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IN ORDER TO EXTRACT THE RELEVANT PHYSICS SIGNAL,

WE NEED TO KNOW THE PARTON DISTRIBUTIONS AND THEIR UNCERTAINTY

[S THIS ASPECT OF LHC PHYSICS UNDER CONTROL?



AN ONGOING EFFORT...




SUMMARY

e PARTON DISTRIBUTIONS: THE STATE OF THE ART
— PARTON FITS IN THE ERA OF LHC
— PARTON DISTRIBUTIONS WITH ERRORS: CAN WE TRUST THEM?

— THE NEED FOR NEW IDEAS

« THE NEURAL NETWORK APPROACH TO PDFS
— THE NEURAL MONTE CARLO
— NEURAL NETWORKS: OVERLEARNING AND STOPPING

— NEURAL PARTONS AND PARAMETRIZATION BIAS



DEEP-INELASTIC SCATTERING

STRUCTURE FUNCTIONS. ..

Lepton fractional energy loss: y = g%q;
: Q%
Bjorken z: x = 3
p-q !
lepton-nucleon CM energy: s = %y;

21—x.

virtual boson-nucleon CM energy W?2 = Q —

d2orrre(z,y, Q%) G2, Q2 ’ ) ;
dxdy o om(1 + QQ/m%/V)Q xy {—M Y (1 — 5) xF3(x, Q%) + (1 —y)Fo(x, Q%)

+y2Fi (2,Q%)| = 2Xp [ =X y(2 — y)zg1(2, Q%) — (1 — )9 (2, Q%) — yPzgs (2, Q7|

PARITY CONS. PARITY VIOL.

A; — lepton helicity UNPOL. Fy, Fo F3
Ap — proton helicity

POL. g1 g4, g5




...AND PARTON DISTRIBUTIONS

STRUCTURE FUNCTION=HARD COEFF.QPARTON DISTN.

—F(@,Q%) =2 Y g+ a@)+a. [Cilo] @ (g + @) + Cylos] @ g]

p— flav. 4
qi quark, g; antiquark, g gluon

LEADING PARTON CONTENT (up to O[as| corrections)

a=q'+q' Ag =ql" —ql
NC FR7=5 € (q6+q) g7 =3 e (Agi + Ag)
cC VY —d+d+s+é gV = Al + Ad + As + AG
CC —-FV'"=ag-d-—s+é ¢V =Au—Ad— As+ Ac
Fs =2z F, g4 = 2235

Wt —- W~ = u<«d, ¢ s; more combinations using Isospin: p = n = u < d



FROM HERA TO LHC

AT A HADRON COLLIDER

LHC parton kinematics

10
e SCALE Q DETERMINED BY MASS
10°
OF FINAL STATE
10" F

e MOMENTUM FRACTIONS 1 9 DE-

TERMINED BY MASS & RAPIDITY OF 10° —

FINAL STATE

Q (GevH

B Xl,
- Q

nm~

M = 100 GeV

= (M/14 TeV) exp(zy)
M

M=10TeV




FROM HERA TO LHC = EVOLUTION

AT A HADRON COLLIDER LHC parton kinematics

(LU L BB LA AL B RLALLL B ELRALLY LR
e SCALE Q DETERMINED BY MASS X, 1, = (M/14 TeV) exp(y)
100 Q=M M =10 TeV
OF FINAL STATE :
10" F i

e MOMENTUM FRACTIONS x1 T2 DE- : | .
TERMINED BY MASS & RAPIDITY OF 10° _ - ......... ......... _

FINAL STATE 5
< 10 F =
3
USE ALTARELLI-PARISI EQNS: € ol wm-i0ce
e,
iAq s = as(t) % ® Agns 10° £ 4
at N 27 AN S 3
d (Ax _ o as(®) quq 2ny P). o (A% 7k
dt Ag 2 Pfq Pjg Ag
TO EVOLVE PARTONS F
FROM DIS TO LHC KINEMATICS I T SO RV AR R
10" 10° 10° 10* 10° 10° 100 10



F, -Ioglo(x)

PARTONS WITH ERRORS

GIVEN A SET OF DATA POINTS

HERA F,
o o  emoecon MUST DETERMINE A SET OF
- —— H1 PDF 2000 fit
FUNCTIONS WITH ERRORS
4+ H1(prel.) 99/00
= ZEUS 96/97
s BCDMS
x=0.0032 o NMC
DATA INCLUDED IN CTEQ5 PARTON FIT
I AA‘ L L AL ““‘\7
x=0.008
g i \\ o DIS (fixed target) |
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c v v DY
x=0021 102 | o W-asymmetry
e M - o v o Direct-y ]
i ;. s d x=0032 - iy v ] . Jets ]
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. _ e AAMARAg 8
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i o 414 4 1
T veseBaelgl g n g5 4 x=04 i ggo SR RER RRKARR £§£§é§ A
YT_ i O A 8 o A4 AAAAAAAAAAAAA§ A
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WHAT’S THE PROBLEM? D. Kosower, 1999

e FOR A SINGLE QUANTITY, WE QUOTE 1 SIGMA ERRORS: VALUE+ ERROR
e FOR A PAIR OF NUMBERS, WE QUOTE A 1 SIGMA ELLIPSE

e FOR A FUNCTION, WE NEED AN “ERROR BAR” IN A SPACE OF FUNCTIONS

MUST DETERMINE THE PROBABILITY DENSITY (MEASURE) P|f;(x)]
IN THE SPACE OF PARTON DISTRIBUTION FUNCTIONS f;(x) (i=quark, antiquark,

gluon)
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WHAT’S THE PROBLEM? D. Kosower, 1999

e FOR A SINGLE QUANTITY, WE QUOTE 1 SIGMA ERRORS: VALUE+ ERROR
e FOR A PAIR OF NUMBERS, WE QUOTE A 1 SIGMA ELLIPSE

e FOR A FUNCTION, WE NEED AN “ERROR BAR” IN A SPACE OF FUNCTIONS

MUST DETERMINE THE PROBABILITY DENSITY (MEASURE) P|f;(x)]
IN THE SPACE OF PARTON DISTRIBUTION FUNCTIONS f;(x) (i=quark, antiquark,

gluon)

