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hoolPeter Kra
hkov9.08.13In high-energy physi
s, with the sear
h for ever smaller signals in everlarger data sets, it has be
ome essential to extra
t a maximum of the availableinformation from the data. Multivariate 
lassi�
ation methods based on ma
hinelearning te
hniques have be
ome a fundamental ingredient to most analyses.Also the multivariate 
lassi�ers themselves have signi�
antly evolved in re
entyears. Statisti
ians have found new ways to tune and to 
ombine 
lassi�ers tofurther gain in performan
e. Integrated into the analysis framework ROOT,TMVA is a toolkit whi
h hosts a large variety of multivariate 
lassi�
ationalgorithms. Training, testing, performan
e evaluation and appli
ation of allavailable 
lassi�ers is 
arried out simultaneously via user-friendly interfa
es.With version 4, TMVA has been extended to multivariate regression of a real-valued target ve
tor. Regression is invoked through the same user interfa
esas 
lassi�
ation. TMVA 4 also features more �exible data handling allowingone to arbitrarily form 
ombined MVA methods. A generalised boostingmethod is the �rst realisation bene�ting from the new framework.But some new regression methods do not work 
orre
t. Neuron networkis one type of ma
hine learning te
hnique. This method have been realizedin ROOT TMVA with two di�erent method: ba
k propogation method andBroyden-Flet
her-Goldfarb-Shannon (BFGS) method. But neuron networkwith ba
k propogation method does not work 
orre
tly. My goal was foundreason bad working neuron network with this method. This method workvery good and widely apply for 
lassi�
ation problem be
ouse it work fasterthen BFGS method.1 ba
k propogation methodA feed-forward network has a layered stru
ture. Ea
h layer 
onsists ofunits whi
h re
eive their input from units from a layer dire
tly below and1



send their output to units in a layer dire
tly above the unit. There are no
onne
tions within a layer. The Ni inputs are fed into the �rst layer of Nhhidden units. The input units are merely units no pro
essing takes pla
e inthese units. The a
tivation of a hidden unit is a fun
tion Fi of the weightedinputs plus a bias, as given in eq
yk(t + 1) = Fk(s) = Fk(

∑

j

ωjkyj(t) + θj(t))The output of the hidden units is distributed over the next layer of Nh;2hidden units, until the last layer of hidden units, of whi
h the outputs arefed into a layer of No output units .

lthough ba
kpropagation 
an be applied to networks with any numberof layers, just as for networks with binary units it has been shown (Hornik,Stin
h
ombe, White, 1989; Funahashi, 1989; Cybenko, 1989; Hartman, Keeler,Kowalski, 1990) that only one layer of hidden units su
es to approximate anyfun
tion with �nitely many dis
ontinuities to arbitrary pre
ision, providedthe a
tivation fun
tions of the hidden units are non-linear (the universalapproximation theorem). In most appli
ations a feed-forward network witha single layer of hidden units is used with a sigmoid a
tivation fun
tion forthe units.The error measure Ep is de�ned as the total quadrati
 error for patternp at the output units:
Ep =

1

2

∑

o

(dp
o − yp

o)
2where dp

o is the desired output for unit o when pattern p is 
lamped. Wefurther set E =
∑

p Ep as the summed squared error. We 
an write2
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The tri
k is to �gure out what δ
p
kshould be for ea
h unit k in the network. The interesting result, whi
h wenow derive, is that there is a simple re
ursive 
omputation of these δâ�TMswhi
h 
an be implemented by propagating error signals ba
kward throughthe network.To 
ompute δ

p
k we apply the 
hain rule to write this partial derivativeas the produ
t of two fa
tors, one fa
tor re�e
ting the 
hange in error as afun
tion of the output of the unit and one ree
ting the 
hange in the outputas a fun
tion of 
hanges in the input. Thus, we have
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kLet us 
ompute the se
ond fa
tor. By equation y

p
k = F (sp

k) whi
h is the sameresult as we obtained with the standard delta rule. Substituting this and
∂y

p

k

∂s
p

k

= F ′(sp
k), we get δp

o = (dp
o − yp

o)F
′(sp

k) for any output unit o. Se
ondly,if k is not an output unit but a hidden unit k = h, we do not readily knowthe 
ontribution of the unit to the output error of the network. However, theerror measure 
an be written as a fun
tion of the net inputs from hidden tooutput layer and we use the 
hain rule to write
∂Ep

∂s
p
h

= −

N0∑

o=1

δp
oωhoThis equations give a re
ursive pro
edure for 
omputing the δâ�TMs for allunits in the network, whi
h are then used to 
ompute the weight 
hangesa

ording to equation. This pro
edure 
onstitutes the generalised delta rulefor a feed-forward network of non-linear units.2 My workI tried to use TMVA: multivariate regression te
hniques for �t fun
tion.Ba
k propagation method was aplied, but it didn't work. Fig 1 displays �tlinear fun
tion.I 
hanged di�erent options (neuron type, number of hidden layer, numberneuron in ea
h layer and e.t.
 ) but it didn't help. After that I wrote ownsimple neuron network with ba
k propagation method. My network has theopportunity to 
hange type a
tivation fun
tion, number of hidden layers andnumber of neuron in ea
h layer. I think that in TMVA: ba
k propogationmethod has some bug. For example �t by my neuron network and TMVAnetwork with the same options is shown in Fig 2, 3.3
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�èñ. 1: Fit linear fun
tion, red line-true fun
tion, bla
k line �tting fun
tion
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�èñ. 2: Fit some fun
tion with help TMVA neural network, red line-truefun
tion, bla
k line �tting fun
tion
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�èñ. 3: Fit some fun
tion with helpmy neural network, red line-truefun
tion, bla
k line �tting fun
tion theta
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�èñ. 4: Di�eren
e between �ttingvalue and true valueThis neuron network was used one hidden layer and ten neurons withsigmoid a
tivation fun
tion. TMVA has been realized so:fa
tory->BookMethod(TMVA::Types::kMLP,"MLPold "!H:!V:VarTransform=Norm:NeuronType=sigmoid:NCy
les=2000:HiddenLayers=10:TrainingMethod=BP:Sampling=0.3:SamplingEpo
h=0.8:Convergen
eImprove=1e-6:Convergen
eTests=15");I used 106 monte 
arlo events given this formula 2 with sigma equal zero.
y = (0.8 − 4.5Landau(5x − 4, 0.1, 1., 0))Landau() means Landau distribution probability density fun
tion.After that I tested the other arti�
ial intelligen
e method is used in TMVAregression and try to understand why some method did not work in di�erent
ase.
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