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PROLOGUE: THE DISCOVERY OF THE W

LAST TIME WE LOOKED FOR “NEW” PHYSICS AT A HADRON

COLLIDER

THEORETICAL PREDICTION...

ALTARELLI, ELLIS, GRECO, MARTINELLI, 1984

...AND EXPERIMENTAL DISCOVERY

� AGREEMENT AND UNCERTAINTIES AT 20% CONSIDERED TO BE SATISFACTORY

� RESULTS FROM DIFFERENT PDF SETS DIFFER BY AT LEAST 5%

� NO WAY TO ESTIMATE PDF UNCERTAINTIES



PDFS: THEN AND NOW

PDFS IN 1984

GHR VS DUKEOWENS

20 YEARS OF VALENCE PDFS
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W.K. TUNG, 2004

� HADRON COLLIDERS CIRCA 1985 ) QUALITATIVE QCD: DISCOVERY PHYSICS

� DIS AT NMC AND HERA 19952005 ) QUANTITATIVE QCD: PRECISION PHYSICS

� HADRON COLLIDERS CIRCA 2010 ) PRECISION QCD $ NEW PHYSICS
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FACTORIZATION



FACTORIZATION I: DEEPINELASTIC
SCATTERING

STRUCTURE FUNCTIONS. . .
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FACTORIZATION II: HADRONIC PROCESSES
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FACTORIZATION II: HADRONIC PROCESSES
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LEADING PARTON CONTENT

(up to O[�s℄ orretions)

DEEPINELASTIC SCATTERING
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PERTURBATIVE EVOLUTION
THEORY SUMMARY

� DEFINE MELLIN MOMENTS OF PARTON DISTRIBUTIONS
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PERTURBATIVE EVOLUTION
QUALITATIVE FEATURES

THE LEADING ORDER ANOMALOUS DIMENSIONS

� AS Q2 INCREASES, PDFS DECREASE AT LARGE x & INCREASE AT SMALL x DUE TO RADIATION

� GLUON SECTOR SINGULAR AT N = 1 ) GLUON GROWS MORE AT SMALL x

� qq(1) = 0 ) NUMBER OF QUARKS CONSERVED



SUM RULES
CONSERVED QUANTUM NUMBERS CARRIED BY PARTON DISTRIBUTIONS
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STATISTICS



PARTON FITS
DATA ! PARTON DISTRIBUTIONS
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ISSUES AND TASKS:

� FROM PHYSICAL OBSERVABLES TO PDFS: SOLVE EVOLUTION EQUATIONS, CONVOLUTE WITH
PARTONLEVEL CROSSSECTIONS

� DISENTANGLING PDFS: CHOOSE A BASIS OF PDFS (2Nf QUARKS + 1 GLUON) & A SET OF

SUITABLE PHYSICAL PROCESSES TO DETERMINE THEM ALL

� PROBABILITY IN THE SPACE OF FUNCTIONS: CHOOSE A STATISTICAL APPROACH (HESSIAN,
MONTE CARLO, . . . )

� UNCERTAINTY ON FUNCTIONS: CHOOSE A FUNCTIONAL FORM



THE HESSIAN APPROACH (MSTW, CTEQ):

FUNCTIONAL PARTON FITTING

� CHOOSE A FIXED FUNCTIONAL FORM:

{ MSTW: 20 PARMS.
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{ BASIS FUNCTIONS: uv � u� �u, dv � d� �d, �u� �d (MSTW) OR �u, �d (CTEQ),

s
�
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� EVOLVE TO DESIRED SCALE & COMPUTE PHYSICAL OBSERVABLES

� DETERMINE BESTFIT VALUES OF PARAMETERS

� DETERMINE ERROR BY PROPAGATION OF ERROR ON PARMS. (’HESSIAN METHOD’)

PARM. SCANS ALSO POSSIBLE (’LAGR. MULTIPLIER METHOD’)



HESSIAN ERROR ESTIMATES
GENERAL FEATURES

OBSERVABLE X DEPENDING ON PARAMETERS ~z: (LINEAR ERROR PROPAGATION)

X(~z) � X0 + zi�iX(~z) ASSUMING MOST LIKELY VALUE AT ~z = 0
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OF VECTOR) EVEN WHEN NOT DIAGONALIZING (Lai et al,

CTEQ 2010)

� ANY ROTATION (ORTHOGONAL TRANSF.) IN THE SPACE

OF PARMS PRESERVES THE GRADIENT ! CAN DIAGONAL

IZE A CHOSEN OBSERVABLE WITHOUT SPOILING RESULT

(Pumplin 2009)



