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Recent Progress in Machine
Learning in High Energy Physics

Mistag Rate vs Efficiency
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Learning Physics

Focus On

Classification
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Clear that machine
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Understanding Classifiers
1709.10106 PRD SC w/ Cohen, Ostdiek
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Interpreting NN Classifier

1709.10106 PRD SC w/ Cohen, Ostdiek

Training Deep Neural
data Network Output
As scenario
In a simple scenario gets complicated In input
can interpret NN and feature space
(e.g. approximates radius) this is progressively

more challenging



Interpreting NN Classifier

1709.10106 PRD SC w/ Cohen, Ostdiek

Deep Neural
Network Output

Training
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How many circles
do you see?
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A. Norcia
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Existing Technique: Saturation

Adding a high level variable as input
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then diagnose importance through degradation
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Planing in mass removes most
of distinguishing power, leaving linear info?



Chiral Z' model

Inputs
(E,p) m  PLANED LINEAR AUC | DEep AUC Note: AUC

0.763280(05) | 0.989353(59)

(Area Under Curve)

1 is perfect
0.942004(02) | 0.989826(10) 0.5 is random

0.626648(28) | 0.6258(24) guess
0.52421(15) |0.5320(25)

Plane in mass and Aly|
removes essentially all info



3 Large dynamiC
range diagnostic

* No need to change
architecture

instructables.com
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http://instructables.com

Pros

e | arge dynamic e Scalable to
range diagnostic multiple variables?

* No need to change e Systematic to
architecture explore or needs
physics intuition?
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Future
Directions

e Apply to nontrivial scenarios (e.g. jet
substructure, check saturation)

e Can one discover a new useful
variable?

e Can one plane in output of a NN to
test if discrimination was optimized?

14



Conclusions

e Planing is a useful diagnostic tool to
understand machine learning classifiers

e \Weighting to remove info about a variable
allows degradation to test its importance

e Machine learning is fascinating and basic
questions are still unanswered
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Thanks for your
attention!

.. chang2@uoregon.edu
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NNs are good at classification because a large enough
NN can approximate any function (Universality Theorem)

1-D Physics-level proof
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NNs are good at classification because a large enough
NN can approximate any function (Universality Theorem)

1-D Physics-level proof
1
1 4 exp [—w(z — zo)|

2% 0(z — xo)
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More on Chiral Z'

Inputs

(E,5) m  PLANED |LINEAR AUC | DEEP AUC Note: AUC

0.763280(05) | 0.989353(59)  iubutitihel
1 is perfect
0.942004(02) | 0.989826(10) 0.5 is random
0.626648(28) | 0.6258(24) guess
0.52421(15) | 0.5320(25)
corr = 0.90 g8
Rapidity difference

close to linear

3 2 -1 0 1 2
Linear Response

i



Vector Z' Model

(E,p) m PLANED | LINEAR AUC | DEEP AUC

0.746221(01) | 0.988510(98)
0.938967(01) | 0.989007(03)

0.50550(29) | 0.4942(48)

TABLE II: The AUC output for a variety of input configura-
tions applied to the Zj, model and the photon background.

20



Baldi et.al.
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FIG. 2: Low-level input features for Higgs bench-
mark. Distributions in fvjjbb events for simulated signal
(black) and background (red) benchmark events. Shown are
the distributions of transverse momenta (pr) of cach obscrved
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observed particle is also available to the network, but is not
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Other Attempts at
Understanding NNs
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