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An Introduction to the Challenge,

e

and the First Iteration




| Introduction: The Higgs Uncertainty Challenge @

The Goal:

Observed Higgs
1) Measure the signal strength u = L oSeTved T9Se

Expected Higgs

2) Give correct and small 68% Cl on the measurement

MET
Thad P

The signal process is H — 17

Data: 28 Input Features

Sub-leading
jet
Leading jet https://arxiv.org/abs/2001.08361



| Introduction: The Higgs Uncertainty Challenge @&

Variable Mean | Sigma | Range
Qltes 1. 0.01 0.9, 1.1]
Qljes 1. 0.01 0.9, 1.1]

(soft_met 0. 3. Oa +OO

Qttbar_scale 0.25 Oa +OO
(diboson_scale 0.025 09 +OO:
Olbkg scale 0.01 O, +00

Method is evaluated by:

Six nuances parameters

Distorts the 28 features in a unknown nonlinear way

u distribution - Set 0 - Coverage: 0.700 - Interval: 1.068

® Running 100 pseudo-experiments with

® On 10 different values of u = [.1, 3]

different nuisance parameters

pseudo-experiments

Cl must be correct ~68% of the time and are rewarded

with smaller intervals
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|First Iteration: A Bayesian Approach @)

Pl {x}) « P({x} 1. 0) = | | 2| 1. 0)

*Here*
Observed Higgs



IFirst Iteration: Normalizing Flows @
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IFirst Iteration: One Problem @

PUx} . 0) = [ | P 1w 0) =] | (%@(x; 10) +
J

~1.550 |

Not Enough

log(P)

Likelihood!

~1.675 |
~1.700 |
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Z6) = —
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- lc - (logpz (fyx)) + log

?

- llogpz (fy(x)) + log

—

det (

o,

ox

o

ox

)

IFirst Iteration: Adversarial Loss @

det (

)|

) — log py (f4()) — log

T

For Example: x = signal events, y = background events




Peaks at close to the right :z:
value of mul! _ _2.802_

Hreal ~ 0.0026 E’ —2.822-

Hpear = 0.002 -2-84;-

—2.80 |

—2.88

Log Probability 2 jet

—2.746€7

0.000

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

0.002

0004  0.006

*Here*

- Observed Higgs

Il/t_

N



log(P)

~2.76
~2.78
~2.80
~2.82
~2.84
~2.86

288"

IFirst Iteration: Not Sufficient @

n N
P((x} . 0) = [ [ 211, 0) = H(
J

le7 Log Probability 2 jet

vvvvvvvvvvvvv

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

U N—pu a
—AP(xT|0) + P(x’5| 0
Y (x| 0) v (3@\))

l

Issue: Not robust to:

1) Systematics

e \/ery incorrect predictions
2) Changesin u

* "Sticky” peak and no sensitivity for
U <.3



The Solution

An Overview of the Final lteration,

involving NF Ensembles, Classifiers, and

Estimating Nuisance Parameters

T

.




|Final Iteration: Back to Classifiers (@

ldea: Use Ensemble of NF Likelihoods of as input to a simple DNN classifier

NF

Hidden layer 1  Hidden layer 2  Hidden layer 3
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Intuition: Each NF reacts to the systemics

differently in a way the DNN can learn.
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I[Final Iteration: Classifier Training (@

Systematic Robust Training:
Train the same DNN with event data perturbed with a wide variety of nuisance

parameters.

Hidden layer 1 Hidden layer 2  Hidden layer 3
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Predection
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Histogram of DNN Discrimnator

Frequency
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*Here*

IFinal Iteration: Binned Analysis (@ - cuenes oo

N

Let k; be the true counts of events in bin i:

Elk] = f.- E[S] + b,

The Poisson Likelihood is then given by:

N_(£S. + b \ie=UiSi+b)
PAAY 1 kD) o Z(1k) | () = [ 222

=1

Then:

X /ES)
- 2. (b + [ - E[S;])

H




can do the same procedure but compute instead:

N_(£EIS. |01 + b.Yie—FELS101+b)
PUY | (h).6) o (1K) | ().0) = [[ L 101+ b)e

MLE mu

=1

MLE Mu vs Real Mu 2 jet
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IFinal Iteration: Parameter Estimation @)

To deal with the "worst” nuisance parameter (jes) we Do MLE on both ¢ and £

Prior on

Nuances Parameters

MLE Mu vs Real Mu 2 jet

[— 2-Jets jes=0.9
| — 2-Jets jes=1

vvvvvvvvvvvvvvvv

-Jets jes=1.1
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|Final Iteration: Neyman Construction @

For Error Bars we use the Neyman Construction Confidence Band of Observed Estimates

[~ Mean observed mu
68% Confidence Band

o
=

o>
&)

NO
.
-
S —

1) For each value of real mu compute estimate
~100 time with a different draw of NP
2) With mean and std of the estimates:

(N
L] .