EXPECTATION VALUE OF ¢ [f;(z)] = FUNCTIONAL INTEGRAL

/ Df; o [fi(x)) PLF,

MUST DETERMINE AN INFINITE-DIMENSIONAL OBJECT
FROM A FINITE SET OF DATA POINTS



THE STANDARD SOLUTION:

FUNCTIONAL PARTON FITTING
e CHOOSE A FIXED FUNCTIONAL FORM:
— MRST: 24 PARMS., SOME FIXED — 15 PARMS.

xq(x, Q(Q)) = A1l —2)"(1 +ex’® + ’ya:)xé, r[u — d](x, Qg) = A1 —2)"(1 + vz + 6x2)x6.
xg(x, Q(z)) =A,(1—x2)"(1+ egazo'5 + ’yga:)ajég —A_(1-— x)"—x_é—,
— CTEQ: 20 PARMS.
© f(2,Q0) = Ao 2™t (1 — )2 237 (14 ¢4 2)%

with independent params for combinations u, =u — u, d, = d — d, g, and @+ d,
s =58 =0.2(u+d) at Qo; NORM. FIXED BY SUM RULES
— ALEKHIN: 17 PARMS.

2 A
zuv(z, Qo) = N—anu(l — )" (1 + vox); zus(z, Qo) = N—Znuwas(l — x)bsu

1
zdy(z, Qo) = Wﬂcad(l —2)’; zds(z, Qo) = —= (1 — x)"s,
d

As 4 a
xss(x, Qo) = ~5 % s(1—z)Psutbsd) /2. 2G(2,Qp) = Agz G (1—2)°C (14~ Va+vs @),



THE STANDARD SOLUTION:

FUNCTIONAL PARTON FITTING
e CHOOSE A FIXED FUNCTIONAL FORM:
— MRST: 24 PARMS., SOME FIXED — 15 PARMS.

xq(x, Q(Q)) = A1l —2)"(1 +ex’® + ’ya:)xé, r[u — d](x, Qg) = A1 —2)"(1 + vz + 6x2)x6.

xg(x, Qg) =A,(1—x2)"(1+ egazo'5 + ’yga:)ajég —A_(1-— :B)"—a:_é—,

— CTEQ: 20 PARMS.
z f(z, Qo) = Ao 1 (1 — :I:)A2 eA37 (1+ et4 :c)A5

with independent params for combinations u, =u — u, d, = d — d, g, and @+ d,
s =58 =0.2(u+d) at Qo; NORM. FIXED BY SUM RULES

— ALEKHIN: 17 PARMS.

2 A
zuv(z, Qo) = N—Xﬁb’au(l — )" (1 + vox); zus(z, Qo) = N—znu%’as(l — x)bsu

1
zdy(z, Qo) = Wfﬂad(l —2)’; zds(z, Qo) = —= (1 — x)"s,
d

As 4 a
xss(x, Qo) = ~5 % s(1—z)Psutbsd) /2. 2G(2,Qp) = Agz G (1—2)°C (14~ Va+vs @),

e EVOLVE TO DESIRED SCALE & COMPUTE PHYSICAL OBSERVABLES
e DETERMINE BEST-FIT VALUES OF PARAMETERS

e DETERMINE ERROR BY PROPAGATION OF ERROR ON PARMS ("HESSIAN METHOD’)
OR BY PARM. SCANS ((LAGRANGE MULTIPLIER METHOD’)

PROBLEM PROJECTED ONTO THE FINITE-DIMENSIONAL SPACE OF PARAMETERS



HOW WELL DOES IT WORK? (DIS onwy)

ALEKHIN 2003 PARTONS

TOTAL ERROR BANDS FOR

el e LO (pots), NLO (DASHES),
0.2 03 04 0.5

X NNLO (SOLID)

PARTON DISTRIBUTIONS

valence v’ =u —1u, d’" =d —d,
sea u® =u° =d° =d°

0.08
0.06 |
S | 004 |/
1 0.02 H/

L I ‘ I ‘ I ‘ \\ l’\l )”I':{\ }\\ L ‘ L1 || L1 1|
0.1 0.2 0.3 0.4 0.5 0 0 0.1 0.2 0.3 04 0.5
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HADRONIC CHANNELS
IN UNPOLARIZED GLOBAL FITS

DIS (fixed target) 1
HERA ('94)
DY

DATA IN CTEQ5 PARTON FIT
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e DRELL-YAN = 4/d ASYMME-

TRY
e W* = u/d ASYMMETRY

negligible w.r. to DIS)
e LARGE F7r JETS = LARGE x

e DIRECT v = GLUON (impact
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HOW WELL DOES I'T WORK? (with HADRONIC DATA)

DRELL-YAN p/d ASYMMETRY

/

p

Ratio (x,Q)

ut

L4

1

0.5

-0.5H—

EHLQ84
DuOw84
MoTu90
KMRS90
CTQ2M
MRSA95 F
GRV94
CTQ4M
MRS981
C6.1M
MRSTO01
Alekhin

17I |

10%10% 10

-2

oPd

oPp

T1>>x2

f(x,Q2)

1.8

16 L
1.4 F

12 b

08 |

0.6 |

percentage.error

- 1 Ci(d)g)
T2 (1 i ﬂ(xz))

— 5 —10% ACCURACY ON u, d

2 .

- Q+xx2= 100 GeV*2 4

1 E
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: 2 ]
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CAN WE TRUST GLOBAL FITS?

PARTON SETS DO NOT AGREE WITHIN RESPECTIVE ERRORS!

