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Data analysis in HEP

Theory of everything Nature
v v
Experiment
v v
Detector-level observables  Detector-level observables
v v

Pattern recognition «—— Pattern recognition



Data analysis in HEP + Deep Learning

Theory of everythinn Nature
Fast Pgramgter
simulation ( * ) eiggﬂ:ﬁg / *
Physics simulators Experiment
v v
Detector-level observables Detector-level observables
' Vo)

Pattern recognition «—— Pattern recogn r..onstruction /

L Calibration / etc.
Classification to

enhance clustering

TR tracking
sensitivity pileup mitigation

signal versus background tagging



Data analysis in HEP + Deep Learning

A

Parameter
estimation /
unfolding



Data analysis in HEP + Deep Learning

N

Parameter
estimation /
unfolding

In low-dimensions, can try to explicitly model p(xIlparams).
In high-dimensions, p is intractable. Need likelihood-free!




All of the measurable information

Full phase space + likelihood free

New simulations i
morph one simulation into another i d

10 20
Multiplicity

Continuous variations
learn the dependence on parameters

0.680

Parameter estimation
use classification loss to fit parameters

A. Andreassen and BPN, 1909.03081 *¢ DCTR”

Unfolding
iterate the morphing to remove distortions

A. Andreassen et
al., 1911.09107



Full phase space reweighting

Facts: detector-level simulation is expensive; (e.g. Geant4)
pre-detector particle simulations (e.g. Pythia) are cheap.

Imagine we have one high-statistics expensive simulation.
(Pythia + Geant4)

Suppose there is another simulation of the pre-detector
dynamics. Can we use the pre-detector parts to
achieve a detector version of the new simulation”

Answer: Yes! Full phase space
reweighing with neural networks.



Likelihood free reweighting

Let x be a simulated event. It could be
composed of many hundreds of particles.

Suppose that p(x) and q(x) are the
densities for the two simulations.

We can reweight the first simulation into the second
by assigning per-event weights of q(x)/p(x).



Likelihood free reweighting

VO,
weighted (O(X))x~pr = D

X

l.e. any expectation value computed with weighted events (Pr, w)
IS the same as the expectation from a different probability (Pr’)

We can reweight the first simulation into the second
by assigning per-event weights of q(x)/p(x).



Likelihood free reweighting

Let x be a simulated event. It could be
composed of many hundreds of particles.

Suppose that p(x) and q(x) are the
densities for the two simulations.

We can reweight the first simulation into the second
by assigning per-event weights of q(x)/p(x).

...what if we don't (and can't easily) know ¢ and p?



Likelihood free reweighting

Solution: train a neural network to
distinguish the two simulations. Call this f.

't is not hard to show that it fis optimal and you
train with the most popular loss functions, then

flz) o alz)
—f(z) > p(w)

(for weighting, we don'’t care about overall constants -
in this case, it is the class imbalance during training)



Likelihood free reweighting




Example: electron-positron collisions

Learn a classifier on the full observable phase
space (momenta + particle tflavor) and then
check with some standard observables.

Our events have a variable number of particles & due to
guantum mechanics, are permutation invariant. Thus, we
use a deep-sets variant called particle flow networks.

PFNs: Komiske, Metod
Deep sets: Zaheer et a

iev, Thaler, JHEP 01 (2019) 121

, NIPS 2017



Example: electron-positron collisions

(]

~ Just to stress: this gives you a |
- new simulation with all the 4-
vectors that Is statistically
indistinguishable.



Example: electron-positron collisions

Learn a classifier on the full observable phase
space (momenta + particle flavor) and then
check with some standard 1D observables.
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Achieving precision
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Works also when
the differences
between the two
simulations are
small (left) or
localized (right).

These are
histogram ratios
for a series of
one-dimensional
observables



Parameterized reweighting

What it we have a new simulation with
multiple continuous parameters 67

= [Unweighted
Weighted

Easy - simply learn a 107
parameterized classifier™ | '

...simply add the
parameter as a feature
to the network during
training and let it learn 107

to Interpolate. 0.150 0.155 0.160 0.165  0.170
(s

“fine structure constant”

*see Cranmer, Pavez, Louppe, 1506.02169 of the strong force



Parameter estimation

What if we want to reweight with pre-detector
particles, but fit to detector-level objects”

f* = argmax min Z log g(zp,:)
0’ J 1€00

+ Zw(xT,i, 0)log(1l —g(xrp;))

1€0
Intuition: reweight until you f(z1,0)
can't distinguish the data from 1—f(zT,0)

the (reweighted) simulation!



