Transmit data, energy and timing at 
25Gbps to trigger and  data acquisition
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Phase-I Upgrade [2]
• LAr Trigger Digitizer Board + 

LAr Digital Processing System 
• Installed during Long 

Shutdown 2, currently being 
commissioned

• Provide trigger unit of readout
of finer transverse granularity 
+ longitudinal shower 
information

Phase-II Upgrade [3] (this poster)
• Installation of precision readout             

On-detector and Off-detector
electronics during the LHC’s                  
Long  Shutdown 3

• Radiation-hard front-end electronics
• Digitization and transmission of all data 

off-detector at 40MHz, nearly 400 times 
the current rate

Requirements: 
• Integral non-linearity <.1%
• ENI<150nA for 25Ω input 

impedance, ENI<50nA for 
55Ω input impedance

• Delayed pulses interleaved to form 
finely sampled pulse for energy and 
timing resolution measurements 

CLAROCv1 custom ASIC:
• 180 mm XFAB technology
• Pulser with 4 high-frequency switches 

LADOCv3 custom ASIC:
• 130nm TSMC technology
• 16-bit DAC with slow control chip configuration

• Noise and 
linearity 
performance 
similar to
ALFE, 
exceeding 
specifications 

ATLAS  Liquid Argon (LAr) Calorimeter: 
• Liquid argon based sampling calorimeter with lead (EM), copper (HEC) 

and both copper and tungsten absorbers (FCAL) [1]
• Incoming particles ionize the liquid argon. Ions and electrons created 

drift to  absorber and electrode respectively, due to voltage applied in 
liquid argon filled gap

• Triangular current pulse amplified, shaped, and sampled at 40 MHz 

Neural Net Studies: 
• Increased pileup noise expected due to 

overlapping pulse shapes in consecutive 
bunch crossings during HL-LHC will 
degrade energy, timing, and trigger 
performance

• Machine learning algorithms 
implemented on FPGA show 
improvement in energy, timing 
resolution when compared to current 
Optimal Filtering method

• Recent study: maximum of 37 NNs 
implemented on FPGA for LASP V1 can 
run at 400MHz, processing 10 channels 
each

calibration signal is injected and the electronics

Development of the ATLAS Liquid 
Argon Calorimeter Readout Electronics 
for the HL-LHC 

The image part with relationship ID rId3 was not found in the file.

Andrew Smith (Columbia University), on behalf of the 
Liquid Argon Calorimeter Group

Introduction

Energy Resolution

LAr HL-LHC Upgrade

Front-End Board 2 (FEB2) Slice Board Results

calibration signal is injected and the electronics

Off-Detector Electronics

DIS 2022: XXIX International Workshop on Deep-Inelastic Scattering and Related Subjects, 2 May – 6 May, 2022

Multi-Channel Performance: Low coherent noise between neighboring 
channels, application of Optimal Filtering yields <.2% crosstalk

Energy and timing resolution: Optimal filtering applied for energy and 
timing of shaped, digitized triangular pulses. Gaussian fits to consecutive 
measurements yield !!" < 0.1% for large pulses, exceeding specifications

COLUTAv4 ADC

HL-LHC plan:
• High Luminosity Large Hadron Collider (HL-LHC) upgrade in 2029
• Increase in instantaneous luminosity factor of 5 to 7.5 with respect to 

nominal 
• Integrated luminosity planned: up to 4000 fb-1

Version 1.1 FEB2 ‘Slice’ Tesboard: 
• Preamplifier/Shaper (LAUROC2)à ADC 

(COLUTAv3) à Optical Transceivers
• Slice board with 32 channels in the same 

density as final 128 channel FEB2
• LAr pulses from Arbitrary Wave Generator 

sent to test full FEB2 readout chain
• Energy and timing, linearity, and multi-

channel performance characterized

calibration signal is injected and the electronics
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New v4 Prototype:
• 8 channels implementing 12-bit 

Successive Approximation Register (SAR) 
with a Multiplying Digital Analog 
Converter (MDAC) to extend range

• New socketed testboard including  
ALFE2 chip for integrated testing 

calibration signal is injected and the electronics

Summary
ü On-detector and off-detector electronics being developed to handle challenges of HL-

LHC data taking conditions
ü Custom radiation-hard ASIC prototypes meet required performance specifications
ü Off-detector hardware and firmware developments show promise for handling pileup 

conditions of HL-LHC
ü FEB2 ‘Slice’ Testboard shows promising results from integration of front-end 

components
ü Excellent progress being made in LAr Phase-II Upgrade Electronics

On-Detector Electronics

ALFE2 Preamplifier/Shaper

LAr Signal Processor (LASP) LAr Timing System (LATS)

Standalone test results:
• ENOB > 11 bits for up to 18MHz 

input sine wave frequency
• Pedestal noise 1.2 ADC Counts RMS

Upgrade Motivation:
• New ATLAS TDAQ system to handle increased pileup (up to 200 

simultaneous interactions)
• Increased radiation tolerance on front-end

• Single Event Effect (SEE) characterization 
sets upper limit for continuous operation of 
8.68SEE/day for the entire system

Motivation: 
• LATOURNETT board distributes 40MHz 

LHC clock and Bunch Crossing Reset 
(BCR) signals, as well as configuration 
commands to FEB2s

• LATOURNETT schematic design is 
currently underway, with a table test 
bench recently developed

• Each LATOURNETT can connect to 72 on
detector boards, at least 26
LATOURNETT boards needed

130nm CMOS custom ASIC.
Analog processing on signals 
(amplification, CR-(RC)2
shaping), 16-bit dyn. range

Recent Radiation Testing: 
• Irradiated beyond Total Integrated Dose (TID) 

expected for HL-LHC, principal characteristics 
of the front-end remain stable

65nm CMOS custom ASIC. Digitize PA/S 
outputs at 40MHz with 14-bit dynamic 
range and > 11-bit precision 

Implement Trigger, Timing, and control 
based on LpGBT protocol for 1524 FEB2s 
and 128 Calibration boards

Calibration Board Inject calorimeter pulses to calibrate readout 
electronics with integral non-linearity <0.1%; 7.5 V 
output requires HV-CMOS

Initial Testing Results: 
• ALFE2 low to high gain peak-peak crosstalk 

<20mV with 50Ω input impedance, a 5x 
improvement over ALFE

Chip features: 
• Tuneable input impedance and time constants
• 4 channel summing for hardware trigger

• Preliminary Design Review on February 10th 2022, calibration ASICs passed all specs 
with recommendations

• New prototypes LADOCv2 and CLAROCv4 submitted, expecting improved linearity 

Hardware Developments: 
• LASP V1 test board completed with 2 

Intel Stratix-10 FPGAs
• Testing currently underway

Calculate energy and time of digitized 
waveforms  from up to 1024 channels. 
Transmit data, energy and timing at 
25Gbps to trigger and  data acquisition
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Phase-I Upgrade [2]
• LAr Trigger Digitizer Board + 

LAr Digital Processing System 
• Installed during Long 

Shutdown 2, currently being 
commissioned

• Provide trigger unit of readout
of finer transverse granularity 
+ longitudinal shower 
information

Phase-II Upgrade [3] (this poster)
• Installation of precision readout             

On-detector and Off-detector
electronics during the LHC’s                  
Long  Shutdown 3

• Radiation-hard front-end electronics
• Digitization and transmission of all data 

off-detector at 40MHz, nearly 400 times 
the current rate

Requirements: 
• Integral non-linearity <.1%
• ENI<150nA for 25Ω input 

impedance, ENI<50nA for 
55Ω input impedance

• Delayed pulses interleaved to form 
finely sampled pulse for energy and 
timing resolution measurements 

CLAROCv1 custom ASIC:
• 180 mm XFAB technology
• Pulser with 4 high-frequency switches 

LADOCv3 custom ASIC:
• 130nm TSMC technology
• 16-bit DAC with slow control chip configuration

• Noise and 
linearity 
performance 
similar to
ALFE, 
exceeding 
specifications 

ATLAS  Liquid Argon (LAr) Calorimeter: 
• Liquid argon based sampling calorimeter with lead (EM), copper (HEC) 

and both copper and tungsten absorbers (FCAL) [1]
• Incoming particles ionize the liquid argon. Ions and electrons created 

drift to  absorber and electrode respectively, due to voltage applied in 
liquid argon filled gap

• Triangular current pulse amplified, shaped, and sampled at 40 MHz 

Neural Net Studies: 
• Increased pileup noise expected due to 

overlapping pulse shapes in consecutive 
bunch crossings during HL-LHC will 
degrade energy, timing, and trigger 
performance

• Machine learning algorithms 
implemented on FPGA show 
improvement in energy, timing 
resolution when compared to current 
Optimal Filtering method

• Recent study: maximum of 37 NNs 
implemented on FPGA for LASP V1 can 
run at 400MHz, processing 10 channels 
each

2029: HL-LHC 
Data Taking

2022: Snowmass Community 
Planning Process

• High Luminosity LHC (HL-LHC) in ~2029: up to 200 simultaneous pp collisions to give better 
handle on very rare new physics processes


- ATLAS & CMS detectors: many subsystems must be upgraded for high occupancy/trigger rates


➡ As of now, we've only recorded ~5% of anticipated total lumi!
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Slice Testboard
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HL-LHC LAr On-Detector Readout
• LAr calorimeter must function for 10 years of HL-LHC operation (~3000-4000 fb-1)


- Entirely new electronics system to accommodate higher bandwidth for trigger and radiation tolerance


• Columbia responsible for the analog-digital converter (ADC) ASIC and the Front-End Board (FEB2) 
- COLUTA ADC: full custom 40 MSPS in 65nm CMOS with 8 channels 

- Slice Testboard = pre-prototype of FEB2 (32 of 128 channels)

- For large pulses, energy resolution < 0.02% (cf. spec 0.25%), timing resolution ~50 ps


➡Takeaway: custom ASICs are key for unique HEP DAQ needs; instrumentation experts/engineers are crucial
Measured Pulse Shapes

ATLAS HL-LHC Upgrade Project LAr FE, September 2, 2021 15Rui Xu, Columbia University

Measured output pulseshapes on HI (left) and LO (right) gain, as a function of the 
amplitude of the triangular input current injected into the PA/S input

LAr Pulses

COLUTA Radiation Testing

FEB2 Integra.on Study

• The Slice Testboard is the current 32-channel 

pre-prototype of the FEB2: 

– 8 PA/S ASICs

– 8 COLUTAV3 ASICs

– 8 lpGBT ASICS
• The analog performance of the Slice Testboard is 

currently being studied in detail, a few results of 

which are in the following slides

ATLAS HL-LHC Upgrade Project LAr FE, September 2, 2021 14Rui Xu, Columbia University

PDR Rec: The reviewers suggest that given the very challenging 
specifications of the ADC, the design team should take the time to fully 
characterize the Preamp/Shaper/ADC system and analyze the results prior to 
submitting the COLUTAv4, as this could lead to a production-ready chip, 
potentially saving one design iteration.

COLUTAv4Channel Implementa�on

9

MDAC

COLUTA FDR, October 7, 2022Rui Xu, Columbia University
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Future Vision

✦ How can we best exploit the unique LHC environment 
while we have it? 

✦ How can we ensure continued success of particle 
physics into the far future? 

✦ How do we foster connections among “data sciences” 
for long-term mutual benefit? 

Don’t lose sight of new scientific discovery as both 
the ultimate end goal and a real possibility!



J. Gonski6 February 2023 35

Short-Term: Run 3 at the LHC
1.  Continue searching! 

- New LLP triggers: unprecedented sensitivity to 
novel signatures, eg. via large-radius tracking


- Build out end-to-end anomaly detection search 
pipeline for ATLAS, from data acquisition to 
final results

‣ Ex. generic selection of dark QCD signatures


- Keep connecting to the Higgs: expertise within 
SLAC ATLAS group 

4 Joint Search Workshop | September 23rd 2021

LRT in a nutshell
LRT Overview

Large Radius Tracking (LRT) is an additional ID tracking pass that is run after standard tracking

• Run on leftover hits with relaxed tracking cuts: not a unique algorithm, just a reconfiguration! 
• Run III tracking configuration in Athena

Jackson Burzynski (jackson.carl.burzynski@cern.ch)

LRT track formed from 
unnassociated hits

Crucial component of many long-lived particle (LLP) searches throughout EXOT and SUSY

• With interest in LLPs growing, becoming an increasingly important aspect of ATLAS 

search program
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Simulation Preliminary  ATLAS
Displaced hadrons Standard tracks

Large radius tracks
Combined

ATL-PHYS-PUB-2017-014

*** Run II configuration ***

Standard ID track

High efficiency, but very high fake rate!

