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beam into and
out of the page



. Orientation Part |

beam from
left and right

beam into and
out of the page



. Orientation Part |

Run Number: 160958, Event Number: 23181152
Date: 2010-08-08 13:57:31 CEST
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beam into and “Unroll” the calorimeter - this is
out of the page where we naturally think about jets.
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Orientation Part |l

- R Jet: a collimated stream of particles resulting from
| 140 T the production of high energy quarks and gluons.

Jets are ~circular in
these coordinates

%AILAS

EXPERIMENT




Orientation Part Il

Jet structure contains information about the quarks & gluons

However, jets are not unique!

Jets are defined by
clustering algorithms

Easy

How many |ets”
Where are they?
ow big are they?

What is their origin®

Hard

This Is the ~entire calorimeter

10
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Charged-weighted energy



Orientation Part Il

Jet structure contains information about the quarks & gluons

However, jets are not unique!

Jets are defined by
clustering algorithms

Easy

How many jets”?
Where are they?
ow big are they?
What is their origin®

Hard

10k events

300

200
100

hted energy
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Machine learning in jet physics o

ML Is no stranger to jet physics - custom unsuperviseo
learning techniques are used to cluster jets.

ATLAS Preliminary Simulation Pythia di-jet

Pythia di-jet
IIIII ]]lil][l][ ]TII]IIITIVFIJl!l](l]fll— Ill
- e e . L

ATLAS Preliminary Simulation

& 6 — L6

o - ©

T F O

© 5 = © s

o r o
4:— —
3:— s 2
. 8 8
2:_ I g 10’ 2 10’
] . R 10° 102
1— : _
- ATLAS Jet Event Displays g™ 10
’-l L1l l lﬁl L1 l L1l i1l l L 11l l L1 l.l 1 'l l.l l‘!'.l L1 .I Ll I-‘ —p— 9% -l ] . . ’ .l l.l '{‘.I 1 l.l "____
. 0 1 2 3 y4 ! % 3 2 a1 0 1 2 3 y4 !

However, the extensive ML toolkit can be used to enhance
and enrich the study of jets and their substructure.


http://arxiv.org/abs/0802.1189
https://twiki.cern.ch/twiki/bin/view/AtlasPublic/JetEtmissApprovedBOOST2014EventDisplays

: ol T T\l
~Our philosophy =
Optimization S —o

The bottom line is performance, but also, can s, e egor
we build new, better (simple?) features? 2 :

~ i

DI a

e I Teaching the Learning 3"

" We don't want the ML to re-learn ‘'os o7 os 09 1
| 5 . : y Top Quark Efficiency

\ . the basics of special relativity. . ROG from Fuzzy fets [1]
= 4 Goal: boost performance with domain-specific input.

Fig. Unrotated W jet image

Learning from the Learning

The core of our work is to extract
information about what the ML is learning.
A key component of this is visualization. u

(You have seen many teasers already!)
Fig. Fisher jet from W versus QCD [2].
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Fixed
representations

Learned ..
representations

Fig. Fuzzy jets from top quark events [1].

Fig. Processed W jet image [2].

) Example:
Jet Images

Example:
Fuzzy jets




What are fuzzy jets?

Postulate an event likelihood and then
minimize given the measured particles.

| In machine learning,
OF! b this is called a
i mixture model

example likelihood with
Gaussians and k = 3

=0.2




Why Fuzzy

—— ML assighments

Pythia 8 /M Subl/leading jet
Vs =8 TeV 7' — tt

NS

Rotated Azimuthal Angle (¢)
NI

Pseudorapidity (7)

Color intensity = probability of
belonging to the red/blue jet

Outcome: location and
shape of jets

Compute
Pr(particle i  jet j)

There are no hard
membperships!



One technical slide: the (log) likelihood T

o =1 Implies
/’ of Inputs IRC safety |
/ number of jets

Learn: © and @ number

jet properties l

m k
log L({pr.:;pi}|0) = > pFilog | > mif(pil6;) | .
i—1 =1

f = (Gaussian (as an example
Modification to ( Ple)
the usual mixture T = prior

model paradigm (initialized as uniform)




Domain specific modification

o =1 Implies
IRC safety

P1

)

Algorithm must be insensitive to

soft particles (IR-safe)
collinear splittings (C-safe)

This modification does not spoill
the ML and ensures |IRC safety



o1 AL
Fuzzy jets vary in size and can overlap! o
(in general they can vary in shape, but we using circles here)

Fuzzy Jets anti-ki
Pythia 8 Pythia 8
Azn\/E:STeV Z —tt Azn\/E:STeV Z —tt
= I = |
) ' N ) ‘
ED 3m 0 @ 10° Eb 3:c [ *‘ 10°
g / E g7 Q .. E
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Initialize the EM algorithm