Parameter estimation

Fit 3 (2 shown) parameters using the full phase space!

L.oss
0.9 . . — -0.710
=<+ Starting point -0.700
0.8 — == (Gradient descent path - 0.690
- U.
= <= Target value 0.680
E
N 0.7
<
o
P 0.670
0.6
0.5 0.669

0.10 0.11 0.12 0.13 0.14 0.15

TimeShower:alphaSvalue

*a different method was used for this fit - it is not a minimax procedure but doesn’t work at two levels ... ask later for details



Parameter estimation

Mean and standard deviation over 20 runs:
Parameter Target value| Fit value
_.|TimeShower:alphaSvalue 0.1200 0.1195 = 0.0022
3 StringZ:aLund 0.6000  |0.6276 + 0.0373
StringFlav:probStoUD 0.1200 0.1203 = 0.0071
O|TimeShower:alphaSvalue 0.1700 0.1707 + 0.0022
T StringZ:alund 0.7500  |0.7425 «+ 0.0453 ‘\
| StringFlav:probStoUD 0.1400  [0.1422 4 0.0065
Similar
spread
Parameter Target value| Fit value
1 D o |TimeShower:alphaSvalue 0.1600 0.1601 = 0.0018
° StringZ:alLund 0.8000 0.7980 = 0.0257
StringFlav:probStoUD 0.2750 0.2754 == 0.0065

The meaning of this “uncertainty” is discussed later.



Theory of everything Nature

v ¥
Particle-level Particle-level
v v

Detector-level Detector-level

Can we use this technique to take the full detector-level phase
space and correct it to the full particle-level phase space?

...high-dimensional, unbinned unfolding!




Full phase space unfolding: OmniFold

N

Emily Dickinson, #975

The Mountain sat upon the Plain
In his tremendous Chair —

His observation omnifold,

His inquest, everywhere —

A. Andreassen, E. Metodiev, P. Komiske,
BPN, J. Thaler, 1911.09107

The Seasons played around his knees
Like Children round a sire —
Grandfather of the Days is He

Of Dawn, the Ancestor —



Full phase space unfolding: OmniFold
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Full phase space unfolding: OmniFold

D% Notation: m = measured, t = true
W €Z
N T Ll X0, w0, X)) (@) = L0

P(w', x") (%)

Natural
7
}x

(accomplish with a classifier, as before)

e Simulation | ") | Generation
e vE" (m) = vp(t)  wBM(t) = wn(m)
(these are not functions, sincet - mis not 1:1)
lterate:
1. wp(m) = v2™(m) L[(1, Data), (v°"%", Sim.)](m),
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D/T: HERWIG 7.1.5 default
S/G: PYTHIA 8.243 tune 26
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Z+jet: p% > 200 GeV, R =0

4 ]

IBU = iterative Bayesian; one of the most widely used methods
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N-subjettiness Ratio 753
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One unfolding for OmniFold, 6 (one per) for IBU.
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One unfolding for OmniFold, 6 (one per) for IBU.

OmniFold is:

- Unbinned

- Full phase space (compute observables post-facto)
- Improves the resolution from auxiliary features



One unfolding for OmniFold, 6 (one per) for IBU.

OmniFold is:
Unbinned
Full phase space (compute observables post-facto)
Improves the resolution from auxiliary features

extreme example: ~ measured|true = true + X
X ~ N(/L, 0)

If you control for X (=auxiliary feature), response is a delta-function!




Intermediate summary

New simulations
morph one simulation into another

Continuous variations
learn the dependence on parameters

Parameter estimation
use classification loss to fit parameters

Unfolding
iterate the morphing to remove distortions

10 20
Multiplicity

0.680

A. Andreassen and BPN, 1909.03081 *¢ DCTR”

A. Andreassen et
al., 1909.03081



Uncertainties

But what are the uncertainties on the NN”7

- question asked by every reviewer



1. Tral

2. Def

3. Nor

To keep things simple, let's use
the following common example:

N a classifier (in sim.) for signal vs. background.
ne a control region and a signal region using (1).

malize simulation in CR.