Standard Large radius

Maximum d0 (mm) 10 300
Maximum z0 (mm) 250 1500

Maximum |⌘| 2.7 5
Maximum shared silicon modules 1 2
Minimum unshared silicon hits 6 5

Minimum silicon hits 7 7
Seed extension Combinatorial Sequential

Tow
ards Run-3: U

nique Signatures

• Top physics
•

4-top event [Radbound]

•
M

onotop
[LIP/Valencia]

• M
ulti-lepton final states [Oslo]

• CW
oLa

A->BC (round 2) [1902.02634]

• Unusual jet signatures
•

Sem
i-visible jets [SVJ][2112.02864] [2006.08639]

•
Displaced jets [HDM

I]

• Pileup events [Geneva]

2 Septem
ber 2022

E. Busch
15

Sem
i-visible jet

M
ulti-lepton

DM

SM

2.  Prepare for Runs 4-5:

- Ensure successful HL-LHC detector upgrade: aim 

to keep a hand in ATLAS upgrade and operations 
(collaborating with SLAC silicon ITk responsibilities)  


- Shared interest with SLAC on precision timing & 
Run 5 potential
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Mid-Term: Instrumentation Advances 

2. LHC-adjacent LLP experiments, eg. ANUBIS: 
cover very long lifetime phase space on 
smaller budgets  

CMS HGCal data compression

8

Trigger path stage
Number 
channels

bits/channel
Average Compression 

factor
Data rate*

# links* (10.24 
Gbps)

Raw data 6M 20 1 5 Pb/s 1M

Hardware reduction 1M 7 1 300 Tb/s 60k

Threshold selection 1M 7 7 40 Tb/s 9k

The task:

The concept:

https://arxiv.org/abs/2105.01683

1. Fast ML algorithms for real-time scenarios (FPGAs, ASICs)
- Application in ATLAS data acquisition: anomaly detection trigger stream could record never-

before-seen events and handles to BSM physics 

- Many uses beyond HEP: collaborate with other directorates (ex. LCLS-II data acquisition 

upgrades, TID infrastructure) 

N. Tran

- Opportunity to pursue precision timing/
tracking ideas: could provide continuity 
for existing SLAC silicon infrastructure 
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Long-Term: Beyond the LHC
❖ Future colliders

- Colliders are unique tools! 

‣ Novel C3 opportunity taking off with SLAC 

leadership

- Personal interest in future silicon high-

granularity calorimeters & readout 
technology 


- Experienced advocate and community 
organizer for long-term strategic planning 
(eg. Snowmass, APS)


❖ Cross-field applications of fast ML/
anomaly detection across sciences

- Accelerator control & optimization, data 
reduction, eg. at LCLS 


- Model-independent/real-time 
classification, eg. DUNE, automatic phase 
identification at SSRL

McCarn Deiana, Tran, et al. Fast Machine Learning in Science
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Figure 1. The concept behind this review paper is to find the confluence of domain-specific challenges,
machine learning, and experiment and computer system architectures to accelerate science discovery.

As ML tools have become more sophisticated, much of the focus has turned to building very large
algorithms that solve complicated problems, such as language translation and voice recognition. However,
in the wake of these developments, a broad range of scientific applications have emerged that can benefit
greatly from the rapid developments underway. Furthermore, these applications have diversified as people
have to come to realize how to adapt their scientific approach so as to take advantage of the benefits
originating from the AI revolution. This can include the capability of AI to classify events in real time, such
as the identification of a collision of particles or a merger of gravitational waves. It can also include systems
control, such as the response control from feedback mechanisms in plasmas and particle accelerators. The
latency, bandwidth, and throughput restrictions and the reasons for such restrictions differ within each
system. However, in all cases, accelerating ML is a driver in the design goal.

The design of low latency algorithms differs from other AI implementations in that we must tailor
specific processing hardware to the task at hand to increase the overall algorithm performance. In particular,
certain processor cores have been configured for optimized sparse matrix multiplications. Others have been
optimized to maximize the total amount of compute. Processor design, and the design of algorithms around
processors, often referred to as hardware AI co-design, is the focus of the work in this review. For example,
in some cases, ultra-low latency inference times are needed to perform scientific measurements. One must
efficiently design the algorithm to optimally utilize the hardware constraints available while preserving
the algorithm performance within desired experimental requirements. This is the essence of hardware AI
co-design.

The contents of this review are laid out as follows. In the Section 2, we will explore a broad range
of scientific problems where Fast ML can act as a disruptive technology to the status quo and lead to a
significant change in how we process data. Domain experts from seemingly different domains are examined.

This is a provisional file, not the final typeset article 6

[2110.13041]

https://arxiv.org/abs/2110.13041
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Conclusions
• Now more than ever, particle physics has a well-diversified search effort with exciting 
discovery prospects
‣ My focus: novel search ideas and machine learning applications (long-lived particles, 

anomaly detection) 


• Performance of instrumentation is crucial… 
‣ Ensure success of ATLAS HL-LHC upgrades and brainstorm future readout advances 


• .. as is the quality of the scientific community 
‣ Key collaboration avenues beyond EPP: Technology Innovation, LCLS, Accelerator, and more 

‣ Ongoing commitment to cultivating inclusive & equitable organization of the field


• International collider research provides unique reach towards BSM prospects

- Long-term planning for future experimental program can start now! 
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LLPs in LAr: Timing
• Calculated from calorimeter samples using LAr optimal filtering coefficients (OFCs)


- Determined by middle layer maximum energy deposit (maxEcell)

- Online ~1 ns resolution, calibrate offline with W→eν/Z→ee to reach ~200 ps 
(dominated by beamspread)


• Photons from the decay of an LLP will be late with respect to the bunch crossing time: 
timing is highly discriminating for LLPs with lifetimes O(ns) 

• Coupled with high instantaneous lumi, have very dense 
environments of overlapping signals → challenging!

ATLAS DRAFT
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Figure 2: Time resolution obtained with the LAr EM calorimeter as a function of ⇢cell, the energy in the second-layer
cell with the maximum energy. The results shown were obtained using / ! 44 events recorded in 2018, for electrons
in the EMB calorimeter with |[ | < 0.4, and for both the High and Medium gain readout scales. Similar results are
obtained over the full Run 2 data set and for the full coverage of the EM calorimeter. For more details, see the text.

5.1 Object selection292

The reconstruction and identification of electrons and photons are described in Ref. [42]. Shape variables293

computed from the lateral and longitudinal energy profiles of the EM showers in the calorimeter are used294

to identify photons and electrons and to discriminate against backgrounds.295

Photons are required to satisfy ?T > 10 GeV and |[ | < 2.37, excluding the region 1.37 < |[ | < 1.52 which296

corresponds to the transition region between the EM barrel (EMB) and EM endcap (EMEC) calorimeters.297

In addition, to reduce the probability of jets misidentified as photons, photons are required to satisfy both298

calorimeter-based and track-based isolation requirements. The calorimeter isolation variable is defined299

as the energy of calorimeter clusters around the photon candidate in the EM calorimeter in a radius of300

�' < 0.2, excluding the contribution from the photon shower in a fixed window. Additional corrections301

based on the leakage of photon energy outside this window, pile-up and the underlying event contribution302

are applied [43]. The calorimeter isolation is required to be less than 6.5% of the photon transverse energy.303

The track-based isolation variable is defined as the scalar sum of the ?T of all tracks with ?T > 1 GeV304

within �' < 0.2 of the photon candidate. The track isolation variable is required to be less than 5% of the305

photon transverse energy.306

A set of photon selection criteria, designed for high e�ciency and modest background rejection, defines307

the so-called Loose photon identification used in this analysis. The Loose photon identification does not308

apply requirements on the EM shower shape in the first (strips) layer of the EM calorimeter, but uses only309

variables that describe the shower shape in the second layer of the EM calorimeter and leakage into the310

hadronic calorimeter. The Loose photon identification thereby minimizes the bias against identification of311

non-pointing photons. Some studies use the Medium photon working point, which adds a requirement on312

one shower shape variable in the strips layer. Detailed descriptions of both Loose and Medium photon313

identification criteria can be found in Ref. [42].314

Electrons are reconstructed by matching tracks in the ID to topological calorimeter clusters formed using315

the same dynamical, topological cell clustering-based algorithm as in the photon reconstruction [42].316

17th February 2022 – 21:11 10
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ATLAS DRAFT

which results from the longitudinal profiles of the proton bunches along the LHC beamline. The combined236

smearing contributions are tuned to match the time performance observed in data using electrons since,237

due to their similar EM shower developments, electrons have similar timing performance as photons. The238

correlated and uncorrelated contributions to the time measurement are deconvolved by studying the times239

of electron-positron pairs in events from the / ! 44 selection.240

In order to exploit the correlation of the timing between two photons produced in the same parent decay,241

the final analysis variable is the average of the times of the two leading photons (W1 and W2), defined as242

Cavg = (CW1 + CW2)/2. The distribution of Cavg that is expected in the signal region as defined in Section 5, for243

data and several representative simulated signals, is shown in Figure 3.
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Figure 3: Distribution of the average timing (Cavg) for the expected background in the signal region, obtained by
transforming data templates from the CR according to the background estimation procedure. Superimposed are the
expected distributions for representative signal models in the SR, labeled by the j̃

0
1 mass (in GeV) and lifetime (in

ns), as well as the decay channel to � or / .

244

4.2 Vertexing245

The precise spatial resolution and segmentation of the LAr calorimeter provides geometrical information246

about the origin and direction of travel of EM objects. In contrast to standard vertexing methods which rely247

on tracking information from charged particles passing through the inner detector, this analysis uses a novel248

method called calo-vertexing, where the diphoton production vertex is localized using only information249

from the LAr calorimeter. Calo-vertexing is the only way that unconverted photons can be vertexed, while250

also providing enhanced acceptance for highly displaced electrons that do not have associated tracks.251

For |[ | < 2.5, the LAr EM calorimeter is segmented into three layers in depth that can be used to measure252

the longitudinal profile of the shower. The first layer uses highly granular “strips” segmented in the [253

direction, with a typical transverse segmentation of �[ ⇥ �q = 0.003 ⇥ 0.1 in the barrel, allowing for254

e�cient discrimination between single photon showers and two overlapping showers from the decay of255

a c
0 meson. The second layer has a typical transverse segmentation of �[ ⇥ �q = 0.025 ⇥ 0.025, and256

collects most of the energy deposited in the calorimeter by EM showers initiated by electrons or photons.257

Very high energy EM showers can leave significant energy deposits in the third layer, which can also be258

used to correct for energy leakage beyond the EM calorimeter.259

September 21, 2022 – 13:23 8



J. Gonski6 February 2023

Displaced Diphoton Vertices
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ATLAS DRAFT

Auxiliary material734
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Figure 12: Illustrative definitions of the analysis regions after preselection. The SR focuses on phase space with
high ⇢

miss
T , low <WW , and two photons with positive times. Data templates for the background estimation are drawn

from the orthogonal CR, which contains events with low ⇢
miss
T and high <WW . Three orthogonal VRs are defined to

validate the extrapolation of the background estimation over ⇢miss
T (VR(⇢miss

T )C>0, where both photons have positive
times, and and VR(⇢miss

T )C<0, where both photons have negative times), as well as over the sign of the times of both
photons (VR(C)).

m(c̃0
1 ) [GeV]

95
%

C
.L

.l
im

it
on

s
(p

p�
c̃0 1

c̃0 1
)

[fb
]

B(c̃0
1 � H + G̃) =1

t(c̃0
1) = 2 ns

H � gg final state

m(c̃0
1 ) [GeV]

95
%

C
.L

.l
im

it
on

s
(p

p�
c̃0 1

c̃0 1
)

[fb
]

B(c̃0
1 � Z + G̃) =1

t(c̃0
1) = 2 ns

Z � e+e� final state

Figure 13: Observed and expected 95% CL limits on the cross-section for pair production of long-lived j̃
0
1 particles
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0
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0
1 lifetime equal to 2 ns. Straight lines are drawn between the results for the

discrete signal models simulated. The plot on the left [right] corresponds to the results for the � ! WW (/ ! 44)
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0
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LLPs Towards Run 3
• Run 2 Highlights 

- LLPs → e/ɣ objects 

- Displaced (high d0) leptons: 

exclude pair-produced slepton 
decays up to ~500 GeV for ~0.1 ns 
lifetimes (flavor dependent) using 
extended tracking out to 30cm

[PRL 127 (2021) 051802] 

account for any discrepancies that cannot be studied in data.
This uncertainty increases with displacement and is
0.5%–5% (3%–27%) for muons (electrons). It is larger
for electrons due to identification challenges introduced by
the ambiguity in the detector signatures of electrons,
photons, and converted photons. Theoretical uncertainties
include cross section uncertainties of 2%–6% and effects of
varying the factorization and renormalization scales < 5%.
Other uncertainties, including the impact of pileup on
signal selection, luminosity uncertainty [81,82], and uncer-
tainty from the filtering selection used for the extended
track reconstruction, contribute at < 2%.
Zero events are observed in each of the three signal

regions, consistent with the background predictions shown
in Table II. As no excess of events is observed, exclusion
limits on the l̃ masses are derived at 95% confidence
level (C.L.) following the C:L:s prescription [83]. The
HISTFITTER package [84] is used for statistical interpreta-
tion, and all systematic uncertainties are treated as Gaussian
nuisance parameters during the fitting procedure. SR-ee
and SR-μμ are fit individually to calculate limits on GMSB
SUSY models with a ẽ or μ̃ NLSP, while τ̃ NLSP and co-
NLSP limits are obtained using a simultaneous fit of all
three signal regions. All uncertainties other than statistical
are treated as correlated across the orthogonal regions.
Limits on long-lived l̃ production are presented in Fig. 2,

where expected and observed exclusion contours as a
function of l̃ mass and lifetime are shown. For a lifetime
of 0.1 ns, ẽNLSP, μ̃NLSP, τ̃ NLSP, and co-NLSP scenarios
are excluded for l̃ masses up to 720, 680, 340, and
820 GeV, respectively, for the case where the superpartners
of the left- and right-handed leptons are mass degenerate.
For a direct comparison with the previous best limits
available from LEP, superpartners of right-handed electrons
(ẽR), muons (μ̃R), and left-handed τ-leptons (τ̃L) are
excluded up to 580, 550, and 280 GeV, respectively, for
lifetimes of 0.1 ns. This result probes GMSB l̃ production
for the first time in this lifetime range at the electroweak
scale and approaching the TeV scale. Furthermore, as no
requirements were made on missing energy, displaced
vertices, or jets, this result is model independent and
applicable to any BSMmodel producing high-pT displaced
leptons.

