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Physics story: Nothing is ever new

LHC visionaries

– 1991: NN-based quark-gluon tagger [visionary: Lönnblad, Peterson, Rögnvaldsson]
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Physics story: Nothing is ever new

LHC visionaries

– 1991: NN-based quark-gluon tagger [visionary: Lönnblad, Peterson, Rögnvaldsson]

– 1994: jet-algorithm W /top-tagger [Seymour]
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Fat jet taggers

Look what makes jets [Pre-LHC, jets were just annoying]

– top jets from t → bqq̄′ vs QCD jets

– top decays well-defined in theory

– labelled sample: semileptonic t t̄ events

⇒ Fat jets as LHC physics playground 1
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Simple top tagging [ask Michi]

1– fat jet with pT > 200 GeV

2– filtering defining 3-5 decay jets

3– top mass window m123 = [150, 200] GeV

4– mass plane cuts extracting mij ≈ mW

⇒ Not rocket science, but crucial to build trust
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Multi-variate taggers

Developing the benchmark

– multivariate analysis generally old news
multivariate tagger to keep up with shower deconstruction [Soper, Spannowsky]

– optimal fat jet size Ropt [large to decay jets, small to avoid combinatorics, compute from kinematics]

|m123−m(Rmax)
123 | < 0.2 m(Rmax)

123 ⇒ Ropt

– add N-subjettiness [Thaler, van Tilburg]

– {m123, fW ,Ropt − R(calc)
opt , τj , τ

(filt)
j }

⇒ Theory all but precision

Fat jet and top kinematics

– jet radiation major problem for Z ′ search

– tag and reconstruction in each other’s way

– {...,mtt , pT ,t ,m
(filt)
jj , p(filt)

T ,j }
⇒ Best we can do?
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Jet image machines

Natural next step [Cogan etal, Oliveira, Nachman etal, Baldi, Whiteson etal (2014/15)]

– why intermediate high-level variables?

– as much data as possible

– calorimeter output as image

⇒ Deep learning = modern networks on low-level observables
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Jet image machines

Natural next step [Cogan etal, Oliveira, Nachman etal, Baldi, Whiteson etal (2014/15)]

– why intermediate high-level variables?

– as much data as possible

– calorimeter output as image

⇒ Deep learning = modern networks on low-level observables

Convolutional network [Kasieczka, TP, Russell, Schell; Macaluso, Shih]
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– image recognition standard ML task

– rapidity vs azimuthal angle, colored by energy deposition

– top tagging on 2D jet images

– 40× 40 bins through calorimeter resolution
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Why LHC? Why jets?

Data from ATLAS & CMS

– most LHC interactions qq̄, gg → qq̄, gg

– quarks/gluon visible as jets σpp→jj × L ≈ 108fb× 80/fb ≈ 1010 events

⇒ It’s big data
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Why LHC? Why jets?

Data from ATLAS & CMS

– most LHC interactions qq̄, gg → qq̄, gg

– quarks/gluon visible as jets σpp→jj × L ≈ 108fb× 80/fb ≈ 1010 events

⇒ It’s big data

Physics in jets

– re-summed perturbative QFT prediction from QCD

– jets as decay products
67% W → jj 70% Z → jj 60% H → jj 67% t → jjj 60% τ → j ...

– new physics in ‘dark showers’

⇒ It’s fundamentally interesting
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Why LHC? Why jets?

Data from ATLAS & CMS

– most LHC interactions qq̄, gg → qq̄, gg

– quarks/gluon visible as jets σpp→jj × L ≈ 108fb× 80/fb ≈ 1010 events

⇒ It’s big data

Physics in jets

– re-summed perturbative QFT prediction from QCD

– jets as decay products
67% W → jj 70% Z → jj 60% H → jj 67% t → jjj 60% τ → j ...