4. Compare data and scaled simulation in SR.

5. Significantly different” go to Stockholm; else publish limits.

[
o
o

BG expected

n

c

% zz- CR + BG observed

5 SR

o 401

o]

£ 20 M

>

Z O 1 T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

o 1.5 _I_ + +

] SRS SNC SUTTTINC TR S 4

0 0.5- T + ++H '+ +

0.0 0.2 0.4 0.6
NN output

0.8 1.0

BPN & C. Shimmin, 1910.08606




Uncertainties for a NN-based analysis

Bad use of our data, time, money, etc. but not wrong.



Uncertainties for a NN-based analysis

!

Optimal by Neyman-Pearson

Note that this is not p(x|S) / p(x|B), however the
two are monotonically related to each other.



Uncertainties for a NN-based analysis

The distribution of the scaled sim. is not correct.



Uncertainties for a NN-based analysis

Ptrain (.’E) # Ptrue (CE)
Inaccurate training data

rue (Z|S+B
NN(X) Ptrue=—Ptrain # p;tru(:zlmlB) )

limited training statistics

model/optimization flexibility

Statistical uncertainty Systematic uncertainty

Pprediction (.’B) 7é Ptrue (.’23)

limited prediction statistics , .
Inaccurate prediction data

BPN, 1909.03081



How to estimate precision stat. uncerts.

limited training statistics

Statistical uncertainty

A

Dtrain (93) 76 Dtrue (I)
Inaccurate training data

wone 2emme YOU CaN always accomplish this by

model/optimization flexibility

bootstrapping: making pseudo-datasets
Prsn(€)# i) from resampling and then retraining.

inaccurate prediction data

limited prediction statistics

Ammtivmrmis | Dime: M. o (NN) £ n, (NN
Accuracy / Bias: Pprediction {1 NN) # DPtrue(NN)

't is important to fix the NN initialization so that
you are not also testing your sensitivity to that.

This can be painful because it
requires retraining many NNs.



How to estimate precision stat. uncerts.

A

pele) e Alternative: train one Bayesian NN?!

Inaccurate training data

PPPPPPP

T Hpred ©[0.45, 0.55]

Pprediction (-'L') # Dtrue (:L') U 1 6 - 1

inaccurate prediction data

0.15 -

Opred

0.13 ~

0.12 -

200 400 600 800 1000 1200
Training size/1000

S. Bollweg, M. HauBmann, G. Kasieczka, M.
Luchmann, T. Plehn, J. Thompson, 1904.10004



How to estimate precision syst. uncerts. \

Dtrain (93) 76 Ptrue (:17)

Inaccurate training data
Ptrue(z[S+B
N(X)|ptrue=ptrain # tp:rue(:EIB)

model/optimization flexibilit

Statistical uncertainty Systematic uncertainty

Pprediction (:L') # Dtrue (:1:)

inaccurate prediction data

as: Poredicion(NN) 7 Piuo(NN) One component is due to the
modeling of p(x) - more on this later.

As with all systematic uncertainties,
this Is hard to quantify.

limited training statistics

limited prediction statistics

Testing the flexibility of the network requires
checking the sensitivity to the architecture
, the initialization, the

training procedure



How to estimate bias stat. uncerts.

Dtrain (93) 76 Ptrue (:13)

Inaccurate training data

true (Z[S+B)
NN(X)|ptrue=ptrain % pp:ruex(:E]B)

This uncertainty Is post-training -
SR Bayesian NNs unfortunately won't help.

limited training statistics

Statistical uncertainty

Pprediction (T) # Ptrue (:L')

inaccurate prediction data

limited prediction statistics

A e D . M O nr (NN) £ n NN )
Accuracy / Bias: Pprediction \! Mg‘ 7= Ptrue\1\V1V)

Untortunately, this is often not small given
that we are now probing extreme final states
and have a limited computing budget.




How to estimate bias syst. uncerts.

—— This is the trickiest one...