We thank CERN for the very successful operation of the
LHC, as well as the support staff from our institutions
without whom ATLAS could not be operated efficiently.
We acknowledge the support of ANPCyT, Argentina;
Yerevan Physics Institute, Armenia; ARC, Australia;
BMWFW and FWF, Austria; ANAS, Azerbaijan; SSTC,
Belarus; CNPq and FAPESP, Brazil; NSERC, NRC, and
CFI, Canada; CERN; Agencia Nacional de Investigación y
Desarrollo, Chile; CAS, MOST, and NSFC, China;
COLCIENCIAS, Colombia; MSMT CR, MPO CR, and
Committee for Collaboration of the Czech Republic with
CERN, Czech Republic; DNRF and DNSRC, Denmark;
IN2P3-CNRS and CEA-DRF/IRFU, France; Shota
Rustaveli National Science Foundation of Georgia,
Giorgia; BMBF, HGF, and MPG, Germany; GSRT,
Greece; RGC and Hong Kong SAR, China; ISF and
Benoziyo Center, Israel; INFN, Italy; MEXT and JSPS,
Japan; CNRST, Morocco; NWO, Netherlands; Research
Council of Norway, Norway; MNiSW and NCN, Poland;
FCT, Portugal; MNE/IFA, Romania; JINR; Ministry of
Education and Science of the Russian Federation, Russian
Federation and NRC KI, Russian Federation; Ministry of
Education, Science and Technological Development,
Serbia; Ministry of Education, Science, Research and
Sport, Slovakia; ARRS and Ministry of Education,

TABLE II. The expected and observed yields in the signal
regions. Combined statistical and systematic uncertainties are
presented. Estimates are truncated at 0 if the size of measured
systematic uncertainties would yield a negative result.

Region SR-ee SR-μμ SR-eμ

Fakeþ heavy-flavor 0.46" 0.10 <10−4 0.007þ0.019
−0.007

Cosmic-ray muons # # # 0.11þ0.20
−0.11 # # #

Expected background 0.46" 0.10 0.11þ0.20
−0.11 0.007þ0.019

−0.007
Observed events 0 0 0
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FIG. 2. Expected (dashed lines) and observed (solid lines)
exclusion contours for ẽ NLSP, μ̃ NLSP, τ̃ NLSP, and co-NLSP
production as a function of the slepton l̃ mass at 95% C.L.
Selectrons ẽL;R and smuons μ̃L;R are the superpartners of the left-
and right-handed electrons and muons, respectively. Staus τ̃1;2 are
the mixed states of the superpartners of the left- and right-handed
τ leptons, with mixing angle sin θτ̃ ¼ 0.95. The different l̃ chiral
states are assumed to be mass degenerate.
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LRT in a nutshell
LRT Overview

Large Radius Tracking (LRT) is an additional ID tracking pass that is run after standard tracking

• Run on leftover hits with relaxed tracking cuts: not a unique algorithm, just a reconfiguration! 
• Run III tracking configuration in Athena

Jackson Burzynski (jackson.carl.burzynski@cern.ch)

LRT track formed from 
unnassociated hits

Crucial component of many long-lived particle (LLP) searches throughout EXOT and SUSY

• With interest in LLPs growing, becoming an increasingly important aspect of ATLAS 

search program
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Combined

ATL-PHYS-PUB-2017-014

*** Run II configuration ***

Standard ID track

High efficiency, but very high fake rate!

Standard Large radius

Maximum d0 (mm) 10 300
Maximum z0 (mm) 250 1500

Maximum |⌘| 2.7 5
Maximum shared silicon modules 1 2
Minimum unshared silicon hits 6 5

Minimum silicon hits 7 7
Seed extension Combinatorial Sequential

June 16th, 2021 Jonathan D. Long (UIUC) 3

Some History and a Goal

● Some inspiration from a recent displaced lepton SUSY paper (SUSY-2018-14)

Run 2 Trigger Scheme

ATR-20505: Run 3 request for
● 2mu40_msonly
● mu40_msonly_g40_loose

Goal: trigger directly on displaced 
objects with lower thresholds and 

better coverage

•❗ New for Run 3: 
- Large radius tracking: additional ID tracking pass run after 

standard tracking on leftover hits with relaxed tracking cuts 

- Displaced lepton triggers: considerable expansion of trigger 

acceptance d0 and lower pT threshold by including LRT 

Run 2 Displaced Leptons

*no tracking in triggers

*

https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.127.051802
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VRNN Architecture

43

• Variational RNN: recurrent neural network (RNN) that 
updates a VAE latent space at each time step; 
accommodates variable-length input sequences


• Define anomaly score per jet as a function of the KL 
divergence loss term: 


• Train directly on data (avoid data/MC discrepancies in QCD) 

AS = 1 − e−DKL

also included which weights the KL-Divergence term’s contribution to the loss.174

L(t) = |y(t)� x(t)|2 + �DKL(z||zt) (10)

An overall loss L over the sequence is then computed by averaging the individual time-step175

losses over the length of the sequence N176

L =
L(t)
N

(11)

This loss function performs the same role as the VAE’s loss function, acting both as an appropri-177

ate means of optimizing the architecture as well as a discriminatory quantity between nominal178

and anomalous elements of the dataset.179
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Figure 3: A Variational Recurrent Neural Network cell.

The details of the VRNN architecture used in this study are as follows: The number of neu-180

rons in each intermediate layer, including the hidden state and feature extracting layers, but181

not including the latent space and its µ and � layers, is 16. The latent space is chosen to be182

two-dimensional. Since constituent four-vectors of jets are being modeled, the input x(t) and183

output y(t) layers are three dimensional, corresponding to the pT , ⌘,and � of each constituent.184

ReLU [13] activations are used in each layer of the network, except for � and �t, which have185

softmax [13] activations, and z and y(t), which have linear activations.186

The constituents of an input jet are processed sequentially, one per time-step. Each time-step187

6

Latent Space (Gaussian)

Hidden State = 

long-term 

representation of info 
over sequence 

Input 

(constituent 4-

vectors)

Output

(constituent 4-

vectors)

Feature extracting layers

using a recurrent architecture, the model in this study has been chosen to be one which combines137

the recurrent property of RNNs with the VAE’s ability to perform variational inference.138

The Variational Recurrent Neural Network (VRNN) used in this study is a sequence modeling139

architecture which replaces the encoder-decoder step of a traditional RNN with a VAE. An140

illustration of one VRNN cell can be seen in Figure 3. In this model, the VAE’s input at each141

time-step is given as the vector x(t), which is then encoded and decoded into an output vector142

y(t) which can be compared to x(t) via the reconstruction loss. The �x and �z layers represent143

feature-extracting layers, which are interpreted as learned representations of the features of the144

input x(t) and the encoded latent space distribution z(t), respectively. After each time-step,145

the hidden state is updated via a recurrence relation, in which the current hidden state h(t� 1)146

and the current set of extracted features �x and �z produce an updated hidden state h(t) via the147

following equation [10]:148

h(t) = f(�x,�z, h(t� 1)) (6)
Performing this particular step is the primary function of traditional RNN architectures such as149

Long Short-Term Memory Networks (LSTMs) [11] and Gated Recurrent Units (GRUs) [12].150

The VAE present in each cell of the VRNN notably differs from conventional VAEs in the151

following ways:152

1. The encoder and decoder are conditioned on the current time-step’s hidden state. This153

is represented by the concatenation operation between the hidden state h(t � 1) and the154

feature-extraction layers �x and �z.155

2. The prior from which the KL-Divergence is computed is no longer a unit Gaussian at the156

origin, but rather a multivariate Gaussian whose means and variances in each dimension157

are determined from the current time-step’s hidden state.158

The inclusion of a learned, time-dependent prior distribution is an important component of the159

VRNN architecture. Without this feature, the decoder network would only be able to access160

information about the current time-step from the hidden state, and the loss function would161

motivate the posterior distributions for each time-step to be identical. As a result, this allows162

the VRNN the flexibility to model complex structured sequences with high variability, as is163

expected from a jet represented by a sequence of constituent four-vectors. In more detail, each164

time-step’s latent space prior distribution parameters µt and �t are functions of the current time-165

step’s hidden state:166

zt ⇠ N (µt, �t), where µt, �t = f prior(ht�1) (7)
Similarly, the latent space approximate posterior is defined by parameters µ and � which are167

functions of the input’s extracted features �x and the hidden state ht�1168

z ⇠ N (µ, �), where µ, � = f post.(�x, ht�1) (8)

The generated output is then decoded from features extracted from the latent space distribution169

�z = f(z), while also being conditioned on the hidden state170

y(t) = fdec(�z, h(t� 1)) (9)

A loss for each time-step L(t) can then be computed by incorporating both the reconstruction171

error between the input constituent x(t) and generated output constituent y(t), as well as the172

KL-Divergence between the approximate posterior z and the learned prior zt. A constant � is173

5

Hidden
layer 1

Input
layer

Latent
layer

Hidden
layer 2

Output
layer

µ

�

z = µ+ �✏

x y

Figure 2: A Variational Autoencoder with a Gaussian latent space parametrization.

Divergence term in the loss function motivates the architecture to more appropriately model110

unique classes of data. It also acts as another discriminatory metric, as anomalous elements are111

expected to have both a large reconstruction error and a large KL-Divergence when compared112

to nominal elements.113

While VAEs have shown promise in the task of jet-level anomaly detection, they have a number114

of drawbacks. Most notably, VAEs are a fixed-length architecture, and cannot accommodate a115

variable number of inputs. When modeling jets via their constituent four-vectors, it becomes116

necessary to only process at most N constituents, and zero-pad the input layer when processing117

a jet with a number of constituents less than N . In classifier models, this is common and118

benign, as the loss function depends only on the output of the network and the ground truth that119

it is trying to reproduce. However, in a VAE, the input layer’s neuron values are a part of its120

loss function (due to the MSE loss between the input and output layers). Therefore, the zero121

padded elements directly correlate with the value of the loss function. This introduces a direct122

correlation between the VAE loss and the number of constituents in the input jet, which can be123

difficult to remove.124

2 Variational Recurrent Neural Network125

A recurrent architecture naturally circumvents this drawback since it is designed to accommo-126

date inputs of varying length. In a Recurrent Neural Network (RNN), data is input as a sequence127

of features. Each feature has the same fixed dimensionality, yet the sequence itself can vary in128

length. The RNN is comprised of a chain of small fixed architectures, or cells, which expect as129

inputs the fixed-length feature at each element, or time-step, in the sequence. While process-130

ing the sequence, the RNN updates a hidden state at each time-step, which is carried over and131

accessed by the cell during the following time-step. The hidden state stores a long-term repre-132

sentation of information within the sequence, and is the key feature allowing RNNs to process133

sequential data of varying length. The RNN cell then acts as an encoder-decoder architecture134

which inputs the current time-step’s feature and hidden state, and outputs an updated hidden135

state, along with an output feature if desired. In the interest of performing anomaly detection136

4

posteriorprior

origin, but rather a multivariate Gaussian whose means and variances in each dimension are
determined from the current time-step’s hidden state.