W PRODUCTION CROSS-SECTION

TEVATRON
PDF SET XSEC [NB] PDF UNCERTAINTY
ALEKHIN 2.73 + 0.05 (T0o7)
MRST2002 2.59 + 0.03 (EXPT)
CTEQ6 2.54 + 0.10 (ExXPT)
THORNE 2003

e ALEKHIN VS. MRST/CTEQ
— W PRODUCTION XSECT AT
TEVATRON DO NOT AGREE
WITHIN RESPECTIVE ERRORS



CAN WE TRUST GLOBAL FITS?

PARTON SETS DO NOT AGREE WITHIN RESPECTIVE ERRORS!

W PRODUCTION CROSS-SECTION HIGGS PRODUCTION AT LHC
TEVATRON : : : :
PDF SET XSEC [NB] PDF UNCERTAINTY | 4 -
ALEKHIN 2.73 + 0.05 (T0o7)
MRST2002 2.59 + 0.03 (EXPT)
CTEQ6 2.54 + 0.10 (ExXPT)
THORNE 2003 2 .

e ALEKHIN VS. MRST/CTEQ
— W PRODUCTION XSECT AT
TEVATRON DO NOT AGREE
WITHIN RESPECTIVE ERRORS

e ALEKHIN VS. MRST/CTEQ
0.5 F
— PREDICTIONS FOR ASSO- o(pp — HW) [pb]
CIATE HIGGS W PRODUCTION
Vs =14 TeV N\
LHC DO NOT AGREE WITHIN 0.3 N
RESPECTIVE ERRORS | | | |

100 120 140 160 180 200
MH [GGV]

Alekhin ------

DJouADI AND FERRAG, 2004



INCOMPATIBLE DATA?

GLOBAL X2 MINIMUM MAY NOT
CORRESPOND TO LOCAL MINIMA
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E866 DY DATA

DATA:

DISAGREE WITH DIS
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PARAMETRIZATION BIAS?

14| fepr(z, Q%)
Q2 = (100 GeV)?
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1.2 -

0.6 -

1 ral ral

ol

LENLE I T

LB T
'

1.4

1.2

0.6 -

1le-05 0.0001 0.001

X

0.01

ral

0.1

T LENLE B

LB

- fPDF(IE, QQ)

Alekhin/CTEQ

1

1le-05

ral

ral

T

Q? = (100 GeV)?

ral

LI

ral

LI

ek |

T

T

0.0001 0.001

x

0.01

0.1

MRST & CTEQ
— SIMILAR PARTONS
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PARAMETRIZATION BIAS?

T T 'I 'I T T 'I T T 'I T
14+ feor
Q* = (100 GeV)?

MRST/CTEQ

(2,Q?)

12 -

0.6 - _

T T 'I T T 'I T T 'I T T 'I T T T
14 L feor(z, Q?) =
Q% = (100 GeV)?

Alekhin/CTEQ
1.2 .

ek |

0.8

0.6 F .

MRST & CTEQ
— SIMILAR PARTONS

T .. .. . 1| Djouadi and Ferrag 2003
1le-05 0.0001 0.001  0.01 0.1 1 1le-05 0.0001 0.001  0.01 0.1 1
THE W XSECT. AGAIN. ..

PDF SeT COMMENT XSEC [NB] PDF UNCERTAINTY

ALEKHIN TEVATRON 2.73 + 0.05 (TOoT)
SIMILAR PAR- MRST2002 | TEVATRON 2.59 + 0.03 (ExXPT)
TONS CTEQG6 TEVATRON 2.54 4+ 0.10 (EXPT)
— SIMILAR ALEKHIN LHC 215 + 6 (TOT)

MRST2002 LHC 204 + 4 (EXPT)
RESULTS

CTEQ6 LHC 205 + 8 (EXPT)




T

(z, Q%)
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0.1 1
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Djouadi and Ferrag 2003

PDF SeT COMMENT XSEC [NB] PDF UNCERTAINTY
ALEKHIN TEVATRON 2.73 + 0.05 (TOoT)
MRST2002 | TEVATRON 2.59 + 0.03 (ExXPT)
CTEQG6 TEVATRON 2.54 + 0.10 (ExXPT)
ALEKHIN LHC 215 + 6 (TOT)
MRST2002 LHC 204 + 4 (EXPT)
CTEQ6 LHC 205 + 8 (EXPT)

We do not seem to have the optimum parameterization for both finding the best fit and also

investigating fluctuations about this best fit (...) This might then influence our error

analysis...(MRST 2004)



SOLUTIONS: CTEQ TOLERANCE CRITERION
SINGLE OUT INCONSISTENT DATA
e how many parameters are significantly determined by each dataset?

e how consistent are the data from one set with the rest?

STUDY MINIMUM ALLOWED Xzz
FOR 2-TH EXP. AS
GLOBAL X2 ALLOWED TO INCREASE

O§I LI | L | L | L | L | LI I_
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| 7BCDMS F,ud ~]
8 CCFR F, vA
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AXfot
Collins, Pumplin 2001

CCFR, BCDMS
INCOMPATIBLE WITH THE REST



SINGLE OUT INCONSISTENT DATA

SOLUTIONS: CTEQ TOLERANCE CRITERION

e how many parameters are significantly determined by each dataset?

e how consistent are the data from one set with the rest?

STUDY MINIMUM ALLOWED Xzz
FOR 2-TH EXP. AS
GLOBAL X2 ALLOWED TO INCREASE
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Collins, Pumplin 2001

CCFR, BCDMS
INCOMPATIBLE WITH THE REST

OPTIONS

e discard incompatible experiments
e reweight individual contributions

e INCORPORATE IN ERROR,
TOLERATING FIXED MAX DEVIA-
TION FOR EACH EXPERIMENT &
EACH FIT PARAMETER
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SOLUTIONS: CTEQ TOLERANCE CRITERION

SINGLE OUT INCONSISTENT DATA

e how many parameters are significantly determined by each dataset?

e how consistent are the data from one set with the rest?