Inaccurate training data

limited training statistics Ptrue(z|S+B)
g NN(X) |ptrue=ptrain # ptrue($|B)

model/optimization flexibility

Systematic uncertainty . beCEIUSG we ﬂeed the
uncertainty on the modeling of x
and x can be high-dimensional!

limited prediction statistics

In many cases, the uncertainties factorize, e.g. the uncertainty
on the jet energy Is measured and evaluated per |et.

What about physics modeling uncertainties where we usually
have a two-point comparison? (e.g. Pythia versus Herwig)



High-dimensional Bias

Uncertainties

One word of caution: curren
may be too naive for hig
(t

- paradigm for uncertainties

n-dimensional analysis!
ruly end-to-end)

e.g. for some uncertainties, we often compare two

different models - one

nuisance parameter.



High-dimensional Bias

Uncertainties

One word of caution: curren
may be too naive for hig
(t

- paradigm for uncertainties

n-dimensional analysis!
ruly end-to-end)

e.g. for some uncertainties, we often compare two

different models - one

nuisance parameter.

Answer: borrow tools from Al Safety



45

There Is a vast literature
on how easy it is to
“attack” a NN.

They want to know: how subtle
can an attack be and still
significantly impact the output.

| ing | QoQ SPEED

Mﬂd&th@.rsmaIUvna.lmnc% by Sampling () E* ) Output LIMIT

We know (hope?!) from Distributon 50|45
that nature is not euvil, il t Target

but these tools can
help us probe the
high-dimensional
sensitivity of our NNSs.

Perturbed Stop Sign Under

Varying Distances/Angles

kholt et. al, 1707.08945



Bounding high-dim. uncerts: strategy

J = jet (in all of its high-dimensional glory)

f = tixed classifier for signal vs. background

BPN & C. Shimmin, 1910.08606

g is alearned NN that maps J to J + oJ.

O(J) are observables that will be validated in the CR.



Bounding high-dim. uncerts: strategy

Fun fact: this requires
~ computing Oin the NN -
now have GPU
- Implementations of many
' standard observables!

-~



High-dimensional Uncertainty

Example case: Boosted Z’s versus QCD

unperturbed - == HL perturbed — L pertrubed

uuuuuuuuuuu

-~ background signal

HL = network with small
number of engineered features

uuuuuuuuuuu

LL classifier response

uuuuuuuuuuu

HL classifier response

uuuuuuuuuuu

= |
< h L = network trained on
4-vectors
o —
60 80 100 150 140 160 180 200 220

Jet mass [GeV]

It Is "easy” to preserve the
blue and modity the orange.

uuuuuuuuuuu

_ . prongines

‘\_\ﬁ—‘_‘_‘“k_‘
2 4 6 8 10

Jet D$=2

S



High-dimensional Uncertainty

Q
g Low-level
© 55— Low-level (undertrained)
O < :
— ——— Low-level (undertrained)
- — High-level
(@)
m 2-0.‘
>‘ - ———— -
— ._—’ Y
Q = \ >
>154 T === =TT T eNT \
O i o \,
8 - T T T Tl \
- — \\ Q\\ \
- 1.0 - \ h\\ \\
Q \\ \
.2 \ \\
45 \
- \
O 0.5 ~ Expected -~~~ Observed Random
m 1 1 1 1 1 1
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High-dimensional Uncertainty

Under training may help with robustness:

1.007 o * JN ° ° . . Low-level (converged)
. R o Low-level (undertrained)
€ 0.95 - °%e o e High-level (converged)
[S]
% o
o ®
3 0.90 - T
- o
S .
= more robust " .t
© 0.85 A A @ o
5 .
© ]
£ 0.80 - . o
L
2 better S
> @ o o
0.75 - performance :
0.78 0.80 0.82 0.84 0.86 0.88

classifier AUC

Perturbed significance improvement / nom. sig. improvement



How to reduce precision stat. uncerts.