HESSIAN ERROR ESTIMATES
HYPOTESIS TESTING VS. PARAMETER FITTING

“PARADOX”
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MONTE CARLO ERROR ESTIMATES
EXACT ERROR PROPAGATION

OBSERVABLE X DEPENDS ON PARAMETERS ~z

VARIANCE: �2X = hX
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MONTE CARLO ERROR ESTIMATES
EXACT ERROR PROPAGATION
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MONTE CARLO ERROR ESTIMATES
EXACT ERROR PROPAGATION

OBSERVABLE X DEPENDS ON PARAMETERS ~z

VARIANCE: �2X = hX

2
i � hXi

2

AVERAGES: hXi =
R
d
d
zX(~z)P (~z), WITH

P (~z)) PROBABILITY DISTN. OF PARAMETER VALUES

& INTEGRAL PERFORMED BY MONTE CARLO SAMPLING

HOW MANY REPLICAS DOES ONE NEED? THREE BINS PER PARM ) 3
d

BINS

FOR 23 PARMS., NEED > 10
11

REPLICAS

DATA SPACE

DIAGONALIZATION: CHOOSE PARM z1 ALONG ~
rX

ALL OTHER PARMS ) FLAT DIRECTIONS

AVERAGES: hXi =
R
dz1X(~z)P (z1)

HOW MANY REPLICAS DOES ONE NEED?ONE–DIMENSIONAL AVERAGE OF n REPLICAS

CONVERGES TO TRUE AVERAGE WITH STANDARD DEV. �
p

n

10 REPLICAS ENOUGH FOR

�
3

ACCURACY



MONTE CARLO ERROR ESTIMATES
EXACT ERROR PROPAGATION

OBSERVABLE X DEPENDS ON PARAMETERS ~z
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Q: HOW IS IT DONE IN PRACTICE?
A: CHOOSE REPLICAS OF THE DATA, DISTRIBUTED AS THE DATA



THE NNPDF APPROACH:
THE NEURAL MONTE CARLO

BASIC IDEA: MONTE CARLO SAMPLING
OF THE PROBABILITY MEASURE IN THE (FUNCTION) SPACE OF PDFS

� START FROM MONTE CARLO SAMPLING OF DATA
SPACE

� SPACE OF FUNCTIONS HUGE

5 BINS FOR 10 PTS� 7 FCTNS ! 5
70

� 10
49

BINS

� IMPORTANCE SAMPLING: DATA TELL US WHICH
BINS ARE POPULATED
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MC generation

NN parametrization
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REPRESENTATION OF

 PROBABILITY DENSITY

EVOLUTION

TRAINING 



DATA MONTE CARLO ) PDF MONTE CARLO
NEURAL NETWORK PARM+ CROSSVALIDATION METHOD

� EACH PDF$ NEURAL NETWORK
PARAMETRIZED BY 37 PARAME
TERS

� NNPDF1.2: 37
7 = 259 PARMS

(RECALL MSTW, CTEQ ! 20
FREE PARAMETERS)
“INFINITE” NUMBER OF PARAM
ETERS) CAN REPRESENT ANY
FUNCTION

� COMPLEX SHAPES (LARGE NO.OF

PARAMETERS) REQUIRE LONGER
FITTING

� FIT STOPS WHEN QUALITY OF
FIT TO RANDOMLY SELECTED
“VALIDATION” DATA (NOT FITTED)
STOPS IMPROVING

� CAN OBTAIN A FIT WITH �
2

LOWER

THAN BEST FIT (“OVERLEARNING”)

Experimental Data

MC generation

NN parametrization

Fi      i=1,...,Ndata

NMC,BCDMS,SLAC,HERA,CHORUS...

Fi(1) Fi(2) Fi(N)Fi(N-1)

q0net(1) q0net(2) q0net(N-1) q0net(N)

REPRESENTATION OF

 PROBABILITY DENSITY

EVOLUTION

TRAINING 



NEURAL NETWORKS
A NONLINEAR FUNCTIONAL FORM

-10 -5 5 10

0.2

0.4

0.6

0.8

1

MULTILAYER FEEDFORWARD NETWORKS

� Eah neuron reeives input from neurons

in preeding layer and feeds output to neu-

rons in subsequent layer

� Ativation determined by weights and

thresholds

�i = g

�P
j
!ij�j � �i

�
� Sigmoid ativation funtion

g(x) =

1

1+e��x

EXAMPLE: A 121 NN

f(x) =

1

1+e
�
(3)

