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Overview

* Machine learning

* Higgs boson
TF-DNA binding

e Cancer classification
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Machine learning

e Spam detection
* Natural language processing

 Recommender systems

NETFLIX




Machine learning

Give computers ability to learn without being explicitly programmed

http://cs231n.github.io/classification/



(Supervised) Machine learning

THIS 1S YOUR MACHINE LEARNING SYSTEM?

YUP! YOU POUR THE DATA INTO THIS BIG
PILE OF LINEAR ALGEBRA, THEN COLLECT
THE ANSLJERS ON THE OTHER SIDE.

WHAT I THE ANSLERS ARE LWJRONG? )

JUST STIR THE PILE UNTIL
THEY START LOOKING RIGHT.

https://xkcd.com/1838/
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TF-DNA binding
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“Solving a Higgs optimization problem with quantum annealing for machine

learning”, Nature (2017)
Authors: Alex Mott!, Joshua Job?, Jean-Roch Vlimant!, Daniel Lidar3, Maria

Spiropulu?
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of Southern California 3. Departments of Electrical Engineering, Chemistry, and Physics, Center for Quantum Information Science & Technology, University of Southern

California



Higgs boson — Standard Model
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Sighal and background

* Signal: a Higgs decaying into two
photons; i.e. the H - yy process

e Background processes two
gluons producing two photons

ag = vy




The data

* <5% of events are signal of
Higgs, >95% are background
events of other Standard Model
processes

e (Use data simulated from event
generators)
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The data

e Start with 8 kinematic variables,
mostly involving momenta of
output photon pairs

* Take various products, end with
36 final variables

* Predict whether event is Higgs or
background

e Construct data so that equal
number of signal and background
events
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The approach

* Construct weak classifiers h(x;)
based on the 36 variables

* Use boosting to construct a
strong classifier (learn the w’s)

* Minimize error 6(wW) between
prediction and output



Construction of the Weak Classifiers
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Results
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Overview

* Machine learning

* Higgs boson
* TF-DNA binding

e Cancer classification
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“Quantum annealing versus classical machine N\ Y

learning applied to a simplified computational /. /.." £ ”‘J’ [ /N
biology problem”, npjQl (2018) #\ | ' \
Authors: Richard Li, Rosa Di Felice, Remo Rohs, PDB ID: 1INLW

Daniel Lidar



Background

Central dogma of molecular biology
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The data

* Three PBM datasets: Mad, Max,
Myc

* Get sequences and log signal
intensities{(Z,, y»)}

Ty = (l‘n,hﬂ?n,z, e 7$n,L)

vn: € {A,C,GTY,j=1,---,L

* Encode sequences with one-hot
encoding

$n = ¢(fn) — (¢1 (fn)a ¢2(fn)7 T 7¢M(fn))

Stormo, G. D. et al. (2010) Nat Rev Genet.

y, =4.95
y, =5.32

y,=4.81

X; = ACAACTAA
X, = ACAACTAC

x. = TCGCGTGT

Sequence

Zhou, T et al. (2015) PNAS




(A slide of math)
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Workflow

1. Calibrate
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* Machine learning

* Higgs boson
TF-DNA binding

e Cancer classification

“Classifying cancer multi-omics data on a quantum
computer” (in preparation)

Omar E. Gamel, Richard Y. Li, Nicholas A. Cilfone, Daniel A.
Lidar, Thomas W. Chittenden
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The data

* An ensemble multi-omics cancer
data pipeline
* Avariety of different signals
* Construct metagenes

e Used cancer types from the
cancer genome atlas

(i) Dat

1. Thyroid
(THCA - 481)

2. Breast
(BRCA - 1006*")

3. Liver

(LIHC - 358)

4. Adrenal Gland
& Misc.” (PcrPG - 159)

5-6. Kidney
(KIRP - 284 & KIRC - 327)

7. Colon & Rectum
(COAD* & READ" - 551)

8. Bladder
(BLCA - 401)

9. Prostate
(PRAD - 483)

10. Testis’
(TGCT - 133)

11. Soft Tissue
(SARC - 249)

The Cancer Genome Atlas (TCGA)
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12. Brain
(LGG - 499)