Ptrain (:L‘) 7é DPtrue (:17)
Inaccurate training data

limited training statistics NN () |peraepecasn 7 %(lzg)m Tra I n W I t h m O re eve n tS l

model/optimization flexibility

Statistical uncertainty Systematic uncertainty

Pprediction (:L‘) 7é Ptrue (:L‘)
inaccurate prediction data

Accuracy / Bias: Pprediction (NN) # Dtrue (NN)

limited prediction statistics




How to reduce precision stat. uncerts.

limited training statistics

Statistical uncertainty

Ptrain (:1,‘) 7é DPtrue (:L‘)
inaccurate training data

NN op, P20 Train with more events!

model/optimization flexibility

limited prediction statistics sl ) . s m ay b e U S e N N ,S to h e | p W i t h th at

inaccurate prediction data

Accuracy / Bias: Pprediction (NN) # Dtrue (NN)

M. Paganini, L. de Oliveira, BPN, PRL 120 (2018) 042003 + many others (including some from other people here!)



How to reduce precision syst. uncerts.

Dtrain (:13) 7é Ptrue (:E)

Inaccurate training data
Ptrue(z[S+B
N(X)|ptrue=ptrain # tp:rue(:ﬂB)

model/optimization flexibilit

Statistical uncertainty Systematic uncertainty

Pprediction (:L') # Dtrue (:1:)

inaccurate prediction data

You might be tempted to force
the NN to not depend on some
uncertain parameters.

limited training statistics

limited prediction statistics

There are many ways to do this, e.g.
adversarial techniques? or DisCo2

Unless this is needed to estimate the
backgrounds, this is usually suboptimal and
may not even reduce the uncertainty.



How to reduce precision syst. uncerts.

Profiling instead of pivoting:

Dtrain (93) 76 Dtrue (:13)
Inaccurate training data

m S+B
N(X)|ptrue=ptrain % p;t:u(ex(I:EIB)

model/optimization flexibilit

R zaton Better to do the opposite: let your NN
Systematic uncertainty . . ]
N depepq explicitly on un_certamty
guantities and then profile them!

A I D . M 0 nC (NN £ n (NN )
ACcuracy / ‘;‘“J?}E“j Ppredictio luf M [ 7 Li'i‘:'l",ﬂ?—'”f‘ | ‘

limited training statistics

limited prediction statistics

3.01 -=-= True 0 = 0.16
14 f(y) =NNi(y)/NNo(y), (o = 0.03) - -~ True 0 = 0.08
5 - —— f(y) =NNi(y)/NNy(y), (¢ = 0.06) T —— True 0 =0.04
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How to get around high-D bias uncerts?

Work hard to understand the true nuisance
parameters in the hypervariate parameter space.

Ptrain (.’13) 7é Ptrue (CB)

In my opinion, this is THE biggest

limited training statistics rue(z|S+B)
g NN(X)lptruezptrai 7é ptptruem(xlB)

model/optimization flexibility Cha”enge W|th deplOylng NN—
ty - based analyses ... solving it will

require hard physics work.

limited prediction statistics




How to get around high-D bias uncerts?

Work hard to understand the true nuisance
parameters in the hypervariate parameter space.

No signal With signal

Don’t use simulation!
(not always possible!)

Pr(data | background)

2500 3000 3500 2500 3000 3500

muy [GeV]



What is the problem?

Why can't | just pay some physicists to label events
and then train a neural network using those labels”

L.
| R T

Image credit: pixabay.com

Answer: this Is not cats-versus-dogs ... thanks to quantum
mechanics it is not possible to know what happened.


http://pixabay.com

What is the problem? 58

A

The data are unlabeled and in the best case, come to us
as mixtures of two classes (“signal” and “background”).

Mixed Sample 1 Mixed Sample 2

(we don'’t get to observe the color of the circles)



I Weak supervision:
Classification Without Labels

Q)

Mixed Sample 1 Mixed Sample 2
) 4

Can we learn

without any label OlOICIGIONMNECGIOIGIONG),

information? OCEOCOO® | | ©CGO®G
e | CCOEG®®
OO | OCOOC®
PP | ©COEG®®

E. Metodiev, BPN, J. Thaler, JHEP 10 (2017) 51
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I Weak supervision:
C Wiithout La

|

Mixed Sample 1 Mixed Sample 2
) 4

Can we learn

without any label OlOICIGIONMNECGIOIGIONG),
information? OOCO® | | OOG®G®O

OJOlOIGIONMEOIOIGIONC,
Yes ! OO | OCOOG
» | @GOG | | ©CG®G®®
Training on impure \ J\
samples Is 5 , /
(asymptotically)

equivalent to training

Classifier
on pure samples

E. Metodiev, BPN, J. Thaler, JHEP 10 (2017) 51
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Anomaly detection + weak supervision

A

How can we use CWola to hunt for new particles?

