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Decision	Tree	Basics	
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Decision	Tree	Details	

•  Growing	process	
– Top-down:	begin	with	whole	data	set;	split	once	
– Recursive:	repeat	on	two	new	data	sets	
– Greedy:	make	best	split	at	the	current	step;	don’t	
consider	future	trees	

•  Decision-making	parameter:	
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ClassificaTon	Error	 Entropy	 Gini	Index	



Decision	Tree	Details	
•  OverfiXng	
– Growing	a	tree	to	arbitrary	
depth	can	pick	up	spurious	
features	

•  Pruning	
– Cost	complexity	funcTon:	
Rα(T)	=	R(T)	+	αNT	

– Prune	worst	subtree	at	each	
node	and	generate	list	of	
subtrees.	Pick	one	through	
validaTon	sample	
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Decision	Trees	
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Decision	Tree	Walkthrough	
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Y.	Coadou.	European	School	of	
InstrumentaTon	in	ParTcle	and	
AstroparTcle	Physics,	Feb.	2016.	



Decision	Tree	Walkthrough	
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Boosted	Decision	Trees	(BDTs)	
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G.	James,	et	al.	An	Introduc,on	
to	Sta,s,cal	Learning.	



Ensemble	Learning	
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T	Diedrich.	AI	Magazine,	18(4):
97–136,	1997.	

•  Have	mulTple	trees	vote	on	final	output.	
– Need	a	way	to	produce	varied	trees.	
– Random	forests;	bagging	



BoosTng	

•  The	logic	is	to	increase	weight	of	misclassified	
data	aier	building	a	tree.	
– For	example,	AdaBoost	algorithm	has	weights	wi

k	
for	the	i-th	datapoint	in	the	k-th	tree.		

– Aier	each	tree,	update	weights	by	

			where	εk	is	the	misclassificaTon	rate	and	β	scales															
_	tree	weights	αk.	
– Boosted	result:	
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BoosTng	Walkthrough	
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BoosTng	Walkthrough	
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BoosTng	Walkthrough	
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BDTs	in	ParTcle	Physics	

•  ATLAS	
•  CMS	
•  MiniBooNE	
•  D0	
•  BaBar	
•  LHCb	
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b-tagging	



Need	For	b-tagging	
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F.	Tanedo.	hdp://www.quantumdiaries.org/
2011/04/22/when-youre-a-jet-youre-a-jet-all-
the-way/	

•  t	decay												
(t	->	Wb)	

•  Higgs	decay			
(h	->	bb)	

•  CP	violaTon	
studies	

•  Beyond	the	
standard	
model	physics	



ATLAS	KinemaTcs	
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F.	Tanedo.	hdp://www.quantumdiaries.org/
2011/04/22/when-youre-a-jet-youre-a-jet-all-
the-way/	hdps://en.wikipedia.org/wiki/Pseudorapidity	

|η|	<	2.5	detected	 ΔR	<	0.3	in	jet		



BDT	b-tagging	in	ATLAS	

•  Model	trained	on	d	events	corresponding	to	
13	TeV	proton-proton	collisions.	
– Trained	on	b-jets	as	signal	and	a	background	of	
80%	light-flavor	jets	and	20%	c-jets.	

•  Variables	are	basic	kinemaTc	variables	η	and	
pT,	and	features	from	3	reconstrucTon	
algorithms.	
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Basic	Jet	Observables	
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ATL-PHYS-PUB-2015-022	



BDT	Variable	List	
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Impact	parameter	
based	algorithms	
Secondary	vertex	
finding	algorithm		

Decay	chain	mulT-
vertex	algorithm	

ATL-PHYS-PUB-2015-022	



SV	Algorithm	Variables	
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ATL-PHYS-PUB-2015-022	



Predicted	Performance	
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ATL-PHYS-PUB-2015-022	



Predicted	Improvement	
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•  Some	hardware,	some	soiware	
ATL-PHYS-PUB-2015-022	



Final	Thoughts	

•  Decision	trees	are	fairly	weak	classifiers	that	
are	easy	to	understand.	

•  BoosTng	turns	them	into	stronger	classifiers	
but	makes	them	more	mysterious.	

•  BDTs	show	up	a	lot	in	parTcle	physics.	
•  PropagaTng	uncertainTes	difficult.	
•  STll	need	to	convince	people	your	model	
produces	good	results.	
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