STUDY MINIMUM ALLOWED X?

FOR 2-TH EXP. AS

GLOBAL X2 ALLOWED TO INCREASE
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INCOMPATIBLE WITH THE REST

OPTIONS

e discard incompatible experiments

e reweight individual contributions

e INCORPORATE IN ERROR,
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TION FOR EACH EXPERIMENT &
EACH FIT PARAMETER
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SOLUTIONS: ERROR RESCALING

HOW CAN DATA FROM INCONSISTENT SETS BE INCLUDED?
ASSUME INCONSISTENCY DUE TO UNDERESTIMATED (SYST.) ERROR:

without rescaling with rescaling
250 250
- xX°/NDP=1.15 - xX°/NDP=0.96
225 |- 225 |-
200 ; 200 f—
175 ; 175 f—
150 ; 150 f—
125 ; 125 f—
100 f— 100 f—
75 f— 75 f—
s0 |- s0 |-
25 | 25 |-
o -Z -2 o 2 4 o -;1 4

For the experiments with y? > 1 the statistical errors in data were

rescaled in order to get x? =1 ALEKHIN 2005
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ASSUME INCONSISTENCY DUE TO UNDERESTIMATED (SYST.) ERROR:

without rescaling with rescaling
250 250
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200 ; 200 f—
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150 ; 150 f—
125 ; 125 f—
100 f— 100 f—
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s0 |- s0 |-
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o -Z -2 o 2 4 o -;1 4

For the experiments with y? > 1 the statistical errors in data were

rescaled in order to get x? =1 ALEKHIN 2005

ALTERNATIVE (ALEKHIN 2006): DISCARD INCONSISTENT DATA, RETAIN SUBSET



THE HERA-LHC BENCHMARK: AN IMPASSE

GLUON AND dv: MRST vS. BENCH

MRSTbench

MRSTbench AW

MRST2001

MRST2001 |

HERA-LHC
BENCHMARK PARTONS
OBTAINED FROM NC DIS
DATA ONLY, Q2 > 9 GeV?

S xd, (x,Q?=20) o

5 xgxQ=20) 5

e [T IS UNSURPRIZING THAT CENTRAL VALUES DEPEND STRONGLY ON THE
DATASET
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THE HERA-LHC BENCHMARK: AN IMPASSE

GLUON AND dv: MRST vS. BENCH

MRSTbench

MRSTbench AW

MRST2001

MRST2001 |

HERA-LHC
BENCHMARK PARTONS
OBTAINED FROM NC DIS
DATA ONLY, Q2 > 9 GeV?

S xd, (x,Q?=20) o

5 xgxQ=20)

e [T IS UNSURPRIZING THAT CENTRAL VALUES DEPEND STRONGLY ON THE
DATASET

e BUT IT IS VERY WORRISOME THAT THE RESULT WITH THE FULL DATA SET
IS NOT WITHIN THE ERROR BAND OF THE RESULT FROM A DATA SUBSET

A NEW IDEA IS NEEDED!



THE BAYESIAN MONTE CARLO (GIELE, KOSOWER, KELLER 2001)

generate a Monte-Carlo sample of fcts. with “reasonable” prior distn.
(e.g. an available parton set) — representation of probability functional P|f;]

calculate observables with functional integral

update probability using Bayesian inference on MC sample:
better agreement with data — more functions in sample

iterate until convergence achieved



THE BAYESIAN MONTE CARLO (GIELE, KOSOWER, KELLER 2001)

e generate a Monte-Carlo sample of fcts. with “reasonable” prior distn.
(e.g. an available parton set) — representation of probability functional P|[f;]

e calculate observables with functional integral

e update probability using Bayesian inference on MC sample:
better agreement with data — more functions in sample

e iterate until convergence achieved

PROBLEM IS MADE FINITE-DIMENSIONAL BY THE CHOICE OF PRIOR, BUT
RESULT DO NOT DEPEND ON THE CHOICE IF SUFFICIENTLY GENERAL
HARD TO HANDLE “FLAT DIRECTIONS”

(Monte Carlo replicas which lead to same agreement with data);
COMPUTATIONALLY VERY INTENSIVE;

DIFFICULT TO ACHIEVE INDEP. FROM PRIOR
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THE NEURAL MONTE CARLO

THE NNPDF COLLABORATION
(2004: Del Debbio, SF, Latorre, Piccione, Rojo; 2007: +Ball, Guffanti, Ubiali)

BASIC IDEA: USE NEURAL NETWORKS AS UNIVERSAL UNBIASED INTERPOLANTS

Tests

e exp - art
Tests

net - art

Experimental data ‘

Generation of
artificial data
Training of
neural networks
Evolution
net)(2)

qNS(nel)(l) qNS( qNS(nel)(k) - Tests
net - net
> Tests
net - exp
Determination of

qNs(nel), G(net], pij(ne!)
the probability density




THE NEURAL MONTE CARLO

THE NNPDF COLLABORATION
(2004: Del Debbio, SF, Latorre, Piccione, Rojo; 2007: +Ball, Guffanti, Ubiali)

BASIC IDEA: USE NEURAL NETWORKS AS UNIVERSAL UNBIASED INTERPOLANTS

e GENERATE A SET OF MONTE CARLO
REPLICAS ¢'*) (p;) OF THE ORIGINAL

DATASET o (42t (p,) Experimental dia = N

=> REPRESENTATION OF P[0 (p;)]| AT[ Generationat Tews
DISCRETE SET OF POINTS p; e s
Training of Tests
neural networks net - art
Evolution

Tests
net - net

> Tests
net - exp

(net)