*Image from The Courier Mail. Koala is actually being freed - | do not condone violence against these animals!



CWolLa Hunting

How can we use CWola to hunt for new particles?

*Image from The Courier Mail. Koala is actually being freed - | do not condone violence against these animals!



CWolLa Hunting

Phys. Rev. Lett. 121 (2018) 241803

J. Collins, K. Howe, BPN

dN/dMres

background



CWolLa Hunting

Phys. Rev. Lett. 121 (2018) 241803
J. Collins, K. Howe, BPN

dN/dMres

background




CWolLa Hunting

Phys. Rev. Lett. 121 (2018) 241803  Mixed Sample2 _ Mircd Sample 1
J. Collins, K. Howe, BPN

dN/dMres

background




CWolLa Hunting

Phys. Rev. Lett. 121 (2018) 241803 _ Mixed Sample2 _ Midsamplel

J. Collins, K. Howe, BPN

®

®06 ®

00606 444
©0®0® N ®GBE

dN/dMres

background

Mres

hypervariate + be careful to not pay a big trails factor
feature space (ask if interested)



Example: two-jet search

/‘—_‘\%mres = mass of T T

wo-jet system .
/ \\\ jet 1 /
\\
/t 2

collisions in/out of page y = many features of the two jets




Example: two-jet search
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Example: two-jet search
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Example: two-jet search
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Example: two-jet search
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Example: two-jet search
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Example: two-jet search
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Example: two-jet search
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Example: two-jet search
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Example: two-jet search
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...and when there is a signal?

sidebands .
standard parametric
/\ fit to background.
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...and when there is a signal?
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...and when there is a signal?
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...and when there is a signal?

i r c _— = i
07 F eete 1 I I,
=04 [ e 1 T 12 3
8 e, | i 1009, Q 5 10 40 °
o I e S U
S B N A T S 1050 -
~ 102 F TTeel, 1 TRel_ ~= Q
0 | |~y | T~ 1% T 10—8 | i
+ o e ©
§ 101 ""‘E‘I"N:fr . | r!" et ~: - I b0 .
52 ; | i f:\f <L ~=4 O 1010} §
10 | | =~.s 02% DL_
sighal | | "+ {7 | B S
2000 3000 4000
muy [GeV/c?] 2500 3000 3500
2
-=== no cuton NN - most 1% signal-region-like mJ‘J [Ge\//C ]

— most 10% signal-region-like most 0.2% signal-region-like



.and when there is a signal?

With signal
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...and when there is a signal?
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...and when there is a signal?
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.and when there is a signal?
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.and when there is a signal?
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.and when there is a signal?
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CWolLa hunting: overview

Phys. Rev. Lett. 121 (2018) 241803
J. Collins, K. Howe, BPN

No signal With signal

Pr(data | background)
Simulated co//isioﬁs

10-11 | . \

10—13 ------------------------

*Aviv Cukierman + BPN + ATLAS Collaboration

Our first data result* from ATLAS will come out this spring!



Tying it all together: DCTR + anomalie

We want to reduce our dependence on simulation, but
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Tying it all together: DCTR + anomalie

We want to reduce our dependence on simulation, but
we also don't want to throw away our physics priors!

Can we use simulations in a way that is
(nearly) simulation-independent”?

Answer:
Simulation Assisted Likelihood-free Anomaly Detection
(aka SALAD)
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A. Andreassen, BPN, D. Shih, 2001.05001
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NN output (Pythia versus Herwig)

(2) Interpolate

DCTR to
signal region

(3) Train classifier

to distinguish

reweighted MC

from data
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07 107
Signal Region S/B

Can also use SALAD for background estimation - see backup



Outline for today

- (Optimally) using NNs for analysis
- Improving search sensitivity
- Enhancing SM measurements DCTR, OmniFold
- Uncertainties with NNs
- What are they?” Optimality/Precision uncertainties
- How to improve Adversarial upper bounds

(or avoid)? o
Weak supervision

- Anomaly detection CWola (hunting), SALAD



Conclusions and outlook

Deep learning has a great
potential to enhance,
accelerate, and
empower HEP analyses.
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However, we need to be
careful about uncertainties - in
SOMe cases were are
estimating the wrong ones
and in others, we are ignoring!






