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2Plan for today

• Welcome and Expectations 
• Introduction round table  
• Scope of group and results from survey 
• Future meetings



3Groundwork for the meeting

(flip over to the link and briefly go through the document)

https://indico.physics.lbl.gov/event/1314/contributions/5183/attachments/2483/3240/PhysicsDivisionMLGroupCodeOfConduct.pdf


4Machine Learning for Fund. Physics

Why here and why now?



Dark matter

Dark energy

Hierarchy problem

Baryogengesis

Strong CP
Flavor puzzles

5Questions in fundamental physics
Theoretical and experimental questions motivate a deep 

exploration of the fundamental structure of nature

We will need new tools to 
explore our data in new ways!

We have performed thousands of hypothesis tests & have no 
significant evidence for physics beyond the Standard Model



6New tools: detectors

Large Hadron Collider

Dark Matter 
direct detection

Astro/Cosmo 
surveys Neutrino experiments

+ others !
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Beam dump / Fixed 
target experiments

(Note Berkeley leadership in all of these areas!)



7New tools: methodology

Advanced detectors Theory Calculations

Advanced acceleratorsN-body simulations Supercomputers

+ others !

Image sources: Nyx simulation, BELLA, NERSC, Fermilab Today / skipper CCDs, Hammer MC
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Fig. 3 Top: Illustrations of biases from fitting an SM template to three NP ‘truth’ benchmark models: the 2HDM type II with
SqRlL = �2 (left), SqRlL = 0.75i (middle), and the R2 leptoquark model with SqLlL = 8TqLlL = 0.25+0.25i (right). The orange dot
corresponds to the predicted ‘true value’ of R(D(⇤)) for the NP model, to be compared to the recovered 68%, 95% and 99% CLs of
the SM fit to the NP Asimov data sets (with uncertainties estimated to correspond to ⇠ 5 ab�1) in shades of red. Bottom: The best
fit regions for the 2HDM and R2 model Wilson coe�cients obtained from fitting R(D(⇤)) NP predictions to the recovered R(D(⇤))
CLs for each NP model. The shades of red denote CLs as in the top row. The best fit (true value) Wilson coe�cients are shown by
black (orange) dots.

of form factors, Fi, that encode the physics of hadronic
transitions (if any).3 In general, then, an amplitude may
be written in the form

M
{s}�

{q}
�
=

X

↵,i

c↵ Fi

�
{q}

�
A

{s}
↵i

�
{q}

�
, (6)

in which {s} are a set of external quantum numbers
and {q} the set of four-momenta.4 The object A↵i is
an NP- and FF-generalized amplitude tensor. In the
case of cascades, relevant for B ! D

(⇤,⇤⇤)(! DY ) ⌧(!

3In all b ! c processes currently handled by Hammer (see Table 3

for a list) the form factors are functions of q2 =
�
pHb

� pHc

�2
,

or equivalently of the dimensionless kinematic variable,

w = v · v0 =
m2

Hb
+m2

Hc
� q2

2mHb
mHc

, (5)

with four velocities v = pHb
/mHb

and v0 = pHc/mHc . For decays
with multi-hadron final states, such as the ⌧ ! n⇡, n � 3, the
form factors are also dependent on multiple invariant masses of
the final state hadrons. Thus, b ! c⌧⌫ decays followed by with
subsequent hadronic ⌧ decays involve at least two separate sets
of hadronic functions at the amplitude level.
4The momenta of an event passed to the library must all be
specified in the same frame. The choice of frame is arbitrary.

X⌫)⌫̄ decays, the amplitude tensor may itself be the
product of several subamplitudes, summed over several
sets of internal quantum numbers. The corresponding
polarized di↵erential rate

d�
{s}

dPS
=

X

↵,i,�,j

c↵c
†
�
FiF

†
j

�
{q}

�
A

{s}
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A
†{s}
�j

�
{q}

�
,

=
X

↵,i,�,j

c↵c
†
�
FiF

†
j

�
{q}

�
W↵i�j , (7)

in which the phase space di↵erential form dPS includes
on-shell �-functions and geometric or combinatoric fac-
tors, as appropriate.

