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ssh -Y inpactest@bl-1-1.physics.sjtu.edu.cn
password: inpac123456

Stepl Training

1. E5ciEN/Erec_tuto/tmva B&1Z T TMVARegression.C
cd /Erec_tuto/tmva
vi TMVARegression.C

2. ®E MVA FERNT . 1 RRFTH, 0 FRRKH. XRFHERNT AR MLP
BDTG A AiE#{R MLP #1 BDTG J53%53TH . BREFIEEN TR =,

73 [/ -— Mutidimensional likelihood and Nearest-Neighbour methods

74 Use["PDERS"] =0;

75  Use["PDEFoam"] =0;

76 Use["KNN"] = 0;

77 [/

78 [/ - Linear Discriminant Analysis
79  Use["LD"] =0;

80 //

81 //-—Function Discriminant analysis
82 Use["FDA_GA"] =0;

83 Use["FDA_MC"] =0;

84 Use["FDA_MT"] =0;

85  Use["FDA_GAMT"]  =0;
86 //

87  // - Neural Network

88 Use["MLP"] = 1;

89 //

90 //-—-Support Vector Machine
91  Use["SVM"] =0;

92 /]

93  //-— Boosted Decision Trees
94 Use["BDT"] = 0;

95  Use["BDTG"] =1;

% //

3. I# factory object. Z/FHRTIIANARERY factory IEFEARA TMVA B9777%. R
EFAELE, BRE—MIETUEE A TMVARegression”, FB{ESTKIFGHERN
“TMVAClassification”, A°XEZEERER R, FFUKERBEEZETEFRT.

137  TMVA::Factory *factory = new TMVA::Factory( "TMVARegression", outputFile,

138 "IV:1Silent:Color:DrawProgressBar" );

4. EXWNEE, XEHATERFHENYHE MVA B training 1, {RtE] UFEH—L 3
B G HT "3 varlivar2*abs(vard)" . TEIAFRMNAEAZIN 12 MaALE.
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THHRIR E’inf MTEEE.
FE-METRIZZ B root TP ERF,
B /l\ﬂEIﬁ E'M\?T? ERmPERPETNEF.
BENETRUTRORL.
FEMERRILEBOHIELT. TR, PR Float -
149  factory->AddVariable( "nHit", "nHit", "units", 'F' );
150 factory->AddVariable( "nHit1", "nHit1", "units", 'F' );
151 factory->AddVariable( "nHit2", "nHit2", "units", 'F" );
152  factory->AddVariable( "nHit3", "nHit3", "units", 'F' );
153 factory->AddVariable( "nHough", "nHough", "", 'l );
154  factory->AddVariable( "nCluster”, "nCluster", "", 'I');
155  factory->AddVariable( "nTrack”, "nTrack", "",'I' );
156  factory->AddVariable( "nLayer"”, "nLayer”, "",'I');
157  factory->AddVariable( "density", "Density", "", 'F' );
158 fadnry>AddVaname(WneanRadnw"'WneanRadmsﬂ“”ﬂF‘k
159  factory->AddVariable( "ninteractingLayer", "Interlayer™, "", 'l');
160  factory->AddVariable( "begin", "begin”, "",'l' );

5. EX1EN target IEE., AREATERRE. FLILIE energy (EAFEFFHY target,
175  factory->AddTarget( "energy" );

6. SRINFYE TMVA training i MC 3830 {F., 7EE&{F/Erec_tuto/trainingfile/root_training
TE, FEITARRET A pi-f9 root X4, ENIMXFMXETEHIBEEMNAE, 27
A 1k, 5k, 1w, 5w, AEABFHPRITAMNALIEE N Iw B934, BIRBTIXN
TAHMX G, WRHEEFCEMSBHNERNER, SRBEEEK, BFE1T
AR Rl .