– new physics in ‘dark showers’

⇒ It’s fundamentally interesting

Monte Carlo data

– QCD simulation: Sherpa, Pythia, Herwig [Madgraph]

– fast detector simulation: Delphes

– data-to-data comparison: MC vs LHC

⇒ We can simulate it
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Inside DeepTop

Particle physicists as ‘users’ [Kasieczka, TP, Russell, Schell; Macaluso & Shih]

– 2+2 convolutional layers
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Inside DeepTop

Particle physicists as ‘users’ [Kasieczka, TP, Russell, Schell; Macaluso & Shih]

– 2+2 convolutional layers

– 3 fully connected layers
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Inside DeepTop

Particle physicists as ‘users’ [Kasieczka, TP, Russell, Schell; Macaluso & Shih]

– 2+2 convolutional layers

– 3 fully connected layers

– Pearson input-output correlation [pixel x vs label y ]
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∑

images

(
xij − x̄ij

)
(y − ȳ)
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Inside DeepTop

Particle physicists as ‘users’ [Kasieczka, TP, Russell, Schell; Macaluso & Shih]

– 2+2 convolutional layers

– 3 fully connected layers

– Pearson input-output correlation [pixel x vs label y ]

rij ≈
∑

images

(
xij − x̄ij

)
(y − ȳ)

– comparison to MotherOfTaggers BDT

⇒ Understandable performance gain
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Inside DeepTop

Particle physicists as ‘users’ [Kasieczka, TP, Russell, Schell; Macaluso & Shih]

– 2+2 convolutional layers

– 3 fully connected layers

– Pearson input-output correlation [pixel x vs label y ]

rij ≈
∑

images

(
xij − x̄ij

)
(y − ȳ)

– comparison to MotherOfTaggers BDT

⇒ Understandable performance gain

DeepTop minimal

Training

Architecture

Preprocessing

Sample size
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Inside DeepTop

Particle physicists as ‘users’ [Kasieczka, TP, Russell, Schell; Macaluso & Shih]

– 2+2 convolutional layers

– 3 fully connected layers

– Pearson input-output correlation [pixel x vs label y ]

rij ≈
∑

images

(
xij − x̄ij

)
(y − ȳ)

⇒ Understandable performance gain

Typical reaction: ‘F*** you, you f***ing machine’

– full control for supervised learning
easy checks for correctly identified signal/background

– MC truth vs MotherOfTaggers vs DeepTop

fat jet mass
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Theory inspiration

4-vector input — graph CNN [Butter, Kasieczka, TP, Russell; much better versions by now]

– physics objects from calorimeter and tracker

– distance measure known from e&m [alternatively: Erdmann, Rath, Rieger]

Inspired by QFT

– input 4-vectors (kµ,i )

– jet algorithm −→ combination layer

kµ,i
CoLa−→ k̃µ,j = kµ,i Cij

– observables −→ Lorentz layer

k̃j
LoLa−→ k̂j =


m2(k̃j )

pT (k̃j )

...


⇒ Learn Minkowski metric

g =diag(0.99±0.02,

−1.01±0.01,−1.01±0.02,−0.99±0.02)
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Jet classification done

– many networks successful
⇒ Which one to pick?
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When reality hits

ML-Life is not always nice to us [Kasieczka, Kiefer, TP, Thompson]

– quark-gluon tagging a problem since 1991

– quark jets typical for resonance searches
gluon jets typical as dark matter recoil
...

– BDT/NN on high-level variables established

⇒ deep-learning advantage gone after detector simulation, REALLY???
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Learning background only

Fully supervised classification boring [Heimel, Kasieczka, TP, Thompson; Farina, Macari, Shih; David’s talk]

– anomaly searches, only training on ‘background’

– established ML concept: autoencoder

– reconstruct typical QCD jet image from many QCD jets
reduce weights in central layer, compress information to ‘typical’

– outliers hard to describe, (hopefully) non-QCD less compressible

⇒ Making an okay tagger
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Learning background only

Fully supervised classification boring [Heimel, Kasieczka, TP, Thompson; Farina, Macari, Shih; David’s talk]