The outer product of the amplitude tensor, de-
fined as W ⌘ AA

†, is a weight tensor. The objectP
ij
FiF

†
j
W↵i�j in Eq. (7) is independent of the Wilson

coe�cients: Once this object is computed for a specific
{q} – an event – it can be contracted with any choice of
NP to generate an event weight. Similarly, on a patch
of phase space ⌦ — e.g., the acceptance of a detector
or a bin of a histogram — the marginal rate can now
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Fig. 3 Top: Illustrations of biases from fitting an SM template to three NP ‘truth’ benchmark models: the 2HDM type II with
SqRlL = �2 (left), SqRlL = 0.75i (middle), and the R2 leptoquark model with SqLlL = 8TqLlL = 0.25+0.25i (right). The orange dot
corresponds to the predicted ‘true value’ of R(D(⇤)) for the NP model, to be compared to the recovered 68%, 95% and 99% CLs of
the SM fit to the NP Asimov data sets (with uncertainties estimated to correspond to ⇠ 5 ab�1) in shades of red. Bottom: The best
fit regions for the 2HDM and R2 model Wilson coe�cients obtained from fitting R(D(⇤)) NP predictions to the recovered R(D(⇤))
CLs for each NP model. The shades of red denote CLs as in the top row. The best fit (true value) Wilson coe�cients are shown by
black (orange) dots.
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in which {s} are a set of external quantum numbers
and {q} the set of four-momenta.4 The object A↵i is
an NP- and FF-generalized amplitude tensor. In the
case of cascades, relevant for B ! D
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and v0 = pHc/mHc . For decays
with multi-hadron final states, such as the ⌧ ! n⇡, n � 3, the
form factors are also dependent on multiple invariant masses of
the final state hadrons. Thus, b ! c⌧⌫ decays followed by with
subsequent hadronic ⌧ decays involve at least two separate sets
of hadronic functions at the amplitude level.
4The momenta of an event passed to the library must all be
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in which the phase space di↵erential form dPS includes
on-shell �-functions and geometric or combinatoric fac-
tors, as appropriate.

The outer product of the amplitude tensor, de-
fined as W ⌘ AA

†, is a weight tensor. The objectP
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W↵i�j in Eq. (7) is independent of the Wilson

coe�cients: Once this object is computed for a specific
{q} – an event – it can be contracted with any choice of
NP to generate an event weight. Similarly, on a patch
of phase space ⌦ — e.g., the acceptance of a detector
or a bin of a histogram — the marginal rate can now

3

di↵erent NP models. The recovered R(D(⇤)) values
are then compared to their actual NP values.

2. To demonstrate using a forward-folded analysis to
assess NP e↵ects without biases, we carry out fits
to (combinations of) NP Wilson coe�cients them-
selves, with either the SM or other NP present in
the mock measured data sets.

The setting of these analyses is a B-factory-type envi-
ronment. We focus on leptonic ⌧ decays, but the pro-
cedures and results in this work are equally adaptable
to the LHCb environment, and other ⌧ decay modes
or observables. In our example we focus on kinematic
observables important for the separation of signal from
background and normalization modes. Fits using an-
gular information may also be implemented, see e.g.
Refs. [16, 17] for an example.

We emphasize that the derived sensitivities shown
below are not intended to illustrate projections for ac-
tual experimental sensitivities per se. Such studies are
better carried out by the experiments themselves.

2.1 MC sample

The input Monte Carlo sample used for our demonstra-
tion comprises four distinct sets of 105 events: one for
each of the two signal cascades B ! D(⌧ ! e⌫⌫)⌫,
B ! (D⇤

! D⇡)(⌧ ! e⌫⌫)⌫ and for the two back-
ground processes, B ! De⌫ and B ! (D⇤

! D⇡)e⌫.
These are generated with EvtGen R01-07-00 [18], us-
ing the Belle II beam energies of 7GeV and 4GeV. The
second B meson decay, often used for identifying or
‘tagging’ the BB̄ event and constraining its kinematic
properties, are not included in the current analysis for
simplicity, but can be incorporated in a Hammer analysis
straightforwardly.