The inclusion of a learned, time-dependent prior distribution is an important component of the
VRNN architecture. Without this feature, the decoder network would only be able to access in-
formation about the current time-step from the hidden state, and the loss function would motivate
the posterior distributions for each time-step to be identical. As a result, this allows the VRNN the
flexibility to model complex structured sequences with high variability, as is expected from a jet
represented by a sequence of constituent four-vectors. In more detail, each time-step’s latent space
prior distribution parameters µt and �t are functions of the current time-step’s hidden state [13]:

zt ⇠ N (µt, �t), where µt, �t = fprior(ht�1). (2.2)

Similarly, the latent space approximate posterior is defined by parameters µ and � which are func-
tions of the input’s extracted features �x and the hidden state ht�1:

z ⇠ N (µ, �), where µ, � = fpost.(�x, ht�1). (2.3)

The generated output is then decoded from features extracted from the latent space distribution
�z = f(z), while also being conditioned on the hidden state:

y(t) = fdec(�z, h(t � 1)). (2.4)

A loss for each time-step L(t) can then be computed by incorporating both the reconstruction
error between the input constituent x(t) and generated output constituent y(t), as well as the KL-
Divergence between the approximate posterior z and the learned prior zt. A constant � is also
included which weights the KL-Divergence term’s contribution to the loss:

L(t) = |y(t) � x(t)|2 + �DKL(z||zt). (2.5)

An overall loss L over the sequence is then computed by averaging the individual time-step losses
over the length of the sequence N :

L =
L(t)

N
. (2.6)

This loss function performs the same role as the VAE’s loss function, acting both as an appropriate
means of optimizing the architecture as well as a discriminatory quantity between nominal and
anomalous elements of the dataset.

– 6 –

Mean-squared 
reconstruction error

Kullback-Leibler 
Divergence
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• VRNN for anomalous jet tagging developed in simulation via the 
LHC Olympics community anomaly detection challenge 
[2101.08320]


• Achieve sensitivity with resulting jet-level anomaly score to both 2- 
and 3-particle decays over QCD/multijet


➡VRNN paper published using this dataset [2105.09274]

VRNN in Action

J. Gonski14 July 2021

Results: 2-Prong Signal

�10

•Perform bump hunt on mJJ with selection on Event Score = max of two leading jet 
Anomaly Scores 
•Dataset = background + 1% signal contamination 
➡ Enhance a 0.5σ two-prong signal excess to 4.0σ solely from an Event Score cut 
at 0.65 

➡ Enhance a 0.5σ three-prong excess to 1.5σ using the same score

Figure 13. Two-prong dijet mass distributions before (left) and after (right) requiring the Event Score to ex-
ceed a value of 0.65, at a signal contamination of 1.0%. The Event Score selection provides an improvement
in signal sensitivity from 0.5� to 4� while retaining the smoothly falling background distribution.

Figure 14. Three-prong dijet mass distributions before (left) and after (right) requiring the Event Score to ex-
ceed a value of 0.65, at a signal contamination of 1.0%. The Event Score selection provides an improvement
in signal sensitivity from 0.5� to 1.5� while retaining the smoothly falling background distribution.

– 19 –

No cut Event Score > 0.65mJJ, QCD + signal

Benjamin Nachman

The LHC Olympics 2020: 
A Community Challenge for Anomaly 

Detection in High Energy Physics

Deep Convolutional Architectures for  
Jet-Images at the Large Hadron Collider

Introduction 
The Large Hadron Collider (LHC) at CERN is the largest and most powerful particle accelerator in 
the world, collecting 3,200 TB of proton-proton collision data every year. A true instance of Big 
Data, scientists use machine learning for rare-event detection, and hope to catch glimpses of new 
and uncharted physics at unprecedented collision energies.  

Our work focuses on the idea of the ATLAS detector as a camera, with events captured as 
images in 3D space. Drawing on the success of Convolutional Neural Networks in Computer 
Vision, we study the potential of deep leaning for interpreting LHC events in new ways.

The ATLAS detector 
The ATLAS detector is one of the two general-purpose experiments at the LHC. The 100 million 
channel detector captures snapshots of particle collisions occurring 40 million times per second. 
We focus our attention to the Calorimeter, which we treat as a digital camera in cylindrical space. 
Below, we see a snapshot of a 13 TeV proton-proton collision.

LHC Events as Images 
We transform the ATLAS coordinate system (η, φ) to a rectangular grid that allows for an image-
based grid arrangement. During a collision, energy from particles are deposited in pixels in (η, φ) 
space. We take these energy levels, and use them as the pixel intensities in a greyscale analogue. 
These images — called Jet Images — were first introduced by our group [JHEP 02 (2015) 118], 
enabling the connection between LHC physics event reconstruction and computer vision.. We 
transform each image in (η, φ), rotate around the jet-axis, and normalize each image, as is often 
done in Computer Vision, to account for non-discriminative difference in pixel intensities.  

In our experiments, we build discriminants on top of Jet Images to distinguish between a 
hypothetical new physics event, W’→ WZ, and a standard model background, QCD.  

Jet Image

Convolution Max-Pool Convolution Max-Pool Flatten

Fully  
Connected 
ReLU Unit

ReLU Dropout ReLU Dropout
Local 

Response 
Normalization

W’→ WZ event

Convolutions
Convolved  

Feature Layers

Max-Pooling

Repeat

Physics Performance Improvements 
Our analysis shows that Deep Convolutional Networks significantly improve the classification of 
new physics processes compared to state-of-the-art methods based on physics features, 
enhancing the discovery potential of the LHC.  More importantly, the improved performance 
suggests that the deep convolutional network is capturing features and representations beyond 
physics-motivated variables.  

Concluding Remarks 
We show that modern Deep Convolutional Architectures can significantly enhance the discovery 
potential of the LHC for new particles and phenomena. We hope to both inspire future research 
into Computer Vision-inspired techniques for particle discovery, and continue down this path 
towards increased discovery potential for new physics.

Difference in average 
image between signal 

and background

Deep Convolutional Networks 
Deep Learning — convolutional networks in particular — currently represent the state of the art in 
most image recognition tasks. We apply a deep convolutional architecture to Jet Images, and 
perform model selection. Below, we visualize a simple architecture used to great success.  

We found that architectures with large filters captured the physics response with a higher level of 
accuracy. The learned filters from the convolutional layers exhibit a two prong and location based 
structure that sheds light on phenomenological structures within jets. 

Visualizing Learning 
Below, we have the learned convolutional filters (left) and the difference in between the average 
signal and background image after applying the learned convolutional filters (right). This novel 
difference-visualization technique helps understand what the network learns.

2D  
Convolutions 
to Jet Images

Understanding Improvements 
Since the selection of physics-driven variables is driven by physical understanding, we want to be 
sure that the representations we learn are more than simple recombinations of basic physical 
variables. We introduce a new method to test this — we derive sample weights to apply such that 

meaning that physical variables have no discrimination power. Then, we apply our learned 
discriminant, and check for improvement in our figure of merit — the ROC curve.

Standard physically motivated 
discriminants — mass (top)  
and n-subjettiness (bottom)

Receiver Operating Characteristic

Notice that removing out the individual effects of 
the physics-related variables leads to a likelihood 
performance equivalent to a random guess, but 
the Deep Convolutional Network retains some 
discriminative power. This indicates that the deep 
network learns beyond theory-driven variables — 
we hypothesize these may have to do with 
density, shape, spread, and other spatially driven 
features.

Luke de Oliveiraa, Michael Aaron Kaganb, Lester Mackeyc, Benjamin Nachmanb, Ariel Schwartzmanb 
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Neural Net H→  Taggingbb̄
• Neural net-based double b-tag algorithm to select Higgs vs. dijet or top backgrounds 
[ATL-PHYS-PUB-2020-019]


- Train over large-R jet pT/η and up to 3 subjet b-tagging scores

- Outputs: three class probabilities → discriminant DHbb


➡ Tag Higgs boson using 60% WP and ftop=0.25 as per central FTag recommendation

J. Gonski8 February 2021 �21

Xbb2020
•Neural net-based double b-tag algorithm to select Higgs vs. dijet or top 

- Inputs = large-R jet pt & η, DL1r info of up to three leading subjets 
- Outputs: three class probabilities → discriminant DXbb

•HbbTagTool available in AB ≥ 21.2.108 to add output score decorations 
- Requirements: 201903 DL1r training (on VR track jets), ghost VR association link 

(see eg. FTAG5) 
• Implementation, recommendation, and calibration details on BoostedXbbTagging twiki

J. Gonski15 September 2020 �3

Xbb2020
•Neural net-based double b-tag algorithm to select Higgs vs. dijet or top 

- Inputs = large-R jet pt & η, DL1r info of up to three leading subjets 
- Outputs: three class probabilities → discriminant DXbb

•HbbTagTool available in AB ≥ 21.2.108 to add output score decorations 
- Requirements: 201903 DL1r training (on VR track jets), ghost VR association link (see 

eg. FTAG5) 

➡ Next step: recommendation. What WPs to offer/calibrate? (PUB used 60%) 
- Analysis feedback collected in multi-group survey 

ATLAS DRAFT

Figure 2: The model output. not reweighted yet

cl, bc, bl and bb. Jets from the top samples are dominated by the bl component, followed by ll, with107

additional contributions from bb, cl and cc.108

The DL1r algorithm supplies three predictions corresponding to the b-jet, c-jet, and light jet probability for109

each subjet. The algorithm for double-b-tagging combines the three DL1r predictions for up to three VR110

track-jets in each large-R jet. In addition to b-tagging information, the pT and ⌘ of the large-R jets is used111

as input. For training, the distributions of the transverse momentum of the large-R jets are resampled such112

that they match for all processes, preventing the model from learning the di�erent kinematic properties of113

the jets as well as avoiding the introduction of jet weights in the network.114

The model used for double-b-tagging is a fully connected deep neural network, with 6 fully connected115

hidden layers with rectified linear units [16]. did Wei use dropout or batch norm?.A final softmax layer is116

used to predict one of three class outputs: pH , pQCD and pt . The model was trained using the stochastic117

gradient descent with early stopping on ����� [17] and ���������� [18] backend.118

5 Performance119

The performance of the new algorithm is evaluated in terms its e�ciency for H ! bb̄ tagging and corre-120

sponding background rejection (1/e�ciency), considering either top or multijet processes as backgrounds.121

The three class output can be combined into a single discriminant variable defined as follows:122

DXbb = ln
pH

ftop · pt + (1 � ftop) · pQCD
(1)

where ftop determines the fraction of top background. A di�erent definition can be used in order to perform123

top tagging against a multijet background. Both the Higgs and top samples are reweighted such that their124

jet pT distribution matches the QCD jet pT spectrum as shown in Figure ??.125

Figure 2(a) shows the discriminant calculated for jets in the Higgs, top and multijet samples, for a ftop126

value of 0.25. For comparison, the minimum DL1r discriminant is shown on Figure 2(b).127

Figure 3 shows the signal e�ciency and corresponding background rejection, for several cut values of128

DXbb, evaluated for either multijet or top backgrounds and for ftop = 0, 0.25. The same cuts described129

April 13, 2020 – 16:57 5
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Figure 2: The discriminant distribution, for the double b-tagging algorithm DXbb (left) and DL1r benchmark (right).

where ftop determines the fraction of top background, set to ftop = 0.25 unless otherwise specified.130

Variations 1 can be tuned to select any of the three large-R jet species in various proportions. Figure 2131

shows this discriminant calculated for jets in the Higgs, top and multijet samples.132

Both DL1r and MV2 can identify boosted Higgs candidates by requiring discriminants over a given133

threshold for the two highest pT subjets, or, equivalently, requiring that the minimum discriminant value134

between those two jets be above the same threshold. For comparison, figure 2 also shows the minimum135

DL1r discriminant value for the two highest pT subjets, corresponding to a two–b-tag requirement.136

Evaluation of the DXbb performance is performed on samples with all the selection criteria from Section 3,137

as well as the Higgs mass requirement defined in Section 4. Both the Higgs and top samples are reweighted138

such that their jet pT distribution matches the multijet pT spectrum as shown in Figure 1.139

Jets are considered tagged when either DXbb or the minimum of the two subjet discriminants are above140

some fixed threshold. Figure 10 shows the signal e�ciency and corresponding background rejection for141

all possible values of this threshold, evaluated for either multijet or top backgrounds. For the full range142

of signal e�ciencies, DXbb achieves a higher multijet and top background rejection when compared to a143

DL1r double–b-tag. Specifically, DXbb achieves multijet (top) rejection of 94 (27) at a signal e�ciency of144

60%, an increase of a factor of 2.0 (2.5) with respect to DL1r. Figure 4 shows the relative improvement of145

background rejection of DXbb over the MV2 algorithm as a function of large-R jet pT and H ! bb̄ tagging146

e�ciency.147

Assuming a fixed tagging threshold, both background rejection and signal e�ciency is expected to vary as148

a function of large-R jet pT. The choice of tagging threshold is arbitrary, however, and can be varied as a149

function of pT. To remove this extra degree of freedom and quantify the discrimination power of each150

tagger, figure 5 shows the rejection of multijet and top backgrounds with the tagging threshold adjusted to151

60% Higgs e�ciency across the full pT spectrum.152

Since the DXbb algorithm was not trained on features that are strongly correlated with large-R jet mass,153

such as substructure variables, the correlation of DXbb and mass is expected to be small. Figure 6 shows154

the shape of the large-R jet mass distribution, before and after selection on DXbb on the H ! bb̄ and dijet155

samples, as a function of large-R jet mass. In this case a single tagging threshold is chosen to give a 60%156

June 10, 2020 – 08:55 6
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Figure 3: Multijet (left) and top-jet (right) rejection as a function of the H ! bb̄ tagging e�ciency, for large-R
(R = 1.0) jet pT > 500 GeV. Performance of the DXbb algorithm is compared to DL1r and to two variants of MV2,
one evaluated on variable-radius (VR, ⇢ = 30 GeV) jets, the other on fixed-radius (FR, R = 0.2) jets. The e�ciency
and rejection are calculated with respect to jets that have already passed pT, ⌘, and mass preselection requirements.