– anomaly searches, only training on ‘background’

– established ML concept: autoencoder

– reconstruct typical QCD jet image from many QCD jets
reduce weights in central layer, compress information to ‘typical’

– outliers hard to describe, (hopefully) non-QCD less compressible

⇒ Making an okay tagger

De-correlate background shaping, define side bands

– established concept: adversary [Shimmin,...]
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Learning background only

Fully supervised classification boring [Heimel, Kasieczka, TP, Thompson; Farina, Macari, Shih; David’s talk]

– anomaly searches, only training on ‘background’

– established ML concept: autoencoder

– reconstruct typical QCD jet image from many QCD jets
reduce weights in central layer, compress information to ‘typical’

– outliers hard to describe, (hopefully) non-QCD less compressible

⇒ Making an okay tagger

De-correlate background shaping, define side bands

– established concept: adversary [Shimmin,...]

– atypical QCD jets typially with large jet mass
remove jet mass from network training
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Learning background only

Fully supervised classification boring [Heimel, Kasieczka, TP, Thompson; Farina, Macari, Shih; David’s talk]

– anomaly searches, only training on ‘background’

– established ML concept: autoencoder

– reconstruct typical QCD jet image from many QCD jets
reduce weights in central layer, compress information to ‘typical’

– outliers hard to describe, (hopefully) non-QCD less compressible

⇒ Making an okay tagger

The whole thing on anomalous LHC events [Cerri, Nguyen, Pierini, Spiropulu, Vlimant]

– same thing on full events

– training data a problem

– variational autoencoder more powerful

⇒ Proof of concept...
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Classification with error bars

Propagating uncertainties

– (60±??)% top, uncertainty from training
– probability for test event p(c∗|C) [classifier output C, network ω]

p(c∗|C) =

∫
dω p(c∗|ω,C) p(ω|C) =

∫
dω p(c∗|ω,C) q(ω)

– for instance minimize Kullbeck-Leibler divergence [Bayes’ theorem]

KL[q(ω), p(ω|C)] =

∫
dω q(ω) log

q(ω)

p(ω|C)

=

∫
dω q(ω) log

q(ω)p(C)

p(C|ω)p(ω)

= KL[q(ω), p(ω)]︸ ︷︷ ︸
L2-regularization

+ log p(C)

∫
dω q(ω)︸ ︷︷ ︸

normalization of q, irrelevant

−
∫

dω q(ω) log p(C|ω)︸ ︷︷ ︸
likelihood, maximized

– minimum condition [Gaussian ω = {µ, σ}]

∂

∂ω

∫
dω q(ω) log p(C|ω) = 0

– sample in ω to extract (µpred, σpred) jet by jet...

...and check prior dependence [Gaussian, 5 orders in width]
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Classification with error bars

Propagating uncertainties

– (60±??)% top, uncertainty from training
– probability for test event p(c∗|C) [classifier output C, network ω]

p(c∗|C) =

∫
dω p(c∗|ω,C) p(ω|C) =

∫
dω p(c∗|ω,C) q(ω)

– sample in ω to extract (µpred, σpred) jet by jet...

Complication with classification

– sigmoid to map on closed interval [0, 1]

Sigmoid(x) =
ex

1 + ex

– predictive mean

µpred =

∫ ∞
−∞

dω Sigmoid(ω) Gµ,σ(ω)

=

∫ 1

0
dx

x
x(1− x)

Gµ,σ
(

log
x

1− x

)
∈ [0, 1]

– predictive standard deviation

σpred ≈ µpred
(
1− µpred

)
σ

(unconstr)
pred

⇒ Additional complication...
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Statistics & systematics

Training statistics [Bollweg, Haussmann, Kasieczka, Luchmann, TP, Thompson; Ben’s talk]

– Bayesian version of DeepTop and LoLa

– similar performance as deterministic network
training time somewhat increased
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Statistics & systematics