In each cascade, the b ! cl⌫ decay is generated
equidistributed in phase space (“pure phase space”),
instead of using SM distributions. This reduces the
statistical uncertainties that can otherwise arise from
reweighting regions of phase space that are undersam-
pled in the SM to NP scenarios in which they are not.2

2.2 Reweighting and fitting analysis

Hammer is used to reweight the MC samples into two-
dimensional ‘NP generalized’ histograms (see Sec. 3),

2For an actual experimental analysis one would instead use
Hammer to reweight SM MC samples. The correct statistical un-
certainty of the reweighting can be incorporated, using weight
squared uncertainties computed by the library. This information
could be used, e.g., to adaptively generate additional pure phase
space MC in undersampled regions.

with respect to the reconstructed observables |~p
⇤
`
| and

m
2
miss, the light lepton momentum in the B rest frame

and the total missing invariant mass of all neutrinos, re-
spectively. Both variables are well-suited for separating
signal from background decays involving only light lep-
tons. In the cascade process of the leptonic ⌧ decay in
B ! D

(⇤)
⌧⌫, the signal lepton carries less momentum

than the lepton from prompt B ! D
(⇤)

`⌫ decays. Sim-
ilarly, the missing invariant mass of B ! D

(⇤)
`⌫ decays

peaks strongly near m2
⌫
' 0, in contrast to B ! D

(⇤)
⌧⌫

in which the multiple neutrinos in the final state permit
large values of m2

miss.
The B ! D

(⇤) processes are reweighted to the
BLPR form factor parametrization [19], which includes
predictions for NP hadronic matrix elements using
HQET [20–23] at O(1/mc,b, ↵s).

Charged particles are required to fall in the Belle II
angular acceptance of 20� and 150�, and leptons are re-
quired to have a minimum kinetic energy of 300MeV
in the laboratory frame. An additional event weight
is included to account for the slow pion reconstruc-
tion e�ciencies from the D

⇤
! D⇡ decay, based

on an approximate fit to the pion reconstruction ef-
ficiency curve from BaBar data [1, 24]. The analysis
assumes that the second tagging B meson decay was
reconstructed in hadronic modes, such that its four-
momentum, pBtag , is accessible. In conjunction with
the known beam four-momentum pe+ e� , the missing
invariant mass can then be reconstructed as m

2
miss ⌘

(pe+ e��pBtag�pD(⇤)�p`)2, and the four-momentum of
the reconstructed lepton can be boosted into the signal
B rest frame. A Gaussian smearing is added to the truth
level m

2
miss with a width of 0.5GeV2 to account for

detector resolution and tagging-B reconstruction. No
additional correction is applied to |~p

⇤
`
|. Higher dimen-

sional histograms including the reconstructed q
2 and

the D
⇤
! D⇡ helicity angle may also be incorporated,

but are omitted here for simplicity.
Hammer can be used to e�ciently compute his-

tograms for any given NP choice. The basis of NP op-
erators is defined in Table 1, with respect to the La-
grangian

L =
4GF
p
2

Vcb cXY

�
c̄�X b

��
¯̀�Y ⌫

�
, (2)

where �X(Y ) is any Dirac matrix and cXY is a Wilson
coe�cient. We shall generally write explicit Wilson co-
e�cients as cXY = SqXlY , VqXlY , TqXlY , where the S,
V , T denotes the Lorentz structure, and X, Y = L,
R denotes the chirality. In this simplified analysis, we
assume that NP only a↵ects the b ! c⌧⌫ decays, and
not the light-lepton modes.

In order to carry out Wilson coe�cient fits, we wrap
the Hammer application programming interface with a

(Note Berkeley leadership in all of these areas!)