Pseudorapidity (1)

with anti-k: jets

Pseudorapidity (1)
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What can you learn with fuzzy jets”

One useful variable is the size o of the leading fuzzy jet

150 < mJet < 200 GeV

Pythia 8 350 < p3°t < 450 GeV
Vs =8 TeV Z — tt
] T T ] 103; [ L L BN
014" Pythia 8 QCD : 7 —
- : : — 132
0.12Vs =8 TeV Z' — tt
» [ 350 < pP€t <450 GeV W — adq’ - o — 0 and 13;
= i : a9 - S 1021 R i
= 0. 2104 andom tagger-
- i k3! : -
> 0.08f L0 f
s b g
= 0.06¢ -
o) - @) 102— =
< 0.04] &t
OE | R ST B Rl e i E RN
0 0.5 1 0.6 0.7 0.8 0.9 1

Leading Learned o

The leading size scale with m/pt whereas the generic fuzzy

Top Quark Efficiency

jet is rather independent of the process (and is large).
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The Jet image

Simple, but powerful paradigm proposed by M. Kagan et al. [2]
|dea: use image processing techniques on jets!
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Pre-processing and the symmetries of space-time

Pre-process
Real detectors are

(Pixelate) already pixelated!



Pre-processing and the symmetries of space-time

Pre-process

Translations inm
are boosts along z Translate

Translations In ¢ are
rotations in space



Pre-processing and the symmetries of space-time  ww

Pre-process

Radiation Is symmetric
about the jet axis
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Pre-processing and the symmetries of space-time

g

5

=
5

Need to convert the
rotated grid into a grid!

Pre-process

Re-grid



Pre-processing and the symmetries of space-time

Pre-process
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Pre-processing and the symmetries of space-time e

v

Translations inm
are boosts along z

Translations In ¢ are
rotations in space

Need to convert the

g

+-; *
5

Pre-process

(Pixelate)

}

Translate

}

Rotate

}

Re-grid

!

rotated grid into a grid!

show one at a time

Real detectors are
already pixelated!

Radiation Is symmetric

about the jet axis
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Pre-processing and the symmetries of space-time ==

Pre-process

(Pixelate)

Translate

Rotate

Re-grid

Flip

Pythia 8, W'— WZ, \s=13 TeV

240 < pT/GeV <260 GeV, 65 < mass/GeV < 95

—L

o

[Translated] Azimuthal Angle (¢)
o
ol

o
o

-9
1 05 0 05 1 10

[Translated] Pseudorapidity (n)

Pythia 8, QCD dijets, Vs =13 TeV

240 < pT/GeV <260 GeV, 65 < mass/GeV <95
10°

—L

[Translated] Azimuthal Angle (¢)
o
ol

-1 -0.5 0 0.5 1
[Translated] Pseudorapidity (n)

Pixel P, [GeV]

Pixel P, [GeV]

Rotate,
Re-grid
& Flip

[Translated] Azimuthal Angle (¢)

[Translated] Azimuthal Angle (¢)

Pythia 8, W'— WZ, \s=13 TeV

240 < pT/GeV <260 GeV, 65 <mass/GeV <95

Pixel P, [GeV]

-9
-1 -0.5 0 05 1 10

[Translated] Pseudorapidity (v)

Pythia 8, QCD dijets, Vs =13 TeV

240 < pT/GeV <260 GeV, 65 <mass/GeV <95

Pixel P, [GeV]

10°

-1 -0.5 0 0.5 1
[Translated] Pseudorapidity (v)



Pre-processing and the symmetries of space-time ==z

One of the most useful physics- ~ Miet® ~ 2i<j Ei Ej 62
inspired features is the jet mass

— No pixelation

— Only pixelation

|.=l—'_|_ || L1 1 1 .

60 70 80 90 100 110
/ Jet Mass / GeV

(distribution peaked at the W boson mass)



Pre-processing and the symmetries of space-time == =zuws

One of the most useful physics- ~ Miet® ~ 2i<j Ei Ej 62
inspired features is the jet mass

— No pixelation

— Only pixelation

Pix+Translate

— Pix+Translate+Flip

60 /70 80 90 100 110
)/ Jet Mass / GeV

(distribution peaked at the W boson mass



Pre-processing and the symmetries of space-time ==z

One of the most useful physics- ~ Miet® ~ 2i<j Ei Ej 62
inspired features is the jet mass