1

�

!
(2)

11

1+e
�
(2)

1

�x!
(1)

11

�

!
(2)

12

1+e
�
(2)

2

�x!
(1)

21

THANKS TO NONLINEAR BEHAVIOUR,
ANY FUNCTION CAN BE REPRESENTED BY A SUFFICIENTLY BIG NEURAL
NETWORK



CROSSVALIDATION
HOW TO DETERMINE THE OPTIMAL FIT

� REPLICAS ARE FITTED TO A DATA SUBSET

� A DIFFERENT SUBSET OF DATA USE FOR EACH REPLICA

� OPTIMAL FIT WHEN FIT TO VALIDATION (CONTROL) DATA STOPS IMPROVING

�

OPTIMAL FITTING

�

2 FIT TO DATA



CROSSVALIDATION
HOW TO DETERMINE THE OPTIMAL FIT

� REPLICAS ARE FITTED TO A DATA SUBSET

� A DIFFERENT SUBSET OF DATA USE FOR EACH REPLICA

� OPTIMAL FIT WHEN FIT TO VALIDATION (CONTROL) DATA STOPS IMPROVING

� THE BEST FIT IS NOT AT THE MINIMUM OF THE �
2

OVERFITTING

�

2 FIT TO DATA



DATA



DISENTANGLING QUARKS: UP VS. DOWN

WITH THE HELP OF ISOSPIN SYMMETRY
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p
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DETERMINING THE GLUON

SMALL x (SMALL N ):

SINGLET SCALING VIOLATIONS (HERA)

d
dt
F

s
2 (N;Q

2
) =

�s(Q
2)

2�

�
qq(N)F

s
2 + 2nfqg(N)g(N;Q

2
)

�
+

O(�
2
s)

ANOMALOUS DIMENSIONS

LARGE x:

HIGH pT JETS (TEVATRON)

CTEQ6.6 GLUON

(DASHED: NO JET DATA)



THE IMPACT OF JET DATA(NNPDF2.0)

DIS DIS+JET NNPDF2.0

�2
tot

1.20 1.18 1.21

NMC-pd 0.85 0.86 0.99

NMC 1.69 1.66 1.69

SLAC 1.37 1.31 1.34

BCDMS 1.26 1.27 1.27

HERAI 1.13 1.13 1.14

CHORUS 1.13 1.11 1.18

FLH108 1.51 1.49 1.49

NTVDMN 0.71 0.75 0.67

ZEUS-H2 1.50 1.49 1.51

CDFR2KT 0.91 0.79 0.80

D0R2CON 1.00 0.93 0.93

DYE605 7.32 10.35 0.88

DYE866 2.24 2.59 1.28

CDFWASY 13.06 14.13 1.85

CDFZRAP 3.12 3.31 2.02

D0ZRAP 0.65 0.68 0.47
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FLH108
NTVDMN
ZEUS-H2
DYE605
DYE886
CDFWASY
CDFZRAP
D0ZRAP
CDFR2KT
D0R2CON

NNPDF2.0 dataset

� HIGH ET JET DATA WELL REPRODUCED

EVEN WHEN NOT FITTED )

LARGE x GLUON WELL DETERMINED BY

SCALING VIOLATIONS!

� SIGNIFICANT IMPROVEMENT IN LARGE x

GLUON ACCURACY

GLUON
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DISENTANGLING QUARKS FROM ANTIQUARKS



� DIS ONLY MEASURES q + �q COMBINATION!

DRELLYAN p/d ASYMMETRY

q
�q



�

p
p
0

�

�

�

+

0.5

0.6

0.7

0.8

0.9

1

1.1

1.2

1.3

0 0.05 0.1 0.15 0.2 0.25 0.3 0.35

x2

σpd
/2

σpp

Less than 1% systematic
uncertainty not shown

CTEQ5M
MRST
GRV98

CTEQ4M

CTEQ5M (d
_
 = u

_
)

MRS(r2)

LIGHT ANTIQUARK ASYMMETRY

�
pn

�pp

�

4
9
u
p �d
p
+

1
9
d
p
�u
p

4
9
up�up+

1
9
dp �dp

�����
large x

�

�d
�u

E866 (2001)

W

�

ASYMMETRY

q

�q

p
p
0

W

�

-0.2

-0.15

-0.1

-0.05

0

0.05

0.1

0.15

0.2

0.25

0 0.5 1 1.5 2
Lepton Rapidity

C
ha

rg
e 

A
sy

m
m

et
ry CDF 1992-1995 (110 pb-1 e+µ)