Figure 4: Relative improvement in multijet rejection (left) and top (right) jet rejection as a function of the minimum
large-R jet pT and the H ! bb̄ tagging e�ciency. The baseline algorithm is the minimum MV2 score for the two
leading variable-radius track-jets, while the new algorithm is DXbb with a top fraction ftop = 0.25. The e�ciency and
rejection are calculated with respect to jets that have already passed pT, ⌘ and mass preselection requirements.

The improvements of DXbb become more significant as the jet pT increases, where the decay product162

subjets of the boosted Higgs or top are more likely to be fully contained within the R = 1.0 jet. This163

improvement is illustrated in Figure 4, which shows the relative improvement of background rejection of164

DXbb over the MV2 algorithm as a function of the minimum large-R jet pT and H ! bb̄ tagging e�ciency.165

In both Figures 3 and 4, the tagger performance is heavily influenced by the performance of jets near the166

lower pT threshold, due to the falling pT spectrum shown in Figure 1.167

The pT dependence of the various taggers is further illustrated in Figure 5, which shows the rejection of168

multijet and top jet backgrounds with the tagging threshold adjusted to 60% Higgs e�ciency in each pT169

bin. Across the majority of the pT spectrum DXbb rejects more multijet and top jets than DL1r, which in170

August 7, 2020 – 09:26 7

SR

https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2020-019/
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Analysis Flow
1. Large-R jet trigger: J1(pT) > 

500 GeV and mJJ > 1.3 TeV

2. Ambiguity resolution: jet with 

highest DHbb score is Higgs 
candidate


3. X-tagging: AS of X candidate 
> 0.5 (plus 2-prong regions)


4. Higgs tagging: DHbb of H 
candidate > 2.44


‣  SR selection: 75 < mH < 145 
GeV


‣  Background estimation: 
DNN-derived reweights for 
untagged high sideband 
(HSB0→HSB1) 


‣  Validation: low sideband 
(LSB)

VR

CR
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Background Estimation
• Fully data-driven background estimation (~97% multijet processes)

• Derived from data template in high Higgs mass sideband that fails H tagger score, reweighted to 
shape in H-tagged region


• Build DNN to provide a reweight for each event

- 3 fully-connected inner layers, 20 neurons each 

- Train inclusively in X-tagging over variables associated to the Higgs large-R jet (4 vector, 4-vectors of 

leading & subleading track jets associated to Higgs, # tracks)

- Minimized on log-likelihood ratio of tagged to untagged regions’


• Systematics on DNN training region, statistical power of training sample, LSB non-closure

These weights are validated using data from the LSB. Figure 6 shows the impact of the reweighting on
distributions of several key analysis variables, using the two-prong merged LSB VR as an example region.
Three curves are shown in total, comparing the LSB0 data before and after DNN reweighting is applied to
the target data distribution in LSB1. These variables are chosen to focus on kinematic variables over which
the background estimation is extrapolated to generate the SR prediction. Good agreement is observed of
the reweighted shapes to the true tagged data in all distributions, suggesting a robust background model.
As the training is performed inclusively of the --tagging, the same conclusion holds for the anomaly and
two-prong resolved LSB regions. Further, as the reweighting is applied to <�� distributions after the X
tagging selection is applied, no extrapolation across ⇡CA :

2 or AS is required, and the method shows similar
background modeling across all three SRs. Any minor residual di�erences between predicted background
and data are covered in the SR by the non-closure systematic uncertainty, described in Section 6.
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Figure 6: Distribution of the H candidate � ?T (a) and [ (b), along with the mass of �- (c) and <�� (d) in the merged
LSB validation region, overlaying data from LSB1 with the data in LSB0 shown before (orange) and after (red)
reweighting. The ratio of the LSB1 data to both the LSB0 data (orange) and the reweighted LSB0 data (red) is shown
in the lower panel. Error bars indicate statistical uncertainties.

6 Systematic uncertainties

Systematic uncertainties are applied to both the data-driven background and the simulated signal. All
background uncertainties are derived using an <�� shape that is inclusive in <-, and applied to each

12

LSB Validation

m(X) m(XH)
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Y→XH Statistical Analysis
• Fit mY across overlapping categories of mX


- Bins chosen based on signal mass resolution


• Use BumpHunter as signal model-independent “excess finder” [1101.0390]

- No significant (p-val < 0.01) excess across mX bins in the LSB VR


➡ No interpretation in anomaly region (no signal systematics)
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Figure 7: Reconstructed <. distributions of the background as determined by a background-only fit and data in the
LSB1 VR, for the anomaly (a), two-prong merged (b), and two-prong resolved (c) selections, in the <- bin [284.5,
322.5] GeV. The ratio of the observed data to the background is shown in the lower panel. The uncertainty band
includes both statistical and systematic e�ects.
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Fit Strategy
� Fit mY in overlapping bins of mX determined from signal mass resolution

� Two fit strategies for our different signal regions:
� Anomaly: defined with VRNN-based signal-model-independent anomaly score

� Use BumpHunter to provide background compatibility p-value only                        
(no interpretation)

� Two-Prong: defined with D2trk or resolved selection
� Use TRexFitter to fit B-only and S+B
� S+B fits performed in merged and resolved regions simultaneously

� Systematics:
� Background

� Bin-to-bin correlated across mY

� Independently determined in merged and resolved selections
� Signal

� Bin-to-bin correlated across mY

� Correlated between merged+resolved selections

� Background normalization is a floating parameter in the fit
� Individual normalization factor for merged and resolved

17

mX WindowsPost-fit LSB

https://arxiv.org/pdf/1101.0390.pdf
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Y→XH Systematic Uncertainties

• Determined inclusively in m
X
, and then applied to each 

exclusive m
X 
bin 


1. DNN Source Systematic
- Difference in resulting mJJ distribution due to the choice 

of training region  

- O(1-10)% effect across mJJ 

2. DNN Bootstrap Systematic 


- Statistical error from neural network performance 
determined via the bootstrap procedure 


- O(1)% effect across mJJ
 


3. Non-Closure Systematic
- Determined in the LSB as the difference between 

reweighted LSB0 and LSB1 data, with smoothing 

- Characterizes additional mis-estimation of data in the VR 
after determining weighting parameters from the HSB  

- Negligible for low mJJ, O(10)% effect in the tails  

• Flat luminosity uncertainty of 1.7% (as 
measured with LUCID)  

• Jet uncertainties implemented with 
standard variations from  

jet/𝐸𝑚𝑖𝑠𝑠 CP group 


- Included for both large-R (merged and 
resolved) and small-R (resolved only) 
jets


- Rtrk Baseline, Modeling, Tracking, 
TotalStat, Closure uncertainties 


- JER Mass and p
T 
variations 


• PDF variation uncertainties


- ISR/FSR included as flat 3% uncertainty 


• XbbSF uncertainties 

Background Signal
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50Figure 12: Two-prong dijet mass distributions before (left) and after (right) a cut on the Event
Score, at a signal contamination of 1.0%. The Event Score selection provides a significant im-
provement in signal sensitivity from 0.5� to 4� while retaining the smoothly falling background
distribution.

Figure 13: Three-prong dijet mass distributions before (left) and after (right) a cut on the Event
Score, at a signal contamination of 1.0%. The Event Score selection provides an improvement
in signal sensitivity from 0.5� to 1.5� while retaining the smoothly falling background distri-
bution.
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Two Prong Jets Three Prong Jets

• Preprocessing (right)
• Sequence Ordering: decreasing kt 

distance from hardest constituent
• Training: 16 neurons per intermediate 

layer, 500 epochs

• Results: sensitive to 2 and 3 prong 

signals, while less mass correlated 
than typical high-level substructure 
variables 

Algorithm 1 describes in detail the implementation of the rescaling, boosting, and rotating pro-259

cesses, or simply boosting for short.260

Algorithm 1: Jet Boosting
Start
Boost jet in z direction until ⌘Jet = 0
Rotate jet about z axis until �Jet = 0
Rescale jet mass to 0.25GeV
Boost jet along its axis until EJet =1GeV
Rotate jet about x axis until hardest constituent has ⌘1 = 0,�1 > 0
if Any constituents have �R > 1 then

Remove all constituents with �R > 1
Rebuild jet with remaining constituents
Repeat from start

else
continue

end
if Number of constituents > 20 then

Keep up-to the first 20 constituents, ordered in pT
Rebuild jet with remaining constituents
Repeat from start

else
continue

end
Reflect constituents about � axis such that the second hardest constituent has ⌘2 > 0

261

To evaluate the efficacy of this procedure, the model is trained on a dataset with 10% signal con-262

tamination both before and after pre-processing, and the resulting correlation between Anomaly263

Score and jet mass is compared. Figure 4 shows the two-dimensional distribution of the mass264

of the highest pT (leading) jet in each event vs. its Anomaly Score before and after boosting265

the input jets. The results depict a significantly smaller amount of correlation between the jet’s266

mass and its Anomaly Score, as desired.267

Figure 4: Leading Jet Mass vs Anomaly Score distributions before (left) and after (right) apply-
ing our boosting method

9
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AS Comparison to D2
• Dataset = 2-prong % contaminated 


- Selections: D2 < 1.4 / AS > 0.65 (equivalent background rejection) 

- AS creates less mass sculpting than substructure variables


• In Y→XH→qqbb, cut on D2trk < 1.2 (merged) or > 1.2 (resolved)

seen most prominently in the 200 to 400 GeV range of jet mass. This indicates that there is a
more significant correlation of D2 with jet mass while the Anomaly Score selection retains more
of the smoothly falling characteristics of the background jet mass distribution. Such a result can
be attributed largely to the boosting method used during pre-processing, as well as to the Anomaly
Score being determined only from jet constituent four-vector information, without any high-level
information being input into the model.

Figure 10. Comparison of the leading jet mass distribution in a contaminated dataset between equivalent
background acceptance selections on Anomaly Score and the D2 variable. The D2 selection causes more se-
vere sculpting in the jet mass distribution than the Anomaly Score, indicating that selections on the Anomaly
Score provide a more faithful representation of the original background mass distribution while still enhanc-
ing the presence of signal-like jets.

Another important study involves the model’s performance over a range of signal contamination
levels. Figure 11 shows the ROC AUC values of both two and three-pronged signal hypotheses
after training on each of the contaminated datasets described in Section 3. At each level of contam-
ination, the VRNN is trained on the leading jets of both the respective two-prong and three-prong
contaminated datasets for 100 epochs.

The resulting trained network is then used to assign an Anomaly Score to each leading jet in the
dataset. AUC values for each level of contamination are determined from a ROC curve built from
1000 randomly selected jets from both the background and signal sets after training. Error bars are
computed by repeating this process 100 times and determining the standard deviation of the result-
ing distribution of AUC values. Notably, the performance is consistent along all contaminations,
and able to distinguish both two and three-pronged signals without any prior substructure hypoth-
esis. The Anomaly Score can therefore be interpreted as a quantity which is capable of adequately
and consistently parametrizing multiple distinct substructure scenarios. This feature is valuable in
model-independent searches, or those without a pre-defined signal substructure hypothesis.
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Figure 5: Distributions of �- candidate ⇡
CA :
2 in data after preselection requirements are applied. Also shown are

three . ! -� simulated signals, labelled by the masses of the . and - particles. A value of ⇡CA :
2 = 1.2 therefore

separates the analysis events into merged (< 1.2) and resolved (>1.2) two-prong categories. All distributions are
normalized to unity.

background prediction in the SR.

In total, three SRs and fifteen background estimation regions are used in the analysis. A summary of all
region definitions can be found in Table 1.

Parameter Preselection requirements
<�� [GeV] > 1300

?T(�1) [GeV] > 500
<� [GeV] <�1 > 50 || <�2 > 50

⇡�11 > -2

Signal regions
Merged Resolved Anomaly

<� [GeV] (75, 145)
⇡�11 > 2.44
⇡

CA :
2 < 1.2 > 1.2 -

|�H 91, 92 | - < 2.5 -
?
10;
T - < 0.8 -

Anomaly Score - - > 0.5

Background estimation regions
CR0 HSB0 HSB1 LSB0 LSB1

<� [GeV] (75, 145) (145, 200) (65, 75)
⇡�11 < 2.44 < 2.44 > 2.44 < 2.44 > 2.44

Table 1: Preselection requirements, as well as optimized requirements defining the SRs and background estimation
regions.