Pythia versus Herwig

No hyper-parameter tuning - out of the box!
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Pythia versus Herwig

No hyper-parameter tuning - out of the box!
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Weak supervision take 1:
Learn with proportions

This is essentially a generalization of the template method.

Standard N /
supervised  frul = argmin FiR7—[0,1] Zf (" (i) — i)
learning i=1

Weakly

supervised ¢ emin., oo ) f'(z:) )
learning frRe=0 o N

L. Dery, BPN, F. Rubbo, A. Schwartzman, JHEP 05 (2017) 145



What is the network learning?

Pr(4 prongs)

Pr(2 prongs)

Truth signal

NN cut at 0.2%

-Gray: background _- |

Heavier
Jet

b Lighter
8 . -. . Jet

Mass

Mass

Learns to find the signal !



CWoLa hunting vs. Full Supervision

104 = De,dfcafte,d v CWOL& S = signal, B = background
> \\ — — Fully Supervised WX
& 10° 1 —-— Fully Supervised WZ
£ | — CWoLa, S/B =28x 107
g 102 z'\‘ | —— CWoLa, S/B =4.3 x 1073
S ] —— CWola, S/B =5.8x 107?
' .
§ 10t L CWoLa, S/B = 8.6 x 107
- ' Fully supervised, CWola, S/B =1.1 x 107
100 L wrong model T~ {__ Fully supervised,

0.0 0.2 0.4 0.6 0.8 ? 1.0 correct model
Signal efficiency

It you know what you are looking for, you should look for it. If
you don’t know, then CWolLa hunting may be able to catch it!



A note about training statistics

@)
S
<

0.9

0.8

0.7
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+ Full Supervision + LLP + CWoLa

¢..b
N, . =10000 '

S~N(uS,GS), B~N(MB,GB), U, = 5, W, = 10,04=5,0,=5

Mixed samples M e M, have f e f ) signal fractions, respectively

0 0.2 0.4 0.6 0.8 1

£ (=1-f)

signal fraction of mixed sample 1

Can’t learn when
the two proportions
are the same.

The more similar
they are, the worse
the performance.

(lower eftective
statistics)




Overtraining & Look Elsewhere Effect*

Naively, pay a
huge penalty
because y can be
high-dimensional.

number of events

I.e. you will sculpt
lots of bumps!

\l | |

N

NN

es

*you may know this as the Solution: (nested) cross-training
multiple comparisons problem

y



Nested cross-training

(1) Divide the entire dataset into k-folds.

Data Partitioning

1
<3 signal region
o4
5
- >
Mres
[TT1

QW NN =




Nested cross-training

(2) Train CWol.a classitiers.

Data Partitioning Classifier Training

—=p- | Ensemble Model 1

b3 L
C y  Train signal versus

k-1 times

k-folds
Gl =

A
\/

rotating the

[T / Ensemble Model 2
4

In practice, also train many
networks with a different
Initialization and take the
best one per k-1 rotation.

QW NN =




Nested cross-training

(2) Train CWol.a classitiers.

Data Partitioning Classifier Training

1 =P | Ensemble Model 1
5 4
S z%i . === S== Y The|Ensemble Model|
~ 5 IS just the average of

b g - - the four networks.
Mres

1 [T / Ensemble Model 2

2 - A ~ Data fluctuations will

3 cancel destructively

151 while signal interferes

constructively.




Nested cross-training

(3) Apply classifiers to holdout test sets and sum.

Data Partitioning Classifier Training Event Selection & Merging
1 =P | Ensemble Model 1
ﬁ % 7 i N
5 SSSSSgSSsss
L 4
~ 5
- - EEEE B

[T / Ensemble Model 2
4

QW NN =




SALAD background
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