-
—_—

1) Apply a Bias Correction to the mean

-
o)

-
. L
-
S—

2) And use std as error bar estimate for a given

estimate of mu

Observed Parameter Estimate (mu obs)
@)

0123
Real Parameter Value (mu real)



Uncertainty »
Quantifying >‘
From Scaling Laws

Empirical Results comparing

03

theoretical results with empirical reality




> |Uncertainty Quantification: Ensemble Uncertainty
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|Uncertainty Quantification: Ensemble Uncertainty
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Prediction without training an ensemble

Central Limit

Theorem




Test Loss

INeural Network Scaling Laws

7 '

6 — L=(D/5.4'1013)‘°'095 — L=(N/8.8-1013)—0'076
5.

4.

3.

-=== L = (Crninf2.3 - 108)~0-050 \
foo 107 10° 100 10 10'\  10° 105 107 109
Compute Dataset Size Parameters

PF-days, non-embedding tokens non-embedding

https://arxiv.org/abs/2001.08361



INeural Network Scaling Laws

Question: How does Ensemble Variance scale with
Training Dataset Size? Can we predict this scaling
with physics-inspired theory?

Less Training Data




| Physics-Inspired Theory: The NTK >‘

NTK = Neural Tangent Kernel

0%,
00,

0+ 1)=0,0) —n

0L, 0L,
Taylor AF = — yi + 0 2,
: ’7”2:, w39, a6, T O
0,=0,(1)

The Error Factor The NTK!

!

n L)
sr,=n 3 3 |l

1,L=1 a,,a,cd




| Physics-Inspired Theory: The NTK >ﬂ

2 : 11 a; 12 a
l112 a1a2 - j72% de

The NTK is the main driver of the
function-approximation dynamics.*

Thus, by understanding the NTK and how it evolves we can directly understand the
behavior of NNs

* for DNNs trained with full batch gradient descent



| Physics-Inspired Theory: The NTK Perturbation ()=

NTK dynamics are possible to understand perturbatively and analytically

00 — e Lo, L@{zm L O ( :

10 10 ‘nf 10 ”f 10 ng )\

Infinte Width Finite Width Corrections

Perturbing in the width of the network



| Physics-Inspired Theory: RG-Flow of the NTK ()=

How to compute the infinite width NTK? —> RG Flow

Recursively Repeat through each layer until final layer @éOO}{(f) # o eff(z("ﬂ))
action is computed! This is RG Flow in an DNN. v

L L—-1
Spun(@"s .., 27) = Z Su(z)) + Z Sz V)

Compute effective action of a layer 7
by marginalizing over all pre-
activations in layer 7 — 1

e = ,[ Hdz(”ﬂ | oSz



> 1 Physics-Inspired Theory: Infinite Width Predictions
With the Final Layer NTK, we can compute the “end of training” prediction:

- [y ] — L) (@D -1y,
o)=Y ebeb )y,

a1
a,a,ed

o0
mi;ﬁ

And the variance on that prediction:
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— 5 KWL _ (L) (L) L) _ (L) (L) L) L) L) L) L) &L
51112K,51,52 Z ®ﬂ1551K551552®552ﬂ2 2 ®ﬁ2&1K5‘15‘2®5¢2ﬁ1 T Z ®ﬁ1551®&15‘2K&25‘3®5‘35‘4®&4ﬂ2 .
a0, a,a,ed a1,0,03,0,€EH



nfinite Width Predictions

>¢ | Physics-Inspired Theory:

NTK describes NN evolution
NN ensemble ¢ [ — 0

51 —— NTK mean estimator

0.0 0.2 0.4 0.6 0.8 1.0
¢/27

https://proceedings.neurips.cc/paper_files/paper/2018/file/5adbe1fa34e62bb8abecbb?1d2462t5a-Paper.pdf



“Empirical
Results

Empirical Results Comparing Theoretical

Results with Empirical Reality




| Empirical Results: Infinite Width Predictions

Are infinite width calculations predictive on real
Machine Learning problems?