The signal search in the two-dimensional space of <. versus <- employs sliding windows of the
�- candidate mass spectrum, dividing the data into a series of overlapping <- ranges for which the
<�� distribution is fit. The choice of binning for <. and <- is chosen based on the expected signal mass
resolution, with modifications to account for limited statistics in data. In the <. spectrum, bins are widened

10



J. Gonski6 February 2023

CWoLa Weakly Supervised Learning

52

• Classification without labels (CWoLa) [1708.02949]: NN 
trained in signal region vs. sideband is sensitive to 
signal vs. background characteristics


- SR and SB defined in windows of mJJ, each region has 
different fraction of signal


- NN input training features = two leading jet masses

➡First application of weakly supervised learning from 

ATLAS! [PRL 125 131801] 

➡Outperforms inclusive search at high mass hypotheses

 

34

Training Strategies

Topic Modeling/ 
Clustering

Classification 
W/O Labels

Likelihood 
Discrimination

p(x |x ∈ A) p(x |x ∈ B)

Separate out Sample 1  
from Sample 2 by  
hidden signal 

Split a histogram 
into multiple distributions 
by looking for separate 
regions

17

Typically, the goal of these methods is to look for events with 
high p(possibly signal-enriched)/p(possibly signal-depleted)

Weakly-supervised = noisy labels

e.g. Classification Without Labels 
(CWoLa), events in a signal region are 

labeled “signal” and events in a sideband 
are labeled “background”.  These labels 
are “noisy” but a classifier trained with 

them can detect the presence of a signal.

E. Metodiev, BN, J. Thaler, 1708.02949; J. Collins, K. Howe, BN, 1805.02664
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Figure 1. An illustration of the CWoLa framework. Rather than being trained to directly classify
signal (S) from background (B), the classifier is trained by standard techniques to distinguish data as
coming either from the first or second mixed sample, labeled as 0 and 1 respectively. No information
about the signal/background labels or class proportions in the mixed samples is used during training.

Theorem 1. Given mixed samples M1 and M2 defined in terms of pure samples S and B

using Eqs. (2.3) and (2.4) with signal fractions f1 > f2, an optimal classifier trained to

distinguish M1 from M2 is also optimal for distinguishing S from B.

Proof. The optimal classifier to distinguish examples drawn from pM1 and pM2 is the likelihood

ratio LM1/M2
(~x) = pM1(~x)/pM2(~x). Similarly, the optimal classifier to distinguish examples

drawn from pS and pB is the likelihood ratio LS/B(~x) = pS(~x)/pB(~x). Where pB has support,

we can relate these two likelihood ratios algebraically:

LM1/M2
=

pM1

pM2

=
f1 pS + (1� f1) pB
f2 pS + (1� f2) pB

=
f1 LS/B + (1� f1)

f2 LS/B + (1� f2)
, (2.6)

which is a monotonically increasing rescaling of the likelihood LS/B as long as f1 > f2, since

@LS/B
LM1/M2

= (f1 � f2)/(f2LS/B � f2 + 1)2 > 0. If f1 < f2, then one obtains the reversed

classifier. Therefore, LS/B and LM1/M2
define the same classifier.

An important feature of CWoLa is that, unlike the LLP-style weak supervision in Sec. 2.2,

the label proportions f1 and f2 are not required for training. Of course, this proof only

guarantees that the optimal classifier from CWoLa is the same as the optimal classifier from

fully-supervised learning. We explore the practical performance of CWoLa in Secs. 3 and 4.

The problem of learning from unknown mixed samples can be shown to be mathematically

equivalent to the problem of learning with asymmetric random label noise, where there have

been recent advances [32, 40]. The equivalence of these frameworks follows from the fact that
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signal (S) from background (B), the classifier is trained by standard techniques to distinguish data as
coming either from the first or second mixed sample, labeled as 0 and 1 respectively. No information
about the signal/background labels or class proportions in the mixed samples is used during training.

Theorem 1. Given mixed samples M1 and M2 defined in terms of pure samples S and B

using Eqs. (2.3) and (2.4) with signal fractions f1 > f2, an optimal classifier trained to

distinguish M1 from M2 is also optimal for distinguishing S from B.

Proof. The optimal classifier to distinguish examples drawn from pM1 and pM2 is the likelihood

ratio LM1/M2
(~x) = pM1(~x)/pM2(~x). Similarly, the optimal classifier to distinguish examples

drawn from pS and pB is the likelihood ratio LS/B(~x) = pS(~x)/pB(~x). Where pB has support,

we can relate these two likelihood ratios algebraically:

LM1/M2
=

pM1

pM2

=
f1 pS + (1� f1) pB
f2 pS + (1� f2) pB

=
f1 LS/B + (1� f1)

f2 LS/B + (1� f2)
, (2.6)

which is a monotonically increasing rescaling of the likelihood LS/B as long as f1 > f2, since

@LS/B
LM1/M2

= (f1 � f2)/(f2LS/B � f2 + 1)2 > 0. If f1 < f2, then one obtains the reversed

classifier. Therefore, LS/B and LM1/M2
define the same classifier.

An important feature of CWoLa is that, unlike the LLP-style weak supervision in Sec. 2.2,

the label proportions f1 and f2 are not required for training. Of course, this proof only

guarantees that the optimal classifier from CWoLa is the same as the optimal classifier from

fully-supervised learning. We explore the practical performance of CWoLa in Secs. 3 and 4.

The problem of learning from unknown mixed samples can be shown to be mathematically

equivalent to the problem of learning with asymmetric random label noise, where there have

been recent advances [32, 40]. The equivalence of these frameworks follows from the fact that
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Features for 
training CWoLa 

classifier + be careful to not pay a big trails factor

Solutions: Weakly-supervised

1708.02949, 

1805.02664 

J. Gonski1 March 2022 28

Deep learning + weak 
supervision + anomaly 

detection leading to 
real physics output!
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17CWoLa Hunting with ATLAS Data

• Classification without labels (CWoLa) [1708.02949]: NN trained in signal region 
vs. sideband is sensitive to signal vs. background characteristics 

- SR and SB defined in windows of mJJ, each region has different fraction of signal 
- NN input training features = two leading jet masses 

➡First application of weakly supervised learning from ATLAS! [PRL 125 131801]  
➡Outperforms inclusive search at high mass hypothesesATLAS Collaboration 

PRL 125 (2020) 131801, 2005.02983

First round, keep it simple: feature space is 2D (jet masses)
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22CWoLa Hunting with ATLAS Data

ATLAS Dijet A→BC Search

https://arxiv.org/abs/1708.02949
https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.125.131801
https://lhco2020.github.io/homepage/
https://arxiv.org/pdf/1708.02949.pdf
https://arxiv.org/abs/1805.02664
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700 GeV X

~ 300 GeV ɣ

350 GeV X

~ 650 GeV ɣe�

e+ � q̄

q

� Z

(a)

e�

e+ �

b̄

b

b̄

bX

a

a

(b)

Figure 1: Feynman diagrams of the background (a) and signal (b) processes considered.

3 Simulated Samples & Processing

We consider e+e� collisions at a nominal centre-of-mass (CoM) energy of 1 TeV that pro-
duce final states with jets and a photon from initial-state-radiation (ISR). The signal process
studied is the production of a BSM heavy scalar X that decays into a pair of scalars a, each
decaying to two b-quarks, in association with a ISR photon: e+e� ! X ! aa ! bb̄bb̄�. Two
sets of values of the invariant masses of particles X and a are examined: mX ,ma = 350, 40 GeV
and 700, 100 GeV. The background originates from di-jet production in association with a
ISR photon, with a cross-section that is dominated by the Drell-Yan �⇤/Z production and
extends to close to the nominal 1 TeV CoM. Feynman diagrams of the signal and background
processes are shown in Figure 1.

The generation of background and signal events is done by MadGraph5_aMC@NLO

X.X.X [4] with parton showering and hadronization performed by Pythia8 [5]. A minimum
ET threshold of 10 GeV is placed on the photon, with a pseudo-rapidity that extends to
±5.

The detector simulation is parameterized with Delphes X.X, using a card for a generic
ILC detector []. A particle flow algorithm is used to combine tracking and calorimeter
information and define the final reconstructed objects. Photons are built from energy
deposits in the electromagnetic calorimeter that are not matched to any track, using the
central and forward calorimeter systems with pseudo-rapidity coverages of |⌘| < 3.0 and
3.0 < |⌘| < 4.0, respectively. Jets are built from particle flow objects (except isolated muons,
electrons and photons) measured in the tracker (with an acceptance of up to |⌘| < 3.0,
electromagnetic and hadronic calorimeters (central system up to 2.8 and forward system
up to 3.8 in absolute pseudo-rapidity). The jet clustering is performed with the anti-kt [6]
algorithm with a radius R = 1.0 implemented in FastJet [7].

Events are selected for analysis if they contain at least two jets with a minimum pT of
X GeV. An effective CoM energy can be calculated for all events based on the The effective
CoM energy

p
ŝ is shown in Figure 2 for all generated samples, calculated with truth-level

quantities. Distributions of the photon transverse energy and pseudo-rapidity are shown
on Figure 4 for the background and signal processes considered.

The unpolarized cross-section for the background process is of the order of 1 pb, cor-
responding to approximately X events above the Z peak. This amount of statistics would

– 2 –

e+e- √s = 1 TeV

• Radiative return: “scan” new particle masses with ISR photons, à la dijet invariant mass bump hunts

• Apply CWoLa method with high- and variable-dimensional inputs with Particle Flow Networks: 
model an event as an unordered, variable-length set of jets


- Up to 15 jets per event & 10 features per jet: 4 vector (pT, η, ɸ, m), b-tagging bit, 5 N-subjettiness variables 

➡150 input features per event 

[arXiv:2108.13451]

https://energyflow.network/
https://arxiv.org/abs/2108.13451
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[arXiv:2108.13451]

SIC: X=700 GeV vs. bkg

Figure 6: Weakly supervised training results in the form of ROC (left) and SIC (right)
curves for two signals, mX = 350 GeV (top) and mX = 700 GeV (bottom) vs. background.

is lost and the collision CoM must be obtained through measurements of the final-state
hadrons. Note that the highest pT photon is always used for these calculations. In the
photon-measured case, if the true ISR photon is out of acceptance, the predicted

p
ŝ will be

significantly different from the true one. In the hadron-measured case, the selected photon
is excluded from the calculation of

p
ŝ.

Figure 8 shows distributions of these two
p
ŝ measurements for the background and both

signal hypotheses. The incorporation of detector information gives each resonance a non-
negligible width due to smearing introduced by detector resolution. As a result, the signal-
to-noise in the signal region is lower. As seen in Table 2, this width can also create some
signal contamination in the sideband. Both of these effects make the discrimination task
more challenging. In the photon-measured case, the signal and Z peaks are approximately
symmetric, with the width dominated by the photon energy resolution. The high-

p
ŝ tail in

the 750 GeV case is the result of events were the true ISR photon is out of acceptance and a
random photon (the next highest pT one) is used to compute

p
ŝ. In the hadron-measured

case, the signal peaks are asymmetric because there are both resolution and acceptance
effects playing a role. The Z peak is sharper for the hadron-measured case compared with
the photon-measured case because the absolute enery resolution is better at low pT : for the
hadron-measured case, all of the particles are . mZ while for the photon-measured case,
the photon energy is nearly

p
s.

Performance of the method can be found in Figures 9 and 10, for the photon-measured

– 10 –

• Select signal and background in ±25 GeV windows in √s around the resonance mass (SR = [675, 
725)) with sideband in ±50 GeV windows on either side (SB = [625,675) U [725,775))


• Train with a variety of signal contaminations: σ=0.0, 0.5, 1.0, 2.0, 3.0, 5.0, and ∞ (eg. all S vs. all B)

• Significance Improvement Characteristic (SIC): sensitivity proxy that gives multiplicative factor by 
which the NN can improve signal significance 


➡Enhance sensitivity to signal contaminations down to 0.3% by a factor of ~3

ROC: X=700 GeV vs. bkg

https://arxiv.org/abs/2108.13451
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HL-LHC Upgrade: Physics
• Key physics drivers motivate precision reconstruction of electron/photon energy 
& time


1. High expected dynamic range (eg. massive Z’→ee with high E electrons)

2. Precise mass resolution for measurements of key SM processes (eg. di-Higgs: small, 

narrow mɣɣ peak on top of large irreducible background) 

Tim Andeen CALOR2018, University of Oregon, May 2018  11

LAr Calorimeter and BSM Physics
• Z’ → ee search 

★ Sets requirements on electron reconstruction and energy resolution at upper 
end of 16-bit dynamic range.