Key challenge and opportunity: hypervariate phase space 
& hyper spectral data

8A hyper challenge

Methodology Detectors



Key challenge and opportunity: hypervariate phase space 
& hyper spectral data

9A hyper challenge

Methodology Detectors

Machine 
Learning
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Theory of everything

Physics simulators

Detector-level observables

Pattern recognition

Nature

Detector-level observables

Pattern recognition

Experiment

Data analysis in fund. physics



11Data analysis in fund. physics + ML

Theory of everything

Physics simulators

Detector-level observables

Pattern recognition

Nature

Detector-level observables

Pattern recognition

Experiment

Parameter 
estimation / 
unfolding

Data curation

Classification to 
enhance 
sensitivity

“signal” versus “background”

calibration 
clustering 
tracking 

noise mitigation 
particle identification 

…

Fast 
simulation / 

phase space
Online 

processing & 
quality control



12Machine Learning for Fund. Physics
1 1

1

1
1

1
1

1
1

1

1
1

1 1

1
1

1

1

1

1

1
1

1
1

1

1

1

1

1

1

1

1
1

1

1

1

1

1

1
1

1

1

1

1
1

1

1
1

1
1

1

1

1

1

1

1 1 1

11
1

1

1

1

1
1

1

1

1

1

1

1

1

1

1

1

1

1

1

It is generally useful to connect domain experts using similar 
tools, but we also have unique challenges (+opportunities!)

• Largest scientific 
datasets 

• High-fidelity, first-
principles simulations 

• Stringent 
requirements on 
uncertainties 

• Demands on 
algorithm latency 

• …



13A new cross-cutting ML group

Vision: To advance the potential for discovery 
and interdisciplinary collaboration by 

approaching fundamental physics challenges 
through the lens of modern machine learning.

Mission: The Physics Division Machine Learning group is a cross-cutting 
effort that connects researchers developing, adapting, and deploying 
artificial intelligence (AI) and machine learning (ML) solutions to 
fundamental physics challenges across the HEP frontiers, including theory. 
While most of the ML group members will have a primary affiliation with 
other areas of the division, there will be unique efforts within the group to 
develop methods with significant interdisciplinary potential. We have strong 
connections and collaborations with researchers in the Computational 
Research Division, the National Energy Research Scientific Computing 
Center (NERSC), and the Berkeley Institute of Data Science (BIDS).

https://crd.lbl.gov/
https://crd.lbl.gov/
https://www.nersc.gov/
https://www.nersc.gov/
https://bids.berkeley.edu/
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A variety of cross-cutting themes form the core of our research 
program: 

• Anomaly Detection 
• Likelihood-free Inference 
• Generative Models and Simulation 
• Pattern Recognition, Calibration and Noise Mitigation 
• Label-free learning / Simulation Agnostic Approaches 
• Physics-aware Learning 
• Uncertainty Quantification and Interpretability 
• Hardware Interface

A new cross-cutting ML group
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The rest of the slides will go over 
how we will implement this mission!

A new cross-cutting ML group



16Communication

hep-ml@lbl.gov

slack: lblhepml

Google calendar

Hopefully you are all 
signed up already

You are all welcome to 
join!  Feel free to ask 

technical questions, start 
collaborations, etc.

Please let me know about 
any relevant seminars / 

workshops and I will add 
them to the calendar.

N.B. need to use LBL or 
Berkeley email to sign up

mailto:hep-ml@lbl.gov
https://join.slack.com/t/lblhepml/signup
https://www.physics.lbl.gov/machinelearning/seminars/


17Computing

A technical aspect we can help with is to make it with software 
and computing.  We are compiling some resources here.

(Please let me know if you have suggestions!)

Additionally, if you do not have an account on Cori, we 
have an ML group account (m3705) that you can use while 

you become familiar with the computing environment.  

(Please ask me via email/
slack for details)

https://www.physics.lbl.gov/machinelearning/software-and-tools/


18Survey [50 responses]

Cosmo

Neutrinos

ATLAS

LZ



19Survey [50 responses]



20Group activities

Regular informal meetings with 
brief updates on work-in-progress

Regular seminars with invited 
external speakers on ML for HEP 

(+related topics)

A career panel with HEP alumni in 
the Bay Area working in industry 

applying machine learning?