— No pixelation

— Only pixelation

Information about - - Pix+Translate (naive) (x0.75)
the jet mass can be
washed out without

care in preprocessing

I R T T R R B R |m L1 I
60 70 80 90 100 110
o / Jet Mass / GeV
(distribution peaked at the W boson mass)



Pre-processing and the symmetries of space-time ==z

One of the most useful physics- ~ Miet® ~ 2i<j Ei Ej 62
inspired features is the jet mass

— No pixelation

— Only pixelation

Information about
the jet mass can be
washed out without

care in preprocessing — — Pix+Translate+w/2 Rotation
;'=|: |
I e o [N (N NI N N N S R =|'_?|—h—g=|_ I I
60 70 30 90 100 110
o / Jet Mass / GeV
(distribution peaked at the W boson mass)



Pre-processing and the symmetries of space-time ==z

One of the most useful physics- ~ Miet® ~ 2i<j Ei Ej 62
inspired features is the jet mass

— No pixelation

— Only pixelation

Information about
the jet mass can be
washed out without

care in preprocessing

Pix+Translate+pZ norm (x170)

—

- |
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60 70 80 90 100 110
N / Jet Mass / GeV
(distribution peaked at the W boson mass)



Pre-processing and the symmetries of space-time ===z

One of the most useful physics- ~ Miet® ~ 2i<j Ei Ej 62
inspired features is the jet mass

— No pixelation

— Only pixelation

Information about - - Pix+Translate (naive) (x0.75)
the jet mass can be Pix+Translate
washed out without — Pix+Translate+Flip
care in preprocessing E:_ — Pix+Translate+m/2 Rotation
Pix+Translate+pZ norm (x170)

7 = T
| |__4;|=¥j__?:|r_| R B m R
60 70 80 90 100 110
o / Jet Mass / GeV
(distribution peaked at the W boson mass)



Intuition via analogy e ol

In both pictures, total intensity of
| Einstein’s face I1s about the same.

uniform moderate
4 intensity ~

However, his face’'s image
mass is gquite different!

Photos from: http://mentalfloss.com/article/49222/11-unserious-photos-albert-einstein



http://mentalfloss.com/article/49222/11-unserious-photos-albert-einstein

Intuition via analogy e el

In both pictures, total intensity of
| Einstein’s face I1s about the same.

uniform moderate
4 intensity ~

In standard computer
vision, you likely don’t
want to be sensitive to
this! ...not the case for

jet images! g However, his face’s image
Ly’ e : mass is quite different!

P S SR E S

Photos from: http://mentalfloss.com/article/49222/11-unserious-photos-albert-einstein



http://mentalfloss.com/article/49222/11-unserious-photos-albert-einstein

Pre-processing and the symmetries of space-time

Pythia 8, Vs = 13 TeV

240 < pT/GeV <260 GeV, 65 < mass/GeV <95

30

— No pixelation

— Only pixelation

1/(Background Efficiency)

] ] ] | ] ] ] | ] ] ]
8.2 0.4 0.6 0.8
Signal Efficiency



Pre-processing and the symmetries of space-time

1/(Background Efficiency)

30

20

Pythia 8, Vs = 13 TeV

240 < pT/GeV <260 GeV, 65 < mass/GeV <95

— No pixelation
— Only pixelation

Pix+Translate

— Pix+Translate+Flip

0.6 0.8
Signal Efficiency



Pre-processing and the symmetries of space-time

1/(Background Efficiency)

Pythia 8, Vs = 13 TeV

240 < pT/GeV <260 GeV, 65 < mass/GeV <95

30

20—

— No pixelation
— Only pixelation

— Pix+Translate+r/2 Rotation

0.4 0.6 0.8
Signal Efficiency



Pre-processing and the symmetries of space-time

1/(Background Efficiency)

30

20

10

Pythia 8, Vs = 13 TeV

240 < pT/GeV <260 GeV, 65 < mass/GeV <95

— No pixelation
— Only pixelation

Pix+TransIate+p$ norm

0.6 0.8
Signal Efficiency



Pre-processing and the symmetries of space-time

Pythia 8, Vs = 13 TeV

240 < pT/GeV <260 GeV, 65 < mass/GeV <95

30

— No pixelation
— Only pixelation
- -Pix+Translate (naive)

1/(Background Efficiency)

Signal Efficiency



Pre-processing and the symmetries of space-time

1/(Background Efficiency)

30

20

Pythia 8, Vs = 13 TeV

240 < pT/GeV <260 GeV, 65 < mass/GeV <95

— No pixelation

— Only pixelation

- -Pix+Translate (naive)
Pix+Translate

— Pix+Translate+Flip

— Pix+Translate+mr/2 Rotation

Pix+TransIate+p$ norm

Signal Efficiency
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Where is the discrimination?
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Pythia 8, W'— WZ, \s=13 TeV