Z’→ee Invariant Mass

Tim Andeen CALOR2018, University of Oregon, May 2018  10

LAr Calorimeter and SM Physics

• H →γγ mass resolution is critical to HL-LHC Higgs analyses. 
★Di-Higgs measurement is a key physics goal. Finding small, 

narrow diphoton mass peak on top of large backgrounds sets 
requirements on photon reconstruction and energy resolution.  

3. Ensure that photons from H→ɣɣ are mostly digitized on 
High gain and minimize gain intercalibration systematic → 
new 2 gain scheme

Technical Design Report
15th June 2018

ATLAS
Liquid Argon Calorimeter Phase-II Upgrade

around 2.7 GeV, due to a detector layout with more material in the inner tracker, and the use
of electron resolution curves to parameterize the photon resolutions. Table 4.2 displays the
updated diphoton mass resolutions for the H ! gg events coming from gluon-gluon fusion
(ggF) or double Higgs production. The better resolution in double Higgs events comes from
the harder photon pT spectrum than in gluon fusion single Higgs events.

Table 4.2: Diphoton mass resolutions in GeV for H ! gg coming from gluon fusion or double Higgs
events for the two energy resolution scenarios.

Resolutions [GeV] ggF HH

Pessimistic 2.64 2.06
Optimistic 1.99 1.62

The cut flow used in the previous study has not been modified, except for minor updates
to the parameterization of other discriminating variables (e.g. b-tagging, etc.). The events
are required to contain a pair of high-pT photons (pT > 30 GeV) and a pair of jets with
pT > 30 GeV passing a b-tagging requirement. Isolation and angular cuts are applied to
select the di-Higgs topology. The photon and the b-jet pairs must have invariant masses
compatible with the Higgs mass within the resolution. Finally, events are categorized
depending on the |h| positions of the photons.

Figure 4.18 displays the updated diphoton mass resolution after the event selection, except
for the application of the diphoton invariant mass cut. As a consequence of the narrower
mass peak, this mass window could be reduced from 6 to 4 GeV. As shown in Table 4.3,
the expected number of events from the continuum background is thus reduced by a factor
1.4 while the impact is within 10% for the HH and single-H events. As a result, a gain in
significance of 23% is achieved between the previous study and the optimistic scenario. The
limits on the Higgs boson self-coupling at 95% CL are improved by 18%. The 95% CL upper
limit on the cross section is shown in Figure 4.19.

4.3.3 Search for a Z
0 ! ee resonance

High mass dilepton resonances, predicted by a number of phenomenological models, would
be a spectacular and clear sign of new physics beyond the SM. The large integrated lu-
minosity of the HL-LHC (3 000 fb−1) will statistically yield more collisions at high Q2, and
thus will increase the reach for such resonances. For a high mass resonance decaying to
two electrons, the performance of the LAr calorimeter has a direct impact on the dielectron
invariant mass resolution, which in turn dictates the search sensitivity. As explained in
Chapter 3, more stringent requirements on the dynamic range and on the linearity of the
electronics than those of the existing system must be met to obtain a good sensitivity at high

60 Chapter 4: Expected Performance of the LAr Calorimeters

ATLAS-TDR-027

Di-Higgs Signal mɣɣ

1 TeV
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p

e+

e-

Z’

https://cds.cern.ch/record/2285582/files/ATLAS-TDR-027.pdf
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HL-LHC Upgrade: Triggering
• New trigger/DAQ requirements: rate 
will be increased 10x to 1 MHz, latency 
5-10x to 10 µs 


• Motivates a new LAr readout 
architecture → free-running all digital 
design with no on-detector pipeline


- Already installed (“Phase-I”): Super Cells 
to provide finer granularity to trigger 


• For HL-LHC: Read out entire LAr 
calorimeter with full precision at 40 
MHz LHC bunch crossing frequency


- Data rate = 40 MHz x 16 bits x 2 gains x 
128 chans x 1524 boards = ~350 Tbps

- Results in lower trigger turn-on curves

- Maintain ability to trigger on low-pT 

objects 

Technical Design Report
15th June 2018

ATLAS
Liquid Argon Calorimeter Phase-II Upgrade
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Figure 4.25: Emiss
T trigger efficiency turn-on curve for ZH ! nn̄bb̄ events at hµi = 200 obtained using

different types of Emiss
T calculation at trigger level, for a fixed trigger rate of 50 kHz.

4.4.3 Jet reconstruction at L0

The improvements expected for the jet triggers at L0 are twofold. First, similarly to the
Emiss

T trigger, the use of topoclustering techniques is expected to improve significantly the jet
energy resolution, leading to sharper turn-on curves.

Independently of the clustering technique, the availability of the full FCal granularity has
been shown by preliminary studies to improve significantly the performance of forward jet
triggers, which are important for analyses targeting vector boson fusion (VBF) topologies.

Results of detailed studies will be available in the Phase-II TDAQ TDR which is in prepara-
tion.
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HL-LHC

Run 2 Offline 
Algorithm

Phase 1 
Super Cells

HL-LHC ETmiss Trigger Turn On

[ATLAS-TDR-027]

https://cds.cern.ch/record/2285582/files/ATLAS-TDR-027.pdf
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HL-LHC Readout
HL-LHC

Phase-1

LA
r C

el
ls

On-Detector Off-Detector
‣Phase-I: installed 2019-2022 & 
commissioning now! 


‣Cover full energy range expected in 
a single cell (~50 MeV electronic 
noise to ~3 TeV)

‣ 16-bit DR with 11-bit precision 
(implemented in 2 overlapping 14-
bit gain scales) 

‣Nonlinearity < 0.1% up to ~300 GeV  

‣Electronics noise < minimum 
ionizing particle (MIP) energy / 
intrinsic LAr resolution

‣Radiation tolerance: full HL-LHC 
dose, eg. max TID 1400 Gy (1.5), 
NIEL < 4.1 x 1013 neq/cm2  (2) 

HL-LHC:

Tim Andeen HL-LHC LAr Electronics Upgrade

COLUTAv4 Irradiation
• Goal: Measure performance and radiation

tolerance of the ADC for the operation at HL-
LHC.

• Will repeat radiation performance tests done for 
CV3. 
• Radiation testing scheduled for July at MGH (Boston) 
• Some delay due to vendor access for board production

• Procedure to measure radiation induced effects:
1. Connect the input of the ADC to an onboard DAC.
2. Set the DAC to a particular analog code.
3. Record ~228 digitized samples  for that DAC code and 

histogram  the output (live time of ~6.71 seconds).
4. Zero out the histogram  and move to the next DAC value.

Safety Factor and Testing Procedure Recommendations of the Radiation 
Effects Task Force

CV4 Rad board schematic 

15
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ADC Characterization
• COLUTA ADC ASIC: full custom 40 MSPS in 65nm 
CMOS with 8 channels 


- > 14 bit dynamic range with > 11 bit ENOB 

- Radiation tolerance: irradiate chip & measure SEUs, 

TID, NIEL (full HL-LHC dose in ~few hours)


➡ Takeaways: custom ASICs are key for unique HEP 
DAQ needs
- Final Design Review in October to start pre-production 

(need 80k chips total produced & tested)
Radiation Testing

ADC Testboard

COLUTAv4
Tim Andeen HL-LHC LAr Electronics UpgradeYour name HL-LHC LAr Electronics Upgrade

COLUTAv4 ADC Testing

9

• Board fabricated and assembled mid-Jan through early-Feb.
• Testing started Feb. 22nd.
• Socketed board for initial testing w/option to solder down. 
• Improved handling of input signals over CV3 boards.

• Includes ALFE2 chip for integrated testing. Not included in 
testing for this talk, but a high priority for testing.

• Added instrumentation:
▪ Arbitrary waveform generator (AWG) that can generate sine 

wave and/or LAr pulses
▪ 640 MHz clock 
▪ Power supply  
▪ Filters for sine input
▪ Attenuators for LAr pulse input: cover full dynamic range 

with minimal AWG noise (17, 20, 40, 60 dB)
▪ Transformer: convert single ended AWG output to 

differential for ADC (AC coupling = no baseline shifting 
possible)

• Calibration for MDAC & SAR performed both on-chip circuits 
and checked off-chip. 
▪ Constants stored on chip with triple redundancy

CV4 
(socket) 

ALFE2

Channel Implementa�on

9

MDAC

COLUTA FDR, October 7, 2022Rui Xu, Columbia University

calibration signal is injected and the electronics

Development of the ATLAS Liquid 
Argon Calorimeter Readout Electronics 
for the HL-LHC 

The image part with relationship ID rId3 was not found in the file.

Andrew Smith (Columbia University), on behalf of the 
Liquid Argon Calorimeter Group

Introduction

Energy Resolution

LAr HL-LHC Upgrade

Front-End Board 2 (FEB2) Slice Board Results

calibration signal is injected and the electronics

Off-Detector Electronics

DIS 2022: XXIX International Workshop on Deep-Inelastic Scattering and Related Subjects, 2 May – 6 May, 2022

Multi-Channel Performance: Low coherent noise between neighboring 
channels, application of Optimal Filtering yields <.2% crosstalk

Energy and timing resolution: Optimal filtering applied for energy and 
timing of shaped, digitized triangular pulses. Gaussian fits to consecutive 
measurements yield !!" < 0.1% for large pulses, exceeding specifications

COLUTAv4 ADC

HL-LHC plan:
• High Luminosity Large Hadron Collider (HL-LHC) upgrade in 2029
• Increase in instantaneous luminosity factor of 5 to 7.5 with respect to 

nominal 
• Integrated luminosity planned: up to 4000 fb-1

Version 1.1 FEB2 ‘Slice’ Tesboard: 
• Preamplifier/Shaper (LAUROC2)à ADC 

(COLUTAv3) à Optical Transceivers
• Slice board with 32 channels in the same 

density as final 128 channel FEB2
• LAr pulses from Arbitrary Wave Generator 

sent to test full FEB2 readout chain
• Energy and timing, linearity, and multi-

channel performance characterized

calibration signal is injected and the electronics

References
[1] ATLAS Collaboration, The ATLAS experiment at the CERN Large Hadron Collider, JINST 3 (2008) S08003.
[2] ATLAS Collaboration, ATLAS Liquid Argon Calorimeter Phase-I Upgrade Technical Design Report,CERN-LHCC-2013-017, ATLAS-TDR-022. 
[3] ATLAS Collaboration, ATLAS Liquid Argon Calorimeter Phase-II Upgrade Technical Design Report, CERN-LHCC-2017-018 ; ATLAS-TDR-027 

New v4 Prototype:
• 8 channels implementing 12-bit 

Successive Approximation Register (SAR) 
with a Multiplying Digital Analog 
Converter (MDAC) to extend range

• New socketed testboard including  
ALFE2 chip for integrated testing 

calibration signal is injected and the electronics

Summary
ü On-detector and off-detector electronics being developed to handle challenges of HL-

LHC data taking conditions
ü Custom radiation-hard ASIC prototypes meet required performance specifications
ü Off-detector hardware and firmware developments show promise for handling pileup 

conditions of HL-LHC
ü FEB2 ‘Slice’ Testboard shows promising results from integration of front-end 

components
ü Excellent progress being made in LAr Phase-II Upgrade Electronics

On-Detector Electronics

ALFE2 Preamplifier/Shaper

LAr Signal Processor (LASP) LAr Timing System (LATS)

Standalone test results:
• ENOB > 11 bits for up to 18MHz 

input sine wave frequency
• Pedestal noise 1.2 ADC Counts RMS

Upgrade Motivation:
• New ATLAS TDAQ system to handle increased pileup (up to 200 

simultaneous interactions)
• Increased radiation tolerance on front-end

• Single Event Effect (SEE) characterization 
sets upper limit for continuous operation of 
8.68SEE/day for the entire system

Motivation: 
• LATOURNETT board distributes 40MHz 

LHC clock and Bunch Crossing Reset 
(BCR) signals, as well as configuration 
commands to FEB2s

• LATOURNETT schematic design is 
currently underway, with a table test 
bench recently developed

• Each LATOURNETT can connect to 72 on
detector boards, at least 26
LATOURNETT boards needed

130nm CMOS custom ASIC.
Analog processing on signals 
(amplification, CR-(RC)2
shaping), 16-bit dyn. range

Recent Radiation Testing: 
• Irradiated beyond Total Integrated Dose (TID) 

expected for HL-LHC, principal characteristics 
of the front-end remain stable

65nm CMOS custom ASIC. Digitize PA/S 
outputs at 40MHz with 14-bit dynamic 
range and > 11-bit precision 

Implement Trigger, Timing, and control 
based on LpGBT protocol for 1524 FEB2s 
and 128 Calibration boards

Calibration Board Inject calorimeter pulses to calibrate readout 
electronics with integral non-linearity <0.1%; 7.5 V 
output requires HV-CMOS

Initial Testing Results: 
• ALFE2 low to high gain peak-peak crosstalk 

<20mV with 50Ω input impedance, a 5x 
improvement over ALFE

Chip features: 
• Tuneable input impedance and time constants
• 4 channel summing for hardware trigger