(net)(1) «

(net)(k) »n
Ans Ans Axs —>

Determination of

(net)  (net)
9y O ’Pij

the probability density




THE NEURAL MONTE CARLO

THE NNPDF COLLABORATION
(2004: Del Debbio, SF, Latorre, Piccione, Rojo; 2007: +Ball, Guffanti, Ubiali)

BASIC IDEA: USE NEURAL NETWORKS AS UNIVERSAL UNBIASED INTERPOLANTS

e GENERATE A SET OF MONTE CARLO

REPLICAS ¢'*) (p;) OF THE ORIGINAL
DATASET ¢ (42 (p,)

P P
= REPRESENTATION OF P[0 (p;)] AT[ Gemioe -
DISCRETE SET OF POINTS D; artificial data -
e TRAIN A NEURAL NET FOR EACH PDF | numinteas -
ON EACH REPLICA, THUS OBTAINING
A NEURAL REPRESENTATION OF THE,  Fwlen
PDFS fi(net),(k)

(net)(k) Tests
S

[

Experimental data

(net)(1) (net)(2)
S S

Ay, dy, ay

net - net

> Tests
net - exp

(net) (net)  (net)
Q"% 0", p,

Determination of

the probability density




THE NEURAL MONTE CARLO

THE NNPDF COLLABORATION
(2004: Del Debbio, SF, Latorre, Piccione, Rojo; 2007: +Ball, Guffanti, Ubiali)

BASIC IDEA: USE NEURAL NETWORKS AS UNIVERSAL UNBIASED INTERPOLANTS

e GENERATE A SET OF MONTE CARLO
REPLICAS ¢'*) (p;) OF THE ORIGINAL

DATASET O_(data) ( pz) Experimental data

=> REPRESENTATION OF P[0 (p;)] AT[ Goationt Tes

DISCRETE SET OF POINTS p; il g exp- e
e TRAIN A NEURAL NET FOR EACH PDF | semintvais -

ON EACH REPLICA, THUS OBTAINING

A NEURAL REPRESENTATION OF THE| Eviiion

ppFs fi"e) ) _
e THE SET OF NEURAL NETS IS A REP- ™ il il

RESENTATION OF THE PROBABILITY -

DENSITY: ’ net-exp

Niep /
< |:f,2’ ] > N Z 0- (n ’ t) ( k ) :| Determination of (net)

(net) (net)
rep " 0", p,

the probability density




WHAT ARE NEURAL NETWORKS?

( 2 . {ra Output
w5, o MULTILAYER FEED-FORWARD NETWORKS

Hidden e Each neuron receives input from neurons
in preceding layer and feeds output to neu-
rons in subsequent layer

2 gz
wieh 0

& §2 | Euy Inpu
o e Activation determined by weights and

thresholds
0.6 e Sigmoid activation function
0. 1
// 9(x) = =7
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WHAT ARE NEURAL NETWORKS?

( 2 . {ra Output
w5, o MULTILAYER FEED-FORWARD NETWORKS

Hidden e Each neuron receives input from neurons
in preceding layer and feeds output to neu-
rons in subsequent layer

2 gz
wieh 0

& §2 | Euy Inpu
o e Activation determined by weights and

thresholds
0.6 e Sigmoid activation function
0. 1
// 9(x) = =7

-10 -5 5 10

JUST ANOTHER SET OF BASIS FUNCTIONS!
A1-2-1NN: &3 el = 1

(2 w(2)
0(3) _ 11 _ 12
1 p(2) _ (1) (1) p(2) _ (1) (1)
1+e 14e 1 1 711 14e 2 1 Y21

THANKS TO NONLINEAR BEHAVIOUR,
ANY FUNCTION CAN BE REPRESENTED BY A SUFFICIENTLY BIG NEURAL
NETWORK
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IN A STANDARD FIT, ONE LOOKS FOR MINIMUM X2 WITH GIVEN FINITE PARM.
e [F THE BASIS IS TOO LARGE, THE FIT NEVER CONVERGES

e [F THE BASIS IS TOO SMALL, THE FIT IS BIASED
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IN A STANDARD FIT, ONE LOOKS FOR MINIMUM X2 WITH GIVEN FINITE PARM.
e [F THE BASIS IS TOO LARGE, THE FIT NEVER CONVERGES

e [F THE BASIS IS TOO SMALL, THE FIT IS BIASED

Q: HOW CAN ONE BE SURE THAT THE COMPROMISE IS UNBIASED?
IN A NEURAL FIT, SMOOTHNESS DECREASES AS FIT QUALITY IMPROVES:!

UNDERLEARNING
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WHAT ARE NEURAL NETWORKS GOOD FOR?

IN A STANDARD FIT, ONE LOOKS FOR MINIMUM X2 WITH GIVEN FINITE PARM.
e [F THE BASIS IS TOO LARGE, THE FIT NEVER CONVERGES

e [F THE BASIS IS TOO SMALL, THE FIT IS BIASED

Q: HOW CAN ONE BE SURE THAT THE COMPROMISE IS UNBIASED?
IN A NEURAL FIT, SMOOTHNESS DECREASES AS FIT QUALITY IMPROVES:!
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WHAT ARE NEURAL NETWORKS GOOD FOR?

IN A STANDARD FIT, ONE LOOKS FOR MINIMUM X2 WITH GIVEN FINITE PARM.
e |FF THE BASIS IS TOO LARGE, THE FIT NEVER CONVERGES
e |F THE BASIS IS TOO SMALL, THE FIT IS BIASED

Q: HOW CAN ONE BE SURE THAT THE COMPROMISE IS UNBIASED?

IN A NEURAL FIT, SMOOTHNESS DECREASES AS FIT QUALITY IMPROVES:!
OVERLEARNING

Over Learning x*~0
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WHAT ARE NEURAL NETWORKS GOOD FOR?