183 TFile *input(0);

184 TString fname = "../trainingfile/root_training/pi-_lw.root";

7. ZfNPT{E Y root SCHAY tree,

198  TTree *regTree = (TTree*)input->Get("tree");

8. ®E&E TMVA RENTENSH . AXARANTTAZ MLP 1 BDTG, AR FZE
REXRNTENSHANT ., TERAXREFRF MLP J7EANREIED,

268 if (Use["MLP"])

269 factory->BookMethod( TMVA:: Types::kMLP, "MLP", "IH:IV:VarTransform=Norm:NeuronType=tanh:NCycles=
5000:HiddenLayers=10,2:TestRate=6:TrainingMethod=BFGS:Sampling=0.3:SamplingEpoch=0.8:
Convergencelmprove=1e-6:ConvergenceTests=15:!UseRegulator:LearningRate=0.001" );

TFRFH MLP FEFENS RN XER, RIMDIRETRTFNES, T ELEATFHEN
SE T EERAIEK . RTINS TMVA _Users guide {7 —2 7 #&,



Option Array Default Predefined Values Description
NCycles 500 Number of training cycles
HiddenLayers N,N-1 Specification of hidden layer architec-
ture
NeuronType sigmeoid linear, sigmoid, Neuron activation function type
tanh, radial
NeuronInputType sum sum, sgsum, Neuron input funetion type
abssum
TrainingMethod BP BP, GA, BFGS Train with Back-Propagation (BP),
BFGS Algorithm (BFGS), or Genetic
Algorithm (GA - slower and worse)
LearningRate 0.02 ANN learning rate parameter
DecayRate 0.01 Decay rate for learning parameter
TestRate 10 Test for overtraining performed at
each #th epochs
Sampling i Only 'Sampling’ (randomly selected)
events are trained each epoch
SamplingEpoch 1 Sampling is used for the first 'Sam-
plingEpoch’ epochs, afterwards, all
events are taken for training
SamplingImportance i The sampling weights of events in
epochs which successful (worse estima-
tor than before) are multiplied with
Samplinglmportance, else they are di-
vided.
Option Array Default Predefined Values Description
SamplingTraining True The training sample 1= sampled
SamplingTesting False The testing sample is sampled
ResetStep 50 How often BFGS should reset history
Tau 3 LineSearch swe step
BPMode sequential sequential, Back-propagation learning mode: se-
batch quential or batch
BatchSize -1 Batch size: pumber of events/batch,
only set if in Batch Mode, -1 for Batch-
Sze=number_of_events
Convergencelmprove 0 Minimum improvement which counts
as improvement (<0 means automatic
convergence check 1= turned off)
ConvergenceTests -1 Number of steps (without improve-
ment) required for convergence (<0
means automatic convergence check is
turned off)

TEAAREFH BDTG AR EEI.

280 if (Use["BDTG"])
281 factory->BookMethod( TMVA::Types::kBDT, "BDTG",
282 "IH:IV:NTrees=2000::BoostType=Grad:Shrinkage=0.1:UseBaggedBoost:BaggedSampleFraction=0.5:

nCuts=20:MaxDepth=3:MaxDepth=4" );
TF&H A BDTG FERENSHMBXFBRE, (ROMRBETRPNES, W EEPHNE
NS IT—ENERFIEK . RTINS TMVA Users guide #57i#—2 7 &,