• Preliminary Design Review on February 10th 2022, calibration ASICs passed all specs 
with recommendations

• New prototypes LADOCv2 and CLAROCv4 submitted, expecting improved linearity 

Hardware Developments: 
• LASP V1 test board completed with 2 

Intel Stratix-10 FPGAs
• Testing currently underway

Calculate energy and time of digitized 
waveforms  from up to 1024 channels. 
Transmit data, energy and timing at 
25Gbps to trigger and  data acquisition
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Phase-I Upgrade [2]
• LAr Trigger Digitizer Board + 

LAr Digital Processing System 
• Installed during Long 

Shutdown 2, currently being 
commissioned

• Provide trigger unit of readout
of finer transverse granularity 
+ longitudinal shower 
information

Phase-II Upgrade [3] (this poster)
• Installation of precision readout             

On-detector and Off-detector
electronics during the LHC’s                  
Long  Shutdown 3

• Radiation-hard front-end electronics
• Digitization and transmission of all data 

off-detector at 40MHz, nearly 400 times 
the current rate

Requirements: 
• Integral non-linearity <.1%
• ENI<150nA for 25Ω input 

impedance, ENI<50nA for 
55Ω input impedance

• Delayed pulses interleaved to form 
finely sampled pulse for energy and 
timing resolution measurements 

CLAROCv1 custom ASIC:
• 180 mm XFAB technology
• Pulser with 4 high-frequency switches 

LADOCv3 custom ASIC:
• 130nm TSMC technology
• 16-bit DAC with slow control chip configuration

• Noise and 
linearity 
performance 
similar to
ALFE, 
exceeding 
specifications 

ATLAS  Liquid Argon (LAr) Calorimeter: 
• Liquid argon based sampling calorimeter with lead (EM), copper (HEC) 

and both copper and tungsten absorbers (FCAL) [1]
• Incoming particles ionize the liquid argon. Ions and electrons created 

drift to  absorber and electrode respectively, due to voltage applied in 
liquid argon filled gap

• Triangular current pulse amplified, shaped, and sampled at 40 MHz 

Neural Net Studies: 
• Increased pileup noise expected due to 

overlapping pulse shapes in consecutive 
bunch crossings during HL-LHC will 
degrade energy, timing, and trigger 
performance

• Machine learning algorithms 
implemented on FPGA show 
improvement in energy, timing 
resolution when compared to current 
Optimal Filtering method

• Recent study: maximum of 37 NNs 
implemented on FPGA for LASP V1 can 
run at 400MHz, processing 10 channels 
each
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Slice Testboard
• Slice Testboard = pre-prototype of FEB2 (32 of 128 channels)

• Characterize performance of 3 custom ASICs in full readout chain (PA/S, ADC, lpGBT)

• For large pulses, energy resolution < 0.02% (cf. spec 0.25%), timing resolution ~50 ps 
(dominated by system jitter)


➡ Takeaways: front end design is as crucial to experimental success as detector itself
- Preliminary Design Review in December: full 128-channel FEB2 prototype + system tests

FEB2 Integra.on Study

• The Slice Testboard is the current 32-channel 

pre-prototype of the FEB2: 

– 8 PA/S ASICs

– 8 COLUTAV3 ASICs

– 8 lpGBT ASICS
• The analog performance of the Slice Testboard is 

currently being studied in detail, a few results of 

which are in the following slides

ATLAS HL-LHC Upgrade Project LAr FE, September 2, 2021 14Rui Xu, Columbia University

PDR Rec: The reviewers suggest that given the very challenging 
specifications of the ADC, the design team should take the time to fully 
characterize the Preamp/Shaper/ADC system and analyze the results prior to 
submitting the COLUTAv4, as this could lead to a production-ready chip, 
potentially saving one design iteration.

Measured Pulse Shapes

ATLAS HL-LHC Upgrade Project LAr FE, September 2, 2021 15Rui Xu, Columbia University

Measured output pulseshapes on HI (left) and LO (right) gain, as a function of the 
amplitude of the triangular input current injected into the PA/S input

Measured Energy and Timing Resolu.on

ATLAS HL-LHC Upgrade Project LAr FE, September 2, 2021 16Rui Xu, Columbia University

preliminary measured energy (left) and timing (right) resolution, as a function of the 
amplitude of the triangular input current injected into the PA/S input

For large pulses:
 - Energy resolution < 0.1 %
 - Timing resolution ~ 50 pS (dominated by system jitter)
Both exceed spec.

LAr Pulses Energy Resolution
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LAr Pulse Analysis

60

Pulse Analysis

AWG sends a pulse train of 
known amplitude to ADC 
chip, sampled at different 
phases

Pulse train is interleaved to 
reconstruct fine pulse for each 
amp. Check that maxima and zero 
point match across amplitudes

Samples from one phase 
(containing peak) and derivatives 
are used to calculate OFCs, then 
used to find energy and timing of 
each pulse

66/8/20 Andrew Smith, Columbia University

ATLAS
Liquid Argon Calorimeter Phase-II Upgrade

Technical Design Report
15th June 2018

Figure 2.4: Shapes of the LAr calorimeter current pulse in the detector and of the signal output after
bipolar shaping. The dots indicate an ideal position of samples separated by 25 ns.

operations have taken place during end-of-year shutdowns and during LS1 when access to
the FE electronics was possible.

2.3.1 On-detector front-end electronics

Due to the stringent performance requirements on the LAr electronics, the FE electronics are
mounted directly on the LAr cryostats, in the gap between the barrel and endcap calorimeters
and on the outer face of the end cap cryostats. These areas have limited access and require
radiation tolerant electronics components. The on-detector electronics have been qualified,
in terms of radiation tolerance, for up to 10 years of operation at the LHC, i.e. equivalent to
an integrated luminosity in the range of 700 to 1 000 fb−1 [15].

The FE electronics are housed in 58 FE crates. As shown in Figure 2.5, each FE crate
contains:

Readout Front-End Boards (FEBs): These are the main elements in the FE electronics and
are designed to read out and digitize the LAr calorimeter signals without degrading
the energy resolution. Analog signals are summed on Layer Sum Boards (LSBs). Each
FEB is a large (approximately 0.5 m ⇥ 0.5 m), dense, 10-layer PCB that processes the
signals from up to 128 channels in a specific layer of the calorimeter.

Chapter 2: System Overview 11
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F i g . 15 . Gr aph show i ng t he equ i va l ence be t ween t he t wo
me t hods f or de t e rm i n i ng t he op t i mum pr e - f i l t e r shap i ng t i me .
The do t t ed cur ve i s t he va l ue o f us as a f unc t i on o f t m , whe r e

i t i s seen t ha t t he r e i s a ve r y sha l l ow m i n i mum a t t o. . The t wo
dashed cur ves a r e t he no i se f ac t or s Dp ( f a l l i ng ) and D , ( r i s i ng ) ,
wh i ch a r e t he we i gh t s g i ven t he p i l eup and t he rma l va r i ances
f or t he amp l i t ude i n t he op t i ma l f i l t e r i ng me t hod (o - = DpoP
+ D , o , z ) . The po i n t t .P t occur s whe r e t he t wo no i se f ac t or s
a r e equa l . The da t a a r e f or t he s t anda rd case o f a 0 . 04 x 0 . 04

EM ce l l .

a f f ec t s t he va r i ance o f t he pa r ame t e r s . I n t u i t i ve l y one

suspec t s t ha t i f t he r e a r e l a rge nega t i ve va l ues o f t he

f i l t e r coe f f i c i en t s , wh i ch i nd i ca t es t ha t t he f i na l va l ue

o f t he pa r ame t e r i s t he d i f f e r ence o f t wo l a rge num-
be r s , t he r e may be i nc r eased sens i t i v i t y t o t he quan t i za -
t i on e r ror . I t i s easy t o show t ha t t h i s i s i n f ac t t he case .

I f we assume t ha t a l i nea r ADC sca l e i s used , w i t h a

max i mum r ange o f t 1 E = Emax - Em i n1 t hen f or a pr ec i -

s i on o f nb b i t s , t he quan t i za t i on e r ror i n S i i s

o ,q = AE / 12 N ,

�

( 88 )

i n wh i ch N = 2nh - 1 i s t he f u l l r ange o f t he ADC .
The amp l i t ude A and t he t i me sh i f t T a r e r e l a t ed t o

t he samp l es S i by t he s i mp l e l i nea r expr ess i ons

1
I r = - F_bS .

The propaga t i on o f t he quan t i za t i on e r ror t o t he f i t t ed
pa r ame t e r s i s s t r a i gh t f orwa rd :

F r_ z _
QA - ~q

�

a i
- Qg RA ,

�

( 89 )

A4 7 = qg

�

+b i
z =og R 7 >

�

( 90 )

489

F i g . 16 . Va l ues o f t he quan t i za t i on coe f f i c i en t s and t he i r e f f ec t on t he va l ues o f oA and Aor f or t he case o f 5 samp l es (pa t t e rn B) ,
as a f unc t i on o f r e l a t i ve l um i nos i t y ( - 910 =1033 CM- 2S- 1) . ( a ) Va l ue o f RA = qA 10 " q ' (b ) Fac t or fA by wh i ch t he va l ue o f oA i s
i nc r eased by t he e f f ec t o f quan t i za t i on e r ror f or t he s t anda rd case . The va l ues o f oq , chosen t o be mu l t i p l es o f t he t he rma l no i se 0 - �
a r e i nd i ca t ed i n t he l egend . The so l i d cur ve i nd i ca t es t he e f f ec t o f i nc l ud i ng t he quan t i za t i on e r ror i n t he ca l cu l a t i on o f t he
coe f f i c i en t s , as d i scussed i n t he t ex t . ( c ) Va l ue o f R r = Aq r / oq . (d ) Fac t or f r by wh i ch t he va l ue o f A or i s i nc r eased by t he

quan t i za t i on e r ror , as exp l a i ned i n (b ) . The l egend f or (b ) a l so app l i es t o (d ) .

Optimal Filtering Coefficients
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Offline LAr Timing Calibration

61

Devin Mahon

Calibration Procedure
• Calibration achieved via a series of passes to empirically 

remove averaged/fitted variations 

‣ Pass 0: time-of-flight (TOF) from PV to cell 
‣ Pass 1: average time per FEB 
‣ Pass 2: average time per channel 
‣ Pass 3: energy-dependence (by slot) 
‣ Pass 4: middle-layer cross-talk (by slot, based on δη, δφ) 
‣ Pass 5: inter-layer cross-talk (by slot, based on f1, f3) 
‣ Pass 6: average time per channel (pass 2 repeated) 
‣ Added because patterns re-emerged after applying other passes 

(passes are actually subtly correlated with each other)

!8

Devin Mahon

Example Passes

!9

Before and After 
Run-by-run correction

Before and After 
δφ cross-talk correction

data16 data16

• Times are calibrated offline via 
a series of passes to 
synchronize cells and improve 
resolutions for analysis use 

- Uses electrons from Wev data 
to calibrate, Zee data to 
validate 


- Studies have shown (as 
expected from MC) that 
electrons and photons behave 
similarly for timing purposes  

• Corrections obtained per gain 
and per IOV (interval of 
validity for OFCs) for cells


• ~10 channels (of ~46K) per 
year are flagged as “bad” for 
time variations within an IOV 

•
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ANUBIS Sensitivity
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Sensitivity 
Studies
� Sensitivity assumed from 

50 (90) observed events 
for the shaft (ceiling) 
geometry

� Extrapolated from ATLAS 
MS search

15

Toby 
Satterthwaite

J. Burr, LLP Forum [8 Dec 2022]

https://indico.cern.ch/event/1225761/#2-anubis
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Resources
❖ Research team 

- 1 postdoc + 2 PhD students + 1 (partial) firmware engineer for ~3 years 

- Encourage & mentor students through dedicated funding opportunities, eg. NSF GRFP 

applications


❖ Labs (in order of space) 
- Electronics development: fast ML to FPGAs (FPGA development board) 

- ANUBIS/small-scale LLP detectors 

- Future calorimeter development 


❖ Miscellaneous: travel for self/team, summer salary, etc. 

❖ Grant strategy 
- Establish sole funding: NSF CAREER/DOE Early Career, Sloan, Simons, etc.

- Join SLAC ATLAS base grant at next renewal

- Dedicated AI initiative grants (eg. “Artificial Intelligence Research for High Energy 

Physics” from DOE) 

- Dedicated FOAs for inclusion (eg. RENEW, FAIR) 

63
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Societal Benefits 
• Technological spillover; eg. MRIs/proton therapy, 
World Wide Web


- LHC as a “sandbox” for data science & 
engineering


• Training a skilled future workforce 

• Outreach opportunities & enhanced scientific 
literacy in general public 

[CERN Courier, 2018]

https://cerncourier.com/a/lhc-upgrade-brings-benefits-beyond-physics/

