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Why Deep Learning, Again?

Hypothesis () () Inference size, data complexity & reliance on simulators
— analyses pipelines have many knobs to tune
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Main promise of Help to efficiently explore configuration space of scientific

Deep Learning pipeline to optimally extract information

in HEP Deep Learning Advantages: data representations & gradients



Why is it important now & why is it hard?

LHC @ 13 TeV: the era beyond the low-hanging fruit
— focus on ever more challenging signals & phase-spaces

Good: High-velocity research cycles inside (IML) outside of HEP (CS)
Key Challenge: transfer from R&D to actual production usage

Today's Focus:

Methods In analysis going beyond vanilla Deep Learning with
successful R&D — In Production @ LHC experiments

(lots of interesting ML on simulation side discussed elsewhere)
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Unsupervised Domain Adaptation by Backpropagation
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Boosted, hadronic topologies:
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DeepResolved DeepAKS8

DeepAKS8-MD: adversarially tuned patices
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Approximating Likelihood Ratios with

Li kel i h OOd Rati O ESti m ati on Calibrated Discriminative Classifiers
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Classifiers (e.g. NNs, BDTs) trained to separate two populations .

are efficient per-event L'hood ratio estimators
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R&D Paper: Nov 2015 — Deployed for V(H—bb): July 2020
(similar technique used in e.g. arXiv:1806.04030)



Jet Reconstruction

alorimeter Towers

Jet p reconstruction challenging
in high-density environment of ALICE

e traditional method: pedestal-subtraction
with event-global background estimate

— limited at low p & large radil

p%ec _ p%aw - pA
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R&D Paper on Toy MC: Jun 2019 — Transfer to Real MC: Mar 2021

P ri m a ry ve rt ex Fi n d i N g A hybrid deep learning approach to vertexing

ldea:

Rui Fang!., Henry F Schreiner!:?2, Michael D Sokoloff!, Constantin

* project sparse 3D tracking data to 1D

ex| 8 Mar 2021

Progress in developing a hybrid deep learning algorithm
for identifying and locating primary vertices

Simon Akar'*, Gowtham Atluri!, Thomas Boettcher!, Michael Peters', Henry Schreiner?,
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distribution via kernel density estimation (KDE)

 Deep Learning (CNN) to process peaky
distribution to find primary vertiecs
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R&D Paper on Toy MC: Jun 2019 — Transfer to Real MC: Mar 2021
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Future Directions |

Attention Mechanisms

* Interpretable, self-
referencing networks

* foundation of recent
Impressive advances Iin
natural language models

Graph Networks

* natural representation inter-
acting variable-size inputs

heavy R&D In tracking
12 tagging, analysis

Pure ML (2017)
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Expected exclusion limits
at 68%, 99.7% CL

- - o — — RASCAL and SALLY arxiv:1805.00020

Future Directions I AN | e

/{’./ | AP htogram 2D histogram ~ —-= SALLY
v I/ o~ / ——- CARL CASCAL
. . . . % 00 '\f (\:‘/, oo ROLR ~—- RASCAL

Simulation-aided L'hood Ratio L / N —

» Internal Simulator states can | S L
make ratio estimation 100x N P L N
more data efficient S \

| . 0.050 - °\‘\. \\ "-.,.‘.'. AN
general trend of co-designing ML *;;W_\L‘:,
with simulator code T T

Differentiable Programming -

generalization from architecture w Vof

result

Z00 to new programming paradigm

* mix learnable blocks & physics structure
13 In end-to-end manner

i.f

alfferentlable
Yikelihoods

doi:10.21105/joss.02823



Outlook

Deep Learning is (becoming) mainstream in HEP in LHC analyses.
— deployed at each stage of analysis pipeline

Now focus on going beyond standard ML.: robust representations,
system classificaton, neural reweighting, detailed reco, ....

Impressive turnaround from R&D — production at LHC experiments

Many methods in R&D: Attention, Graphs, Simulation-based Inference
— Integrating them pays off, reaches otherwise inaccessible physics

14 — we're only at the beginning of Deep Learning in physics analysis
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