13. Head & Neck
(HNSC - 480)

14. Thymus
(THYM - 118)

15-16. Lung
(LUAD - 500 & LUSC - 462)

17. Esophagus
(ESCA - 160)

18. Stomach
(STAD - 369)

19. Pancreas
(PAAD - 172)

20. Uterus
(UCEC - 523)

21. Ovaries
(OV - 265)

22. Cervix
(CESC - 292)

Cilfone et. al, under review



The approach

| B exp wWlX;
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Results

Breast cancer
tumor vs normal
Estrogen receptor
+ VS —

Kidney clear vs
papillary cell
carcinoma

Lung squamous
cell vs
adenocarcinoma
Luminal A vs
Luminal B

6 cancer types
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Results

e Comparison on one dataset
using “raw” meta-genes

* DW has a slight advantage for
some performance metrics, not
for some others

Metric

Bal.Accuracy

0.91

0.8+

0.7 1

0.9+

0.8+

0.7 1

Algorithm

DW
-~ LASSO
- RF
SVM

AUC

0.25 0.50 0.75
Fraction of Training Data (80%)




Summary

* Higgs Boson

* Construct weak classifiers on
kinematic variables

* Use boosting to predict class
* TF-DNA binding

* sequence-based features

* Predict binding affinity

e Cancer classification
e Multi-omics data
* Predict probabilities of classes




Summary

* Seems to do slightly better on small training sizes

* Not making a claim or a quantum advantage in general (usually SA
does as well)

* Enforcing binary weights means a simpler model
* Fairly interpretable



THANKS FOR LISTENING!



Math sketch: )

S is the signal distribution, B
background, v is the variable

Viow and vy, are the 30th and
70th percentiles of S, b,,,, and
by, the percentiles on B at
those values

If bp,;;n< 0.7 then define vy, =
Viow-V, €lseif b,,,> 0.7 then

Vshift=V-Vhign €lS€ reject v i hift
1 ' ySIt '
Define v,, and v_; as the 10th +1 if vy <0 (v)
and 90th percentile of the shift
v3*t(y) shift/(, :
transformed S distribution W) ={ if 0 < v/t (v) <y,
LWV ) =
With this formulation, the shi ft .
v (v) £ Shift(,,
weak classifier is given by 1] if v_y < 0¥ (v) <0
Do this for all the variables hi ft
£ o 8ht ,
and products (or, if flipped \ —1 if v (?’) < V-

flipped, the ratio)
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Results

LASSO

Bal.Accuracy

RF

Bal.Accuracy

SVM

Bal.Accuracy

0.94
0.84
0.74
Dataset
ExpandTest
ExpandTest.DW
-~ Train
—eo— Train.DW
0.9+
0.8
0.74
0.9+
0.8
0.74

0.25

0.50

0.75

1.00




YOURE TRYING TO PREDICT ;}E BEHAVIOR THIS 1S YOUR MACHINE LEARNING SYSTEM?
it 3;5;2:3 Jrvcliged YUP! YoU POUR THE DATA INTO THIS BIG
7
PILE OF LINEAR ALGEBRA, THEN COLLECT
SOME. SECONDARY TERMS To ACCOUNT R THE ANSLEERS ON THE. OTHER SIDE
<COMPLICATIONS T JUST THOUGHT OF >, ‘
\ 25 ARE LIRONG? )
R B P ) UST STIR THE PILE UNTIL
) Higgs Boson Pizza Da IR THE PILE UNT
S0, WHY DOES </0ur= FIELD > NEED gg at CERN y FY START (OOKING RIGHT.
.“.'. "Z’:‘ A A
"',};57{ % :ﬂ}gﬁ: S
r/: _V\K« m,’\h'.‘:u‘%
https://xkcd.com/1838/

LIBERAL-ARTS MAJORS MAY BE ANNOYING SOMETIMES
BUT THERES NOTH/NG MORE OBNOXIOUS THA
A PHYSICIST FIRST ENCOUNTERING A NEW SUBJEC

https://xkcd.com/793/



