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OUTLINE

|. W Boson and Top Quark Tagging in ATLAS

2. Application of Boosted Decision Trees and Deep Neural
Networks to W Boson and Top Quark Tagging Using High-Level
Features

» Optimization & Analysis
* Results
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W BOSON AND TOP QUARK TAGGING IN ATLAS

Top Quark Decay

» W bosons and top quarks have short lifetime

» Decay products of high-momentum (boosted) hadronically
decaying W bosons and top quarks are collimated

» Conventional object identification techniques are not successful

» Construct large-R jets

» Use substructure information to identifty the W boson and top
quark within an enormous QCD background



APPLICATION OF BDTS AND DNNS TO W AND TOP TAGGING

USING HIGH-LEVEL FEATURES

- Numerous substructure variables are avallable and are used by ATLAS

« Construct a classifier by using available substructure variables

* Feed the ML algorithms with jet substructure variables (high-level
features). T'his was studied by CMS in Run |

» Study the performance of W and top tagging with two Machine
Learning (ML) techniques in parallel

fl. Boosted Decision Tre; ﬁ Deep Neural Netwo@

| (DNN) using Keras with
s TVA Theano backend




APPLICATION OF BDTS AND DNNS TO W AND TOP TAGGING

USING HIGH-LEVEL FEATURES

Training classifiers to discriminate between signal (VW or top) and
background (QCD), results in 4 binary classifiers

e 2
& g BDT ~ k.,
Jet substructure N
| | inary
variables (high - » or * |
classifier
level features)
\a ), DNN L &
- BDTW
N\ o) - BDT Top
» DNNW
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APPLICATION OF BDTS AND DNNS TO W AND TOP TAGGING

USING HIGH-LEVEL FEATURES

» Optimize set of inputs for BD T, DNN
» Optimize BD T, DNN archrtectures and training hyper-parameters

» Compare 3 tagging technigues for VW and top tagging separately
*Fixed mass cut & BDT
* Fixed mass cut & DNN

* Fixed mass cut & single substructure variable (W: D, top: t37)




OPTIMIZATION & ANALYSIS



SAMPLES

Train

ing & Testing Samples

* S5plit signal and background (QCD) samples as: /0% training, 30% testing
* Use equal number of signal and background jets for training
* [rain In | pt bin due to limited statistics

Training Event Weights: Signal and background samples are weighted to
flat truth prt distribution
Testing Event Weights: Signal samples (separately for Ws and tops) are
welghted to match background (QCD) truth pr distribution
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BD T TRAINING - INPUTS OPTIMIZATION
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BD T TRAINING - INPUTS OPTIMIZATION

W Tagging Top Tagging
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BD T TRAINING - HYPER-PARAMETER OPTIMIZATION

* Performed a parameter scan over many variables, most significant
differences observed for N Trees and MaxDepth

* Shown for W, similar for top

 Star = Optimum settings found, Circle = TMVA default
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DNN TRAINING - INPUTS OPTIMIZATION

Relative background rejection

H

ATLAS Simulation Preliminary
\'s = 13 TeV, DNN Top Tagging

P [350,2000] GeV
mcalo > 40 GGV, h’]|trUth<2.O

Group 1 Group 2 Group 3 Group 4 Group 5 Group 6

Training input groups

BDT set

Study the relative background
rejection Improvement by using
different sets of Input groups
Groups are defined by
* the physical information they
provide (pronginess, scale...)
- If the observable is defined as
a function of the other
observables
Use a flat pt spectrum
Choose the set with the highest
background rejection



DNN TRAINING - INPUTS OPTIMIZATION

W Tagging
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DNN TRAINING - HYPER-PARAMETER OPTIMIZATION

Fixed hyper-parameters

* Batch size = 200

* Number of epochs = 200, Early stopping = 50
« Optimizer = Adam

Performed a grid search over many variables
* Layer type = Dense with Batch Normalization, Maxout with Batch
Normalization
* Number of Maxout layers = 5, 10, |5, 20, 25
* Number of hidden layers = 3,4, 5,6
- Activation function = Rectified linear units (relu), tanh
- Weight initialization = Glorot uniform, He normal
* Learning rate
=02, 104,103
e =[0>, 5 x|0~, |10
» LI regularizer = 103, 102




DNN TRAINING - HYPER-PARAMETER OPTIMIZATION

W Tagging Top Tagging
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 layer type = Dense with Batch Normalization
« Activation function = Rectified linear units

« Weight initialization = Glorot uniform

W Chosen Learning rate = 10~ , LI regularizer = 10, Hidden layers = 5
Top Chosen Learning rate = 5x10~, LI regularizer = 103 , Hidden layers = 5
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DNN TRAINING - OVERTRAINING

* DNN minimizes the training loss

*|In order to have a handle on the over-training while training, the loss Is
calculated in 2 different sets

|. Training set: DNIN uses this set to optimize the classifier

2. Validation set: Independent of the training set

Loss of the validation set < Loss of the training set
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BDT & DNN CHOSEN VARIABLES

*BDT and DNN find different sets of inputs to be optimal

*Fair comparison on same set of inputs — Train DNN and BD T on 2

different set of observables for each tagger

* DNN with DNN Obs., DNN writh BDT Obs.

BDT with BDT Obs., BDT with DNN Obs.