IN A STANDARD FIT, ONE LOOKS FOR MINIMUM X2 WITH GIVEN FINITE PARM.
e |FF THE BASIS IS TOO LARGE, THE FIT NEVER CONVERGES
e |F THE BASIS IS TOO SMALL, THE FIT IS BIASED

Q: HOW CAN ONE BE SURE THAT THE COMPROMISE IS UNBIASED?

IN A NEURAL FIT, SMOOTHNESS DECREASES AS FIT QUALITY IMPROVES:!

OVERLEARNING
Over Learning x*~0
0.08
0.07
0.06 :— s 4 L ] am 1
C & 2 - L F
0.05F ' ol el 3
E T L] L F L L -
0.04 LB L
- . "
0.03&— 7
= b ]
0.02 —
Z Data
0.01» ¢ # NeuNet
u:||||||||||||||||||||||||||||||||
H] 5 10 15 20 25 30

# Points

A: STOP THE FIT BEFORE OVERLEARNING SETS IN!



THE STOPPING CRITERION

MINIMIZE BY GENETIC ALGORITHM:
AT EACH GENERATION, THE X2 EITHER UNCHANGED OR DECREASING

e DIVIDE THE DATA IN TWO SETS: TRAINING AND
e MINIMIZE THE X2 OF THE DATA IN THE TRAINING SET

e AT EACH ITERATION, COMPUTE THE FOR THE DATA IN THE SET (NOT
USED FOR FITTING)

e WHEN THE STOPS DECREASING, STOP THE FIT
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THE STOPPING CRITERION

MINIMIZE BY GENETIC ALGORITHM:
AT EACH GENERATION, THE X2 EITHER UNCHANGED OR DECREASING

e DIVIDE THE DATA IN TWO SETS: TRAINING AND

e MINIMIZE THE X2 OF THE DATA IN THE TRAINING SET

e AT EACH ITERATION, COMPUTE THE FOR THE DATA IN THE SET (NOT
USED FOR FITTING)
e WHEN THE STOPS DECREASING, STOP THE FIT
GO!
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THE STOPPING CRITERION

MINIMIZE BY GENETIC ALGORITHM:
AT EACH GENERATION, THE X2 EITHER UNCHANGED OR DECREASING

e DIVIDE THE DATA IN TWO SETS: TRAINING AND

e MINIMIZE THE X2 OF THE DATA IN THE TRAINING SET

e AT EACH ITERATION, COMPUTE THE FOR THE DATA IN THE SET (NOT
USED FOR FITTING)
e WHEN THE STOPS DECREASING, STOP THE FIT
STOP!
] o
10 0.08 -
o= 0.07F- [
8- -
E n.msE I
6 0.05— T
e = -
5F 0.04— } {
aE 0.03 i
3 -
E_ 0.01;— I
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THE STOPPING CRITERION

MINIMIZE BY GENETIC ALGORITHM:
AT EACH GENERATION, THE X2 EITHER UNCHANGED OR DECREASING

e DIVIDE THE DATA IN TWO SETS: TRAINING AND

e MINIMIZE THE X2 OF THE DATA IN THE TRAINING SET

e AT EACH ITERATION, COMPUTE THE FOR THE DATA IN THE SET (NOT
USED FOR FITTING)
e WHEN THE STOPS DECREASING, STOP THE FIT
TOO LATE!
10 0.08
9 0.07F- [
8 -
. n.nsz— I
6 n.ns;— . T
5F 0.04 { #
ac 0.03" i
= =
2;_ 0.021— ¥
E_ u.m;— ¥
D:I TR N T T T N T T N T T T T T T T N T O T T N T M A B D: ] | ] | ] | ‘ |
40 60 B0 100 120 140 160 180 200 10" p

Generations X



A FIT OF THE ISOTRIPLET QUARK DISTRIBUTION
hep-ph/0701127

THE CVS TREE STRUCTURE
(now switched to SVN)

CVS tree:
- data
- (] exp
datawarehouse Languages: F77, C++, ShellScript
- ariginal Libraries: CERN, LHAPDF
bedris #code lines: 9K
&1 nme #files: 320
& theo #folders: 115
e FIRST FULL TEST OF slphas #bytes: 14M
THE METHOD AND ITS andim
- coef
IMPLEMENTATION dis
(& dy
e NONTRIVIAL ISSUES harmeums dats
OF CODE DESIGN AND s doc evol
TASK COORDINATION £ ek ger
= | INCer
_ = Far rririr
e OBJECT-ORIENTED el "
& MODULAR STRUC- +1- [ modules & rr
TURE OF THE CODE I e projects pofin
[&] evfactinter phys
Filker stat —
[« generator wSEC 7 |§| input . war
@ nngns i:? @ Makefile
(%] phys ¢ (=] nngns.f
[+] walidation P |§| nnqgns.sh




THE DATA

10° E_ * Excluded Data : E E E EEE

- « NMC - B B

i R EEER I

i ¢ BCDMS HEREER BT
< -':-SIHC‘}EE
5 eI
5 eI
010:— ..q.:ii.ac.aoo'

- AL ERAETIARERLE

L 8% & W bt aes hasa?

| e B 0 § 4 S LS wead

e 9,8 G4 v s uBe®

i . s a0 et

B e % a8 % s s saeet®

1 ‘. |.|$|.. .|.|.|.||.|||

10° 102 107
e PHYSICAL OBSERVABLE: F} — [
o 229 NMC & 254 BCDMS DATA

WITH Q* > 3 GeV?
e DETERMINATION OF

¢"°(z) = u(z)+u(z) — (d(z) + d(z))
AT REF. SCALE Q3 = 3 GeV?
AT LO, NLO, NNLO

2
t . EEEE =
III|III|III|III|III|III|III|I

Flx, @7) - Fi(x, Q%)

. EEEE =

T . FEEFEE o=

= . EEFFE=
III|III|III|III|III|III|III|I III|III|III|III|III|III|III|I

. EEEE =

FIHN

==0.140

i o

; # 3 F\iéi*é@.@iji},ﬁﬂ

0525

'}‘f §‘} iéiéﬁ?igﬁiﬂii;;