A focused workshop on ML 
within the LBL Physics Division

A training session on ML tools for 
physics applications



21Group meetings

Based on this feedback, we will 
hold these meetings biweekly!



22Seminars

It may not be ideal to have another regular seminar, but I think 
through a combination of existing series and special ad-hoc 
events, we can achieve seminars with period ~ 2-4 weeks
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23Seminars

Physics Division Seminar  
(Today!!)

https://rpm.physics.lbl.gov/event/jesse-thaler-mit-tba/


It may not be ideal to have another regular seminar, but I think 
through a combination of existing series and special ad-hoc 
events, we can achieve seminars with period ~ 2-4 weeks

24Seminars

Physics Division Seminar  
(Today!!)

Berkeley Institute for 
Data Science Seminars 

(Next Monday!!)

https://rpm.physics.lbl.gov/event/jesse-thaler-mit-tba/


It may not be ideal to have another regular seminar, but I think 
through a combination of existing series and special ad-hoc 
events, we can achieve seminars with period ~ 2-4 weeks

Physics Division Seminar  
(Today!!)

25Seminars

https://www.physics.lbl.gov/machinelearning/seminars/

https://rpm.physics.lbl.gov/event/jesse-thaler-mit-tba/


It may not be ideal to have another regular seminar, but I think 
through a combination of existing series and special ad-hoc 
events, we can achieve seminars with period ~ 2-4 weeks

Physics Division Seminar  
(Today!!)

26Seminars

If you have a suggestion for a 
speaker, please let me know and 
I will look into inviting them!  It is 

especially “easy” now that all 
visits are virtual.

https://rpm.physics.lbl.gov/event/jesse-thaler-mit-tba/


27Training

~50% of respondents would be interested in an 
ML101 training and ~80% would be interested 

in a training on how to do ML on Cori.

There is already a lot of great material that exists so I 
will find a way to connect our group with existing 

resources and will also look into a dedicated training 
(volunteers are more than welcome!).

Other ideas: optimizing ML on Perlmutter, interpretability and 
uncertainty quantification, parallel computing with GPUs, the art-

versus-science of building complex ML workflows, how to interpret 
loss curves, biases from training data, physics-aware learning,…



28Alumni

Unlike most other areas of fundamental 
physics, there are many researchers who take 

their skills and apply them in industry.

The Bay Area is the worldwide capital of ML for 
industry and so many of these people are nearby.

Sometime soon I will try to organize an event (e.g. 
a career panel).  While I know many people in the 
area, please send me names of people you know!



29Directory

Join here: https://forms.gle/oYAExwH6rf2fK4CeA

Members of the Physics Division (including affiliates) are invited to join the 
ML group's directory.  Everyone is invited to participate in the group's 

activities, and we encourage division members who are actively 
developing, adapting, or deploying machine learning in their research to 
join the directory so we can be most effective in connecting researchers. 

https://www.physics.lbl.gov/directory/mlearn/


30Future meetings

I was envisioning (feedback welcome!) to have a brief 
news roundtable followed by ~2 informal talks about 
work-in-progress (~15 min or so).  Here is a sign up 

sheet for the meetings for the rest of the year.

There was also interest in a workshop of some kind.  It would 
be great to hear your feedback and if anyone is interested in 

volunteering to help organize, please let me know.

https://docs.google.com/document/d/1TewGloUVz-w6bNZQyNDxGOtJWm3ztRbrJrS5YcS90-c/edit?usp=sharing
https://docs.google.com/document/d/1TewGloUVz-w6bNZQyNDxGOtJWm3ztRbrJrS5YcS90-c/edit?usp=sharing


31Conclusions and outlook

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
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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 

 
aStanford University, Institute for Computational and Mathematical Engineering (ICME), bSLAC National Accelerator Laboratory,  cStanford University, Department of Statistics 

We are really just getting 
started, so your ideas and 
contributions are essential!

The Physics Division (+ friends) 
is well-positioned to be the 

leader of machine learning for 
fundamental physics

This new group is designed to 
connect and empower 
researchers in this area
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