240 < pT/GeV <260 GeV,0.19 < T1,, <0.21,79 <mass/GeV < 81

10°

108
10°

-1-1 -0.8-06-04-02 0 0.2 04 06 08 1

[Translated] Pseudorapidity (n)

The jet image paradigm allows us to visualize this information!
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[Translated] Pseudorapidity (n)

Pythia 8, W'— WZ, \s=13TeV
240 < pT/GeV <260 GeV,0.59 < T, < 0.61,79 < mass/GeV < 81
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[Translated] Pseudorapidity (n)

—) €SS Pronounced second SUD|El  ——————

Pythia 8, QCD dijets, Vs =13 TeV

240 < pT/GeV <260 GeV,0.19 < T,, <0.21,79 < mass/GeV < 81

3 1 : 10°
< 0.8F 107
< 10
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[Translated] Pseudorapidity (n)

Pixel P, [GeV]

Pythia 8, QCD dijets, Vs =13 TeV

240 < pT/GeV <260 GeV,0.39 < 1, <0.41,79 <mass/GeV < 81
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[Translated] Pseudorapidity (n)

Pixel P, [GeV]

Pythia 8, QCD dijets, Vs = 13 TeV

240 < pT/GeV <260 GeV,0.59 < 1,, <0.61,79 <mass/GeV < 81
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Pixel P, [GeV]
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Where is the discrimination? o

[Translated] Azimuthal Angle (¢)

You can see the physics!

Pythia 8, Ys=13 TeV Pythia 8, Vs=13 TeV Pythia 8, Ys=13 TeV
240<pT/GeV<260 GeV,0.19 < 7, <0.21,79 <mass/GeV < 81 240<pT/GeV<260 GeV,039 < 71, <041,79 <mass/GeV <81 240<pT/GeV<260 GeV,0.59 < 1, <0.61,79 <mass/GeV < 81
1 5 = = 1c 5 < = T 5
o () o 5 O ;; -
0.8F 4 e  08F 4 2 D 0.8F 4
" < F < F
0.6F 3 2 = o06fF 3 2 = o6f 3
C S = S s
0.4F 2 3 2 0.4F 2 3 2 0.4F 2
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[Translated] Pseudorapidity () [Translated] Pseudorapidity () [Translated] Pseudorapidity ()

The distance gluon jet background
between subjets IS a color octet,
s slightly different diffuse radiation

—) |€SS pronounced second SuUbDjel  m—————

T

- background p_ ) [GeV]

( signal P,
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Now for some ML: Linear Discriminant Analysis

NATIONAL ACCELERATOR LABORATORY

Analogous to facial recognition with Fisher Faces, construct a
Fisher Jet:

Direction in the n x n image space that maximizes the

between class variance over the within class variance

Directly interpretable!

o 2T QCD-like " 06
O Radiation around 1% W-like
qD) 2ok subjet in QCD jets i 0.4
+— “
Q) Radiation along .
— direct; 0.2
N Irection
C 1.5F s between subjet - J
G Noinfoin ———y in Wejets 0.0
o presences of
— 1%t subjet 1-0.2
1.0F )
Wide 2nd 404
4— subjet in
05 B Hard Qnd QCDjetS- = _06
subjet n 08
ool Wjets 0.6 < Subjet AR < 0.8 |
) 1 1 1 1 L L 1
0.0 0.5 1.0 1.5 2.0 2.5 0

Cell

Translated n coefficient

The discriminant is the projection of
any image onto the Fisher Jet

500

Occupancy

............................................................................................

.............................................................................................

R REERRRrRRRE] IR Y S I R R YRR RN NN NN NERNR

SRR EENTE (EERERR] R R N O T R EEECENENEENNR

- W Jets
= Light Jets

N AR R AR R RN RN Rt E RN T

o4 -03 -02 -01 00 01 02 03 04 05

Fisher-Jet Output
(b) Fisher-Jet Discriminant Output



Introduce a non-linearity

Slightly worse performance as N-subjettines out-of-the-box;
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Even more non-linearity: Going Deep e s

Convolved
Convolutions Feature Layers

et ma s s E NN EEE R EEE AR EEEEEEEEEEEsssEEEEEssEEEEeessTTTniiiLLALAI LR R L LSRR nnYY S