We test this by computing: On three datasets:

1) Infinte Width Prediection 1) MNIST Image Classification

2) ATrained Ensemble of DNNs (~150 networks) 2) CIFAR Image Classification
e Width-30, Early Stopping, Full Batch Gradient Decent 3) A HEP Calorimeter Energy

For a range of training set sizes Regression Problem

https://link.springer.com/article/10.1140/epjc/s10052-020-8251-9



| Empirical Results: Infinite Width Prediction Loss 2

MNIST, Calorimeter, and CIFAR, depth 3, A/ Ay = 10

]
Datasets Fit Models
1 @O Infinite-width NTK MNIST ~=- MNIST MLP Fit: y ox g—0-330.0004
10 F| ¥ Width-30 MLP MNIST === Calorimeter NTK Fit: y oc 2z—0-06+0.0081 |
E ‘ Infinite-width NTK CALO - -- Calorimeter MLP Fit: y o 2—0.1240.003 E
§ - v Width-30 MLP CALO -==- CIFAR MLP Fit: Yy o x—0.0G:i:0.000B
I ‘ Infinite-width NTK CIFAR ~-- CIFAR NTK Fit: y oc g=0-09+0.001
gP) | ¥ Width-30 MLP CIFAR
S 100
e . V-V N ¥y Y.y y.y
g ®---0--0---0---0---9---9
D
o
T 1071} -
£ 0 000 o 0. g T TN VN Yy
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1072 ¢ o g Voy
®-9
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.1I()2 o IH”103 I III1111IO4
Tramning set size Np

The mean test loss for a trained ensemble of DNNs and Infinite Width Networks
for three datasets



nfinite Width Coefticient of Variation

[2IEmpirical Results:

_IMNIST,lCallorimeter, and CIFAR, depth 3, A\j/ Ay = 10

Suppose we introduce the

o o ° ° Datasets o I
Coefficient of Variation: | @ mnfnite-width NTK MNIST s
¥ Width-30 MLP MNIST - == Calori , y.ix ’ —0.030.0002
@ Infinite-width NTK CALO alorimeter NTR Fit: yoca™ 7"
Gg Q 10_1 l v Widtho30 MLP CALO === Calorimeter MLP Fit: y 0-01+0.001
€°(Z — O | @ Infinite-width NTK CIFAR -+ CIFAR MLP Fit: y oc 22772257
—_— b | W Width-30 MLP CIFAR
O I
K& =
| R YO SO
We find: = ° " Vg v--V._¥
D O ® o 4 v
. , > o o V. ¥ -y V-¥-¥y-
1) DNN e flat with dataset size! =R ° o * o'e o o0
- ‘ -
.. . — O ]
2) Infinite width €, asymptotes flat. & ® o o,
vy °© o Y OV o
"'""V""v"'V"'V'" --Wooos- \ 4
L l2 1 ] ] ] 1 L | ] 1 ] ] ] a1
10 10° 10

Tramning set size Np



| Empirical Results: Infinite Width Prediction Loss [

MNIST Ensemble Distribution
Dataset Size: 100 Loss: 0.057, STD: 0.018
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o MNIST, Calorimeter, and CIFAR, depth 3, A\p/ Ay = 10
. . L | . . . ! ! ! L ! ! . . . . LA | . L=
I ‘ I O | m | ' Datasets Fit Models
o Ll @ Infinite-width NTK MNIST - =« MNIST MLP Fit: y o o~ 0-02£0.002
o “ C u s I o “ o p I Ca I O n S ® V' Width-30 MLP MNIST === Calorimeter NTK Fit: y oc zz~0:030.0002
® @ [ufinite-width NTK CALO - =~ Calorimeter MLP Fit: y oc 20-01£0.001
o Q 10—1 || W Width-30 MLP CALO ——- CIFAR MLP Fit: y oc £0-0120.0004
o ® w '| @ Infinite-width NTK CIFAR
D | W Width-30 MLP CIFAR
Q L
=
= g
M i e~ [ - Q--- @@ Q@Y - S SEEE " ST P ——— \ AR "2 vV--¥Y
Implications of our work: = S S A g
B ® @ Y-N-.y--y--¥--¥y
2 ® o oV Ve o S oo
= 1072 ® o
5 ® o o
e ® o ® { oy
Y"!"'V""v'"V"V """ F--o2-- e
® o
1. We find that ¢ is small (u, > 6, ) HT AT BT

Training set size Np

e \We can assign u o as the systematic uncertainty due to the DNN

2. €4 is flat and similar to the infinite width value, thus one can estimate €4 by either:
e Training an ensemble for small N, (cheap) and extrapolate €, value to larger N,

e Compute Infinite Width Value after Ny, asymptotes (very cheap)