Q° (GeV®)




MONTE CARLO DATA GENERATION

e BCDMS+ NMC PROTON & DEUTERON F5 DATA (FULL CORRELATED SYSTEMATICS
AVAILABLE), TAKEN AT 4 BEAM ENERGIES

e ON TOP OF STAT. ERRORS, 4 SYSTEMATICS + 1 NORMALIZATION (NMC) OR 6 SYSTEMATICS +
1 ABSOLUTE & 2 RELATIVE NORMALIZATIONS (BCDMS), WITH VARIOUS FORMS OF
CORRELATION (FULL, OR FOR EACH TARGET, OR FOR EACH BEAM ENERGY)

GENERATE DATA ACCORDING TO A MULTIGAUSSIAN DISTRIBUTION

F.(art) (k) _

k k T(k) fb+r(k) fi 3+T€k) fir L .
(1—|—rék> JN)\/l—l—r,gﬁ) O N, \/1—|—r§’7) N, plezp) 4 i1 1’2100’ 2,3 Fi(ewp) —|—’I“,g’s) o’

S

r univariate gaussian random nos., one r; s for each data, but single r; ; for all correlated data

Proton
Cerntral walues Errors Correlations

SCATTER PLOT ART. VS. EXP. FOR 10
(RED) 100 (GREEN) AND 1000 (BLUE)
REPLICAS

NEED 1000 REPLICAS TO REPRODUCE CORRELATIONS TO PERCENT ACCURACY



PERTURBATIVE EVOLUTION
PARAMETRIZE INITIAL PDFS AS A FUNCTION OF x

DETERMINE GREEN’S FUNCTION FOR ALTARELLI-PARISI EVOLUTION
D(z, a5 (Q%) 5 (Q2)) (note it is a distribution)

DETERMINE EVOLVED PDF AS

a(2,Q) = Ga(w, Q) + [ LT (y, 04 (Q%), 0 (Q3))a (£, Q3)

GREEN FUNCTION CAN BE INTERPOLATED OR COMPUTED ON A GRID AND
STORED

EVOLUTION AND INTERPOLATION FULLY BENCHMARKED



Chi2

e EACH NEURAL NET IS FITTED TO A PSEUDODATA REPLICA BY MINIMIZING ITS X2
e MINIMIZATION THROUGH GENETIC ALGORITHM + REWEIGHTING OF EXPERIMENTS

e QUALITY OF FIT MEASURED BY X2 OF AVERAGE OF NN COMPARED TO DATA

2.2

1.8 b/

0.8

x?2 OF BEST FIT

TRAINING...

X2 OF BEST FIT VS. AVERAGE Y2

Total 1.2 | T T T
NMC -
BCDMS - L
“ 1.1
1.0
i i
3 i
(2] -
>
0.9 —
_ 0.8 —
e T - \,\\ RS e -
| | | | | ST e | [ R N |
20 40 60 80 100 120 140 160 180 2001-79 2

Number of generations

2.25 2.5

3
X stop

w



Chi2

TRAINING...

e EACH NEURAL NET IS FITTED TO A PSEUDODATA REPLICA BY MINIMIZING ITS X2
e MINIMIZATION THROUGH GENETIC ALGORITHM + REWEIGHTING OF EXPERIMENTS

e QUALITY OF FIT MEASURED BY X2 OF AVERAGE OF NN COMPARED TO DATA

x?2 OF BEST FIT X2 OF BEST FIT VS. AVERAGE Y2

2.2 Total — 1.2 | T T T T T T T T T T T T T T T
NMC - -
BCDMS - - i
2 | r .
1.1 — —
1.8 —“f‘n,f'l‘a,‘ = .
1.0 —
§ L i
(2] - -
< i i
0.9 — —
0.8 — |
LRV - \,\‘ — SN ol taistutnin : :

08 | ) ) ) ) o ‘77 | 1 1 1 1 | 1 1 1 1 | 1 1 1 1 | 1 1 1 1 | 1 1 1 1
" 20 40 60 80 100 120 140 160 180 2001-79 2 .25 2.5 2.75 3

Number of generations 3

X stop

e [F NO STOPPING IMPLEMENTED, X2 OF THE AVERAGE DECREASES
AS A FUNCTION OF AVERAGE X2 OF REPLICAS

e AT BEST FIT, AVERAGE X2 OF REPLICAS ~ 2; X2 OF AVERAGE TO DATA ~ 1



...AND STOPPING

AFTER STOPPING CRITERION IMPLEMENTED

DISTRIBUTION OF X2 AT STOPPING DISTRIBUTION OF TRAINING LENGTHS
| Distribution of E |
§0-24E_ | Distribution of training lengths | EI;‘;‘;;“Q 'engigo
=0.22— 5024 = Mean 44.01
© 02fF .8022:— RMS e
** = a  E
0.18— i 0.2
0.165— 0.18;—
0.14 0.16
012 0.14 =
- 0.12F
0.1 =
- O.l_—
0.08— 0.08F
0'06;_ O..06E—
0.04 0.04%—
0.02f 0.02
0:|||||||||||||||||||||||||||||||| O: .I...I...I...Iﬂ.m...l.
14 1.6 1.8 2 2.2 2.4 2.6 2.8 3 3.2 0 20 40 60 80 100 120 140
E(k) Training length
e POISSONIAN DISTRIBUTION OF TRAINING LENGTHS
e BEST FIT y? = 0.75 (BCDMS: 0.75, NMC: 0.72):

EXPT. ERRORS SOMEWHAT OVERESTIMATED?