Max-Pooling

Repeat

Apply deep learning techniques on jet images! [3]

convolutional nets are a standard image
processing technique; also consider maxout
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Performance Sl X
—45—-
Pythia 8, \s =13 TeV Pythia 8, \s =13 TeV
250 < pT/GeV <300 GeV, 65 < mass/GeV <95 250 < pT/GeV <300 GeV, 65 < mass/GeV <95
T B
S 150 — S 150
(s —— mass S — Mass+t,,
L - Ty L - mass+AR
2 - AR 2 ot
3 3 —1,+AR
O Fisher O 21
2 2 Maxout
§ 100 Maxout § 100
= —— Convnet = — Convnet
-------------------- Random

8.2 0.4 0.6 0.8
Signal Efficiency Signal Efficiency

Out-performs standard and well-performing features.
Maxout out-performs Convnet (more on this shortly)



Performance and a first look at what is learned

—46-

Pythia 8, \s =13 TeV Pythia 8, \s =13 TeV
250 < pT/GeV <300 GeV, 65 < mass/GeV <95 250 < pT/GeV <300 GeV, 65 < mass/GeV <95

5 B

S 150 — S 150

&) — mass+Maxout &) — mass+Convnet

W ®m\N e T, +Maxout e B T, +Convnet

2 2

8 AR+Maxout 8 AR+Convnet

% 100 Maxout (x? 100 Maxout

S S

28] — Convnet 28] — Convnet

S~ S~

50— 50

------------ prreese e b | | I . 1 ' t ' :
8.2 0.4 0.6 0.8 8.2 0.4 0.6 0.8
Signal Efficiency Signal Efficiency

A first indication that the networks are efficiently learning
angular information, but not all there is about the jet mass.

(N.B. only 3 coarse bins of mass are needed to achieve the boost!)



Learning about learning
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!

Advantage of CNN is that we can visualize the filters

'E.' HI :

E - E
il &
MTT "

- Convolutions

ren - ’ Y .

- II:l to Jet Images
| kL b |

Hi

- " ‘ r
i T B r k.
) . i - . o i
L

N .
3 0T KT S 111111

L

Data very sparse; convolution paradigm does not work as
intended (need large filters).

However, we can apply the new technique for visualization learned information
by convolving the filters with the images



Learning about learning
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—48—

DNN Output
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W —WZ vs. QCD (py,m,7y) flat hypercube
20 m €[65,95] GeV, py e[250 300] GeV, 7y €[0.2,0.8].

— Deep Network, trained on p; €[250,300] GeV inside cube
— Deep Network, trained on p; €[250,300] GeV outside cube
— My, Ty (2D likelihood)

83 0.3 0.4 0.5 0.6 0.7 0.8

signal

There is clearly something learned beyond (mass and)
There is certainly physics to learn: colorflow, etc.
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[Transformed] Azimuthal Angle (¢)

Correlation of Deep Network output with pixel activations. Correlation of Deep Network output with pixel activations.
py €[250,300] matched to QCD, my, €[65,95] GeV Lo M €[79,81] GeV, pr€[250,255] GeV, 7y, €[0.19,0.21]
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Pixel-by-pixel correlation between the network output
and pixel intensity: linear in z-axis but non-linear
spatial information. There is clearly some information
about the colortlow embedded in the neural network!

Pearson Correlation Coefficient



The Future T

Beyond optimizing discrimination, can we learn
what ML algorithms learn about physics?

-What can be gained by looking at data in new ways”?

-How to adapt ML algorithms to physics?

We have shown two examples:

Blurring jet clustering algorithms with Fuzzy Jets

-IRC safe likelihood-based approach to jet clustering

QICD—likel'
Radiation around 17 W-like Physics meets Computer Vision: Jet Images
| subjetin QCD jets i
N Radiation long -Powerful discrimination
" No info in _,‘ 1 ?;t\;fje;;“biet- -Intuitive v/sqa//zat/on to understand what
oot | / physics has been learned
- Wide Qnd-
“— subjet_in .
i QD jets Our goal: Continue to use powerful ML
subjet in . .
Wejets os <swjec ar<0s | t€CNNIQUES 10 learn about physics at the LHC
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For more information http://stanford.edu/group/hepml/
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‘Food for thought - mixture modeling on a cylinder

Naive Gaussian Density Wrapped Approximation
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Running fuzzy jets clustering

To minimize the IRC safe likelihood, we use an iterative
procedure called the EM algorithm (illustrated below)

Initialization 4
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E step: Given jet locations, compute the probability for a particle i to belong to jet |.

M step: Given the probabilities, compute the jet properties of jet j.
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Leading Anti-k; Jet m/pr

0 01 02 03 0.4 0.5 06 0.7

Leading Anti-k; Jet m/pr

The leading size scale with m/pT, but is not exactly
the same (so there is something to add).
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