Training statistics [Bollweg, Haussmann, Kasieczka, Luchmann, TP, Thompson; Ben’s talk]

– Bayesian version of DeepTop and LoLa

– similar performance as deterministic network
training time somewhat increased

– correlation between µpred and σpred [toy network, 10k jets]

– increasing training statistics [parabola from closed interval output]
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Statistics & systematics

Training statistics [Bollweg, Haussmann, Kasieczka, Luchmann, TP, Thompson; Ben’s talk]

– Bayesian version of DeepTop and LoLa

– similar performance as deterministic network
training time somewhat increased

– correlation between µpred and σpred [toy network, 10k jets]

– increasing training statistics [parabola from closed interval output]

Noise/pile-up

– increasing pile-up, stable [LoLa, ordered constituents]
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Statistics & systematics

Training statistics [Bollweg, Haussmann, Kasieczka, Luchmann, TP, Thompson; Ben’s talk]

– Bayesian version of DeepTop and LoLa

– similar performance as deterministic network
training time somewhat increased

– correlation between µpred and σpred [toy network, 10k jets]

– increasing training statistics [parabola from closed interval output]

Noise/pile-up

– increasing pile-up, stable [LoLa, ordered constituents]

– increasing pile-up, unstable [DeepTop, jet image]
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Statistics & systematics

Training statistics [Bollweg, Haussmann, Kasieczka, Luchmann, TP, Thompson; Ben’s talk]

– Bayesian version of DeepTop and LoLa

– similar performance as deterministic network
training time somewhat increased

– correlation between µpred and σpred [toy network, 10k jets]

– increasing training statistics [parabola from closed interval output]

Jet energy scale

– systematics effect in test sample

1– shift of hardest constituent

– adversarial example: hierarchical subjets = top
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Statistics & systematics

Training statistics [Bollweg, Haussmann, Kasieczka, Luchmann, TP, Thompson; Ben’s talk]

– Bayesian version of DeepTop and LoLa

– similar performance as deterministic network
training time somewhat increased

– correlation between µpred and σpred [toy network, 10k jets]

– increasing training statistics [parabola from closed interval output]

Jet energy scale

– systematics effect in test sample

1– shift of hardest constituent

– adversarial example: hierarchical subjets = top

2– uncorrelated shift of all constituents

– tiny degradation for signal

⇒ More studies needed
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Capsules vs CNN

Full events instead of fat jet

– sparse events with sparse objects

– training an open problem

– multi-label for different backgrounds

⇒ Need to go beyond CNN

Capsule networks [Diefenbacher, Frost, Kasieczka, TP, Thompson]

– vector output instead of scalar classification

– agreement by parallel vectors in feature space
– new squashing prescription

v →
~v2

1 + ~v2
v̂ 6=

|~v |√
1 + |~v |2

v̂

– pooling vs stride convolutions?

⇒ properties and geometry in vector entries [eyes, nose, mouth]
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Capsules vs CNN

Full events instead of fat jet

– sparse events with sparse objects

– training an open problem

– multi-label for different backgrounds

⇒ Need to go beyond CNN

Z ′ → t t̄ resonance

– subjet-level: jj background [conv setup]

– event-level: t t̄ continuum [pool w/ 3 classes]

– still not perfect in t t̄ continuum rejection

– next step t t̄H...
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Organizing information

2D toy network for Z ′ → t t̄

– signal capsule/events

– classification through radius

– azimuthal angle to organize information

– jet rapidity the key
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Organizing information

2D toy network for Z ′ → t t̄

– signal capsule/events

– classification through radius

– azimuthal angle to organize information

– jet rapidity the key
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– background capsule/events

– back-to-back topology -1
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The future

Machine learning is an amazing tool box...

...LHC physics really is big data

...imagine recognition is a starting point

...deep learning is not just classification

...jets are not the only interesting objects at LHC

...Bayesian networks are extremely likable

...capsule networks useful for full events

Let’s find some really cool applications!
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