Option Array Default Predefined Values  Description
SeparationType - GiniIndex CrossEntropy, Separation criterion for node splitting
Ginilndex,
GiniIndexWithLaplace,
MisClassificationError,
SDivSqrtSPlusB,
RegressionVariance
nEventsMin - max (20, NEvtsTrain/NVar®/10) Minimum number of events required
in a leaf node (default uses given for-
mula)
nCuts 20 Number of steps during node cut opti-
misation
PruneStrength - -1 - Pruning strength
PruneMethod - CostComplexity NoPruning, Method used for pruning (removal) of
ExpectedError, statistically insignificant branches
CostComplexity
PruneBeforeBoost False Flag to prune the tree before applying
boosting algorithm
PruningValFraction - 0.5 - Fraction of events to use for optimizing
automatic pruning.
NNodesMax 100000 Max number of nodes in tree
MaxDepth 100000 Max depth of the decision tree allowed
Option Array Default Predefined Values  Description
NTrees 200 = Number of trees in the forest
BoostType AdaBoost AdaBoost, Boosting type for the trees in the for-
Bagging, est
RegBoost,
AdaBoostR2,
Grad
AdaBoostR2Loss Quadratic Linear, Loss type used in AdaBoostR2
Quadratic,
Exponential
UseBaggedGrad False - Use only a random subsample of all
events for growing the trees in each it-
eration. (Only valid for GradBoost)
GradBaggingFraction 0.6 - Defines the fraction of events to
be used in each iteration when
UseBaggedGrad=kTRUE.
Shrinkage 1 - Learning rate for GradBoost algo-
rithm
AdaBoostBeta 1 Parameter for AdaBoost algorithm
UseRandomisedTrees False = Choose at each node splitting a ran-
dom set of variables
UselNvars 4 - Number of variables used if ran-
domised tree option is chosen
UseNTrainEvent N Number of Training events used in
each tree building if randomised tree
option is chosen
UseWeightedTrees True Use weighted trees or simple average
in classification from the forest
UseYesNoLeaf True Use Sig or Bkg categories, or the pu-
rity=S/(S+B) as classification of the
leaf node
NodePurityLimit 0.5 : In boosting/pruning, nodes with pu-

rity > NodePurityLimit are signal;
background otherwise.




9. EFtbAItEEEFH training o NEFERETE, REERF BTEFAT.
root TMVARegression.C

10. mHER, SEFETERZESEN— M EFIER. RO U EHENE
TREEARNHHER, (RERER T HBAETNT.

~ TMVA Plotting Macros for Regression — (] X

(1a) Input variables and target(s) (training sample)

(23) Input variable correlations (scatter profiles)

{(3) Input Variable Linear Correlation Coefficients

{4a) Regression Output Deviation versus Target (test sample)

(4b) Regression Output Deviation versus Target (training sample)

{4c) Regression Output Deviation versus Input Variables (test sample)

(4d) Regression Output Deviation versus Input Variables (training sample)

(5) Summary of Average Regression Deviations
(6a) Network Architecture
{6b) Metwork Convergence Test
(7) Plot Foams
(8) Regression Trees (BDT)
(9) Regression Tree Control Plots (BDT)
(10) Quit
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Input variable : nTrack
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Correlation Matrix

Linear correlation coefficients in %
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Output deviation for method: MVA_BDTG (test sample) TMVA

(BDTG F57k test Z5R)
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nHit :
nHitl :
nHit2 :
nHit3 :
nHough :
nCluster :
nTrack :

nLayer :

Density :

meanRadius :
Interlayer :
begin :

Bias node :

Qutput layer

Step2 Application

1. B4t N/Erec_tuto/tmva 8§12 T #9 TMVARegressionApplication.C
cd /Erec_tuto/tmva
vi TMVARegressionApplication.C

2. ®E MVA RIERNTE. 1 FR/AFTH, 0 F[RmxiA. AR ERBTTEAR MLP Al
BDTG FrIXiE# 4R MLP 1 BDTG J7ATH. BREFBEEA TEM T,



11 // --- Mutidimensional likelihood and Nearest-Neighbour methods
42 Use["PDERS"] = 0;

43 Use["PDEFoam"] = 0;
44 Use["KNN"] = 0;
45 //

46 // --- Linear Discriminant Analysis
47 Use["LD"] = 0;
48 //

49 // --- Function Discriminant analysis
50 Use["FDA_GA"] = 0;
51 Use["FDA_MC"] = 0;
52 Use["FDA_MT"] = 0;
53 Use["FDA_GAMT"] = 0;
54 //