STABILITY

CAN CHECK STABILITY BY COMPARING RESULTS IF THE WHOLE PROCEDURE IS
REPEATED WITH A DIFFERENT SET OF REPLICAS

(qi)(1y—(qqi)
DEFINE R.M.S. DISTANCE (d[q]) = \ <02[q8;]+02[j)22]

NOTE ¢ => ERROR ON AVERAGE = (ERROR ON ¢;)/V' N
= TESTS BOTH ACCURACY OF CENTRAL VALUE & ERRORS

dat

SELF-STABILITY: CHANGE OF ARCHITECTURE:
DIFFERENT SETS OF 100 REPLICAS 2-4-3-1 vs. 2-5-3-1
(dq])qae | 0-96 ([d[q])aae | 09
(d19)) exira | 0-99 (d19)) exira | 0-9
(dog]) g | 0.88 (d]og])gae | 0.9
(d[og]) ira | 0.97 ([d10g]) onirn | 1.4

DISTANCE COMPUTED FOR 14 POINTS LINEARLY SPACED IN THE DATA REGION
(0.05 <z <0.75H)
& 14 POINTS LOG SPACED IN THE EXTRAPOLATION REGION (1073 < 2z < 1072?)



RESULTS & COMPARISON TO OTHER APPROACHES

NLO RESULTS: THE STRUCTURE FUNCTION Fi¥5(x, Q?)
VS = AT Q* = 15 GEV? VS Q? AT z = 0.15

0'07: 13 GeV? < Q? < 17 GeV? 0.09 =
= | n~w~eorF - —
0.06[— |:| CTEQ 0.08 e o
- - [[EcTeEQ
- MRST -
0051 — i 0.07 ® W vRST
C B #vevtin - [l Alekhin
- ® Dat -
~ 0.04— = —~0.06[—= . l ® Data
© ‘o - ®
% 0.03 C 5 0.05: ®
2 £ ) I
Z N 2 . ]
0.02¢ 0.04 3 ® e
. ; !
0.01p 0.03
= ‘
OF 0.02F \
_0.01_ 5 1 1 1 1 [ N T 1 1 1 1 1 L1 001_ 1 1 1 a1 | Il Il |
10 10° 1 10 2 2 0
X Q% [GeVY

e COMPATIBLE WITH EXISTING FITS WITHIN ERROR
(even when they disagee with each other)



RESULTS & COMPARISON TO OTHER APPROACHES

NLO RESULTS: THE STRUCTURE FUNCTION Fi¥5(x, Q?)
VS = AT Q* = 15 GEV? VS Q? AT z = 0.15

0'07: 13 GeV? < Q? < 17 GeV? 0.09 =
= | n~w~eorF - —
0.06[— |:| CTEQ 0.08 e o
- - [[EcTeEQ
- MRST -
0051 — i 0.07 ° W vRST
C B #vevtin - [l Alekhin
- ® Dat -
~ 0.04— = —~0.06[—= . l ® Data
© ‘o - ®
% 0.03 C 5 0.05: ®
2 g (%} I ® 0
Z 2 i .
0.02f 0.04 | ® ®
. ; !
0.01p 0.03
= ‘
OF 0.02F \
_0.01_ 5 1 1 1 1 [ N T 1 1 1 1 1 L1 001_ 1 1 1 a1 | Il Il |
10 10° 1 10 2 2 0
X Q% [GeVY

e COMPATIBLE WITH EXISTING FITS WITHIN ERROR
(even when they disagee with each other)

e UNCERTAINTY MUCH LARGER IN EXTRAPOLATION BUT ALSO IN DATA REGION
(note no other global fit data constrain gns)



RESULTS & COMPARISON TO OTHER APPROACHES

NLO RESULTS: THE STRUCTURE FUNCTION Fi¥5(x, Q?)
VS = AT Q* = 15 GEV? VS Q3 AT:BZO.15

0'07: 13 GeV? < Q? < 17 GeV? 0.09 =
= | n~w~eorF - —
0.06[— |:| CTEQ 0.08 e o
- - [[EcTeEQ
- MRST -
0051 — i 0.07 ° W vRST
C B #vevtin - [l Alekhin
- ® Dat -
~ 0.04— = __0.06F l ® Data
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e COMPATIBLE WITH EXISTING FITS WITHIN ERROR
(even when they disagee with each other)

e UNCERTAINTY MUCH LARGER IN EXTRAPOLATION BUT ALSO IN DATA REGION
(note no other global fit data constrain gns)

e CENTRAL FIT DISAGREES WITH EXISTING FITS IN VALENCE REGION
0.1 <2x<0.3



RESULTS:

THE NONSINGLET QUARK PDF qNS ($, QQ)

LO, NLO & NNLO

LO vs. NLO NLO vs. NNLO o quality of fit (x?)
same at LO, NLO, NNLO

i oo [Bo y éff;ii/"/’ff e NLO & NNLO agree within
/7 //;/ one o

NNLO terms negligible within

errors

e LO & NLO agree within three
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NLO terms absorbed in b.c.
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LO vs. NLO

RESULTS:

THE NONSINGLET QUARK PDF ¢™°(z, Q?)
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LO, NLO & NNLO
NLO vs. NNLO

INLO
INNLO

VARIATION OF a4

HIGH as = 0.120

[Jo.=0.118

[7]a,=0.120

quality of fit (x?)
same at LO, NLO, NNLO

NLO & NNLO agree within
one o

NNLO terms negligible within
errors

LO & NLO agree within three
o
NLO terms absorbed in b.c.

quality of fit (x?) unchanged
with as = 0.118 £ 0.002

all fits agree within one o
= «g cannnot be determined
with good accuracy



CONCLUSIONS

e STANDARD METHODS OF PDF DETERMINATION ARE
STRETCHED TO THEIR LIMIT BY THE NEEDS OF
PRECISION PHENOMENOLOGY AT THE LHC

e NEURAL PARTON DISTRIBUTIONS ARE
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Higgs decay in eTe™ + 2 jets at CMS