*|f not stated explicitly, each method is trained with its own
optimized observables

*[Full list of variables for each case Is in the backup




RESULTS
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DT & DNN CLASSIFIERS - TOP TAGGING
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PERFORMANCE EVALUATION - W TAGGING

Background rejection
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PERFORMANCE EVALUATION - TOP TAGGING

ROC Curves

pt = [500, 1000] GeV pTr = [1500, 2000] GeV
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PERFORMANCE EVALUATION - SUMMARY

Background Rejection at 50% Fixed Efficiency WP
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* Improvements observed for both W and top tagging
» Magnitude of impact differs for W and top tagging, but not the overall

penefit of using a BDT or DNN
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DISCRIMINANT CORRELATIONS

- ML techniques are expected to learn
* |inear correlations
* non-linear correlations

« Studied linear correlations to understand what was learned

Dl



DISCRIMINANT CORRELATIONS
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BACKGROUND MASS DISTRIBUTION BEFORE & AFTER TAGGING

W Tagging Top Tagging
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Strong mass shaping Is expected as several substructure variables are
highly correlated with the jet mass
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DISCRIMINANT CORRELATIONS
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DISCRIMINANT CORRELATIONS
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CONCLUSIONS

* A preliminary look at the use of BDTs and DNNs in ATLAS for W
and top tagging using substructure variables

* The studied BDTs and DNNSs outperform the respective
reference taggers

* Fixed mass cut & single substructure variable (W: D,, top: t32)

» [he performance of the BDT and DNN taggers Is rather similar
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SAMPLES

*Jet Collection: Irimmed anti-ki R = |.0 jets, Ryup = 0.2, feur = 0.05
e Signal: Fully contained tops , Fully contained Ws

Bil



BD T SCANNED HYPER-PARAMETERS

* NTrees 10,50, 00 200 500 65028
* MaxDepth B e e e 0050 (U
N edesSize 0.5, 1.0, 2.5, 5.0 020
EnCuts - 5,10, 20, 50, 100, 500

B vocalFraction: 0. 1,0.3,0:5, 01709
* Shrinkage HOHOBROR1018,:0) 501/ (07
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DNN INPUTS GROUPS

W Tagging
. Groupl: Cy, Dy, 121, Vdi2
Group2: Ca, D2, 21, V12, fWY2. S, Trmir g
Group3: ECF, ,ECF>, ECFs, 1 T2, rR™2,S a3, A, vdi2
NI ERE G RNECE, (ECF:, ©1 T2, rR™2,S, a3, A Tmin, Tima
Greup5: C;, Dy, 721, +/d12,S, ECF , ECF,, ECF3, 71 72, Y25, a3, A, Zar, KIDR:
Hi2
Groupé: Ca, D2, Ta1, v/d12,S, ECFi  ECF2, ECF3, 11 2, R™™2,S, a3, A, Zaut, KtDR,
H12 , Tmin, Tma),
Top Tagging
+ Groupl: T21,T32, Vdi2, Vd3, Qw
Group2: T1_ 12,73 Vdiz, Vds Qw
Group3: T TZ,T3,\/C||2 A/diz Qw 121, T
Group4: ECF|,ECF,,ECF3, 11 12,15, Vdi2 , v/d3, Qw
Groupb: 1 TZ,T3,T2|,T32,\/C||2 /a3, Qw Ca, Do
Groupb:T|  T>,T3 T21,T32, ECF, ECFy, ECF3 Co, D2 v/di2 , Va3, Qw
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BD T TRAINING - HYPER-PARAMETER OPTIMIZATION

» Star = Optimum settings, Circle = TMVA default

* Machine architecture: Intel® Xeon® CPU E5-2680 v3, 2.50 GHz with 4 GB
mMemory per processor

ATLAS Simulation Preliminary

Is=13TeV, BDT W Tagging, €2.=50%

W Jet, pi““‘:[zoo,zoom GeV, m™°>40 GeV, l™"<2.0
MinNodeSize:1.0, nCuts:20, BaggedSampleFraction:0.5

MaxDepth

2 DD W o N

10 50 100 200 500 850 2000

NTrees

ES



BDT & DNN CHOSEN VARIABLES

W Tagging
e D)) 1, S ECR ECFs, 11,rR™,,S a3 A, KiBR

s DNN set: C5, Dy, 721, v/di2,S, ECF) , ECF2, ECFs, 71 T2,
RFWZ,S, aB,A, Zcut, K-tDR, u]_z , 9

lop lagging
=B set: 1 121, T32, ECF, ECF5 &, Dz,\/d|2 Va3, Ow

+ DNN set: 11 12,73 121, T32, ECF,ECF2, ECF3,Cy, Da /di2,
Va3, Qw
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DISCRIMINANT CORRELATIONS

100
80

DNN-W 39|29!24|19| 4 |-31l30
BDT-W |36.-25:-27: .1.8. "4"-'2'5 *29

DNN-Top [12:-1:20} 5 :11:19: 2 :

BDT-Top [ 775 008 & Hiyie s e

KtDR -6 -0 168168

cut

70548§205 R

5285235 5 56956

e D T T R P e

Linear Correlation Factor
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DISCRIMINANT CORRELATIONS

DNN-W 33| 5|25| 7 |49|34 8] 4] 4 |43|46| 8 |5o -_gg;_!_-_; 11| 11| 9 l 11|14|13|14.j 1 OO 5
BDT-W - 5 5 46
DNN-Top Y 2 T
BDT-Top : 80 @©
KtDR LL
u p— C
z 1175241 2 1.0 111 60 (@)
i =
TMAJ — -
| -
—20 O
@)
| -
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e
- —-20 5
RY 47t 216111114 |m|nar
f:iﬁi.a.?..:ﬁﬁﬁ.:é:“2'4“1'4?%’:.....5::::.::f.ff.:f_::fﬂ"' :f'::':.:f:ﬂ:':.f: ffﬁfﬁ.ﬁ:ﬁ::.:::.f:.:.)_/:f_ —-40
65 s 27 N = 1.3.]‘..ev....qb...J.e.t............i....i...i...f....;_
ECF 4131314412 :
ECF2 581113_34 truth“[10001SOO]G-eV .......................... : _60
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