55 // --- Neural Network

56 Use["MLP"] = 1;
57 //

58 // --- Support Vector Machine
59 Use["SVM"] = 0;
60 //

61 // --- Boosted Decision Trees
62 Use["BDT"] = 0;
63 Use["BDTG"] = 1;
cA fr/

whEE, XETEHRMM TMVARegression.C FYEE4EE

95 Float_t nHitl, nHit2, nHit3 ,nHit ,nHough ,nClusteer ,nTrack ,nLayer ,nInter ;
96 Float_t nbegin,ndensity ,nmeanRadius;

97 reader->AddVariable( "nHit", &nHit );

98 reader->AddVariable( "nHitl", &nHitl );

99 reader->AddVariable( "nHit2", &nHit2 );

100 reader->AddVariable( "nHit3", &nHit3 );

101 reader->AddVariable( "nHough", &nHough);

102 reader->AddVariable( "nCluster"”, &nClusteer);

103 reader->AddVariable( "nTrack"”, &nTrack);

104 reader->AddVariable( "nLayer", &nlLayer);

105 reader->AddVariable( "density", &ndensity);

106 reader->AddVariable( "meanRadius", &nmeanRadius);
107 reader->AddVariable( "nInteractinglLayer”, &nInter);
108 reader->AddVariable( "begin", &nbegin);

BEBRERZERHEEZEENHHISH. HF 100,0,20 53 5]37= bin H9EE,
histgram FUBEESERE, TAPEHIREN 020, HIRERAREE AL X 2 SN ] 1Y
EHIFBIZE.

132 for (std::map<std::string,int=::iterator it = Use.begin(); it != Use.end(); it++) {
133 TH1* h = new THIF( it-=first.c_str{), TString(it-=first) + " method",6 100 ,0, 20);
134 if (it-=second) hists[++nhists] = h;

AT EEEEER MCldata samples 1912, ISR

Erec_tuto/trainingfile/root_app T A{RER T 8 4 pi-A9 MC root {4, XLt root {4

X ANETENRHEARNDZHNEE. 7702 10,20,30--80GeV, {Ro]UERT
— 17, 2N A ERER root XF#HITHREFTE.

143 TString fname = TStrlng::Format("../tralnlngfile/root_app/pi-_lGGeV.rootl);

1EEX root 1A tree F0 variables, &— variable 3B E 5 FIFfEE N ——X N .



163 TTree* theTree

164
165

167
168
169
170
171
172
173
174
175
176
177
178

TE X —/METHY root X, FREEZEEN D FHEEIX A root X,

238 TString foutName = TString::Format("TMVARegApp_10GeV.root");

RE XM, FHEITIZXARI ] A8 training 13 AY%R 14 & 3 3 69 Bzt

= (TTree*)input->Get("tree");

theTree->SetBranchAddress
theTree->SetBranchAddress
theTree->SetBranchAddress
theTree->SetBranchAddress
theTree->SetBranchAddress

root TMVARegressionApplication.C

Select signal sample" << std::endl;

"nHit", &Nhit );

"nHitl", &Nhitl );
"nHit2", &Nhit2 ):
"nHit3", &Nhit3 );
"nHough", &Nhough);
"nCluster”, &NClusteers);
"nTrack”, &ntrack);
"nLayer", &Nlayer);
"density", &nDensity);
"meanRadius”, &nRadius);

"nInteractinglLayer”, &NInter);

"begin", &nBegin);

Int_t Nhitl,Nhit2,Nhit3,Nhit,Nhough,NClusteers,ntrack,Nlayer,NInter;
Double_t nDensity,nRadius,nBegin;
166 Btd::cout << "---
theTree->SetBranchAddress |
theTree->SetBranchAddress |
theTree->SetBranchAddress |
theTree->SetBranchAddress |
theTree->SetBranchAddress(
theTree->SetBranchAddress(
theTree->SetBranchAddress(
(
(
(
(
(

EX=

BIRE 7T PZREFE NI tmva BXTEE— DR root X, hEEE 6 &
i T E X B9 “TMVARegApp_10GeV.root”,
FTFFIXA root 44,
root TMVARegressionApp_10GeV.C
WA
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W#“BDTG; 1"F1“MLP; 1I"BANEFRENOSEEEEEMNER,
BDTG method
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