CTEQ-3M
RESBOS

CTEQ-3M
DYRAD

MRS-R2 (DYRAD)
MRS-R2 (DYRAD)(d/u Modified)

MRST (DYRAD)

CDF (1998)

LIGHT QUARK ASYMMETRY

�
p�p
W+

�
p�p
W�

�

u
p
d
p

dpup

(qp = �q
�p)



DISENTANGLING STRANGENESS

� STRANGENESS ALMOST UNCONSTRAINED BY INCLUSIVE DIS DATA

NNPDF1.1: s, �s (atually s
�

) indep. parametrized, no dimuon data

� IN PARTON FITS UP TO 2009 ! STRANGENESS FIXED BY ASSUMPTION

NNPDF1.0: s(x;Q

2
0) = �s(x;Q

2
0), s+ �s =

1
2
(�u+ �d)

� IN CURRENT PARTON FITS ! STRANGENESS FIXED BY DIS DIMUON PRODUCTION

� + s!  & COLLIDER W PRODUCTION

NNPDF1.2: s, �s (atually s
�

) indep. parametrized, dimuon data

STRANGE PDFS: THE IMPACT OF DIMUON DATA
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THE IMPACT OF DRELLYAN+ W PROD. DATA(NNPDF2.0)

DIS DIS+JET NNPDF2.0

�2
tot

1.20 1.18 1.21

NMC-pd 0.85 0.86 0.99

NMC 1.69 1.66 1.69

SLAC 1.37 1.31 1.34

BCDMS 1.26 1.27 1.27

HERAI 1.13 1.13 1.14

CHORUS 1.13 1.11 1.18

FLH108 1.51 1.49 1.49

NTVDMN 0.71 0.75 0.67

ZEUS-H2 1.50 1.49 1.51

CDFR2KT 0.91 0.79 0.80

D0R2CON 1.00 0.93 0.93

DYE605 7.32 10.35 0.88

DYE866 2.24 2.59 1.28

CDFWASY 13.06 14.13 1.85

CDFZRAP 3.12 3.31 2.02

D0ZRAP 0.65 0.68 0.47
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CHORUS
FLH108
NTVDMN
ZEUS-H2
DYE605
DYE886
CDFWASY
CDFZRAP
D0ZRAP
CDFR2KT
D0R2CON

NNPDF2.0 dataset

� VERY SUBSTANTIAL IMPROVEMENT IN

FIT QUALITY WHEN DATA INCLUDED )

SOME PDF COMBINATIONS POORLY DE
TERMINED WITHOUT THESE DATA

� HUGE IMPROVEMENT IN SEA ASYM

�u� �d & STRANGENESS s� �s

� SIGNIFICANT IMPROVEMENT IN TOTAL

VALENCE (

P
i
(qi � �qi)) & ISOTRIPLET

(u+ �u� (d+ �d))

ISOTRIPLET VALENCE
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THE IMPACT OF DRELLYAN+ W PROD. DATA(CTEQ6.6)
CORRRELATION COEFFICIENT BETWEEN THE CROSS SECTION AND INDIVIIDUAL PDFS
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PRESENT

� SMALL x GLUON & SINGLET , PRECISE HERA DATA

� SMALL x FLAVOUR SEPARATION , TEVATRON W ASYMMETRY DATA

� MEDIUM x FLAVOUR SEPARATION , FIXED TARGET p/d DIS DATA, DRELL YAN,

NEUTRINO INCLUSIVE

� STRANGENESS , NEUTRINO DIMUON

� LARGE x GLUON , TEVATRON JETS

� W , x

� pT , x

� , x

� , x



PRESENT

� SMALL x GLUON & SINGLET , PRECISE HERA DATA

� SMALL x FLAVOUR SEPARATION , TEVATRON W ASYMMETRY DATA

� MEDIUM x FLAVOUR SEPARATION , FIXED TARGET p/d DIS DATA, DRELL YAN,

NEUTRINO INCLUSIVE

� STRANGENESS , NEUTRINO DIMUON

� LARGE x GLUON , TEVATRON JETS

FUTURE

� W ASYMMETRY , FULL FLAVOUR SEPARATION AT MEDIUM/SMALL x

� HIGH pT JETS , PRECISE GLUON AT INTERMEDIATE x

� HQ PRODUCTION , INDIVIDUAL QUARK FLAVOURS & GLUON AT SMALL x

� HIGGS PRODUCTION , MEDIUM x GLUON


