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Electromagnetic form factors
e Transversal density

*

~

q(b.) = [2-dim F.T]® Fi(t = ¢?)

q(X> bl)

by
o “skewless” GPD: H9(x,0,t = A?) = [db, e2brg(x, b))
[Burkardt '00, Ralston, Pire '02]
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Definition of GPDs

e In QCD GPDs are defined as [Miiller '92, et al. '94, Ji, Radyushkin '96]

dz~ ixPTz~ =
F9(x,n, t):/ e P” (Pa2|a(—z)y " q(2)IP1)

27

Z+:O,ZJ_:0

- dz= - _
Fi(x,n,t) = / o Pz (Pa|g(—2)7v"vsq(2)|P1)

(and similarly for gluons F& and Fé).
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Some properties of GPDs
e Decomposing into spin-non-flip and spin-flip part:

WPy u(Pr) o, B(P2)io ™ u(Py)A,

Fo =
p+ 2MP+

Ea
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Some properties of GPDs
e Decomposing into spin-non-flip and spin-flip part:

2 U(P)YTu(Pr),,,  G(P2)ic*u(P1)A, ,
F = P+ H™ + 2MP+ £

e Forward limit (A — 0): = GPD — PDF
F9(x,0,0) = H(x,0,0) = 0(x)q(x) — 0(—x)g(—x)
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Some properties of GPDs
e Decomposing into spin-non-flip and spin-flip part:

2 U(P)YTu(Pr),,,  G(P2)ic*u(P1)A, ,
F = P+ H™ + 2MP+ £

e Forward limit (A — 0): = GPD — PDF
F9(x,0,0) = H9(x,0,0) = 0(x)q(x) — 6(—x)

e Sum rules:

! H9(x,n,t) [ F/(t) Dirac
/_1"X{ E9(x,o. 1 ‘{ FO() Pauli

g

Pauli
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Some properties of GPDs
e Decomposing into spin-non-flip and spin-flip part:

2 U(P)YTu(Pr),,,  G(P2)ic*u(P1)A, ,
F = P+ H™ + 2MP+ £

Forward limit (A — 0): = GPD — PDF
Fq(XaOaO) = Hq(X707 O) = Q(X)q(X) - ‘9(_X)El(_x)

a=4q,8

Sum rules:

1d H9(x,n,t) [ F(t) Dirac
LV Eon,t) T FI()  Pauli

“Ji's sum rule” (related to proton spin problem)

1 [
J9== / dxx[Hq(x,n, t) + E9x,n, t)] [Ji 96]
2 1 t—0
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DVCS

o Access to GPDs: Deeply virtual Compton scattering (DVCS)
— “gold plated” process of exclusive physics

e DVCS is measured via leptoproduction of a photon

DVCS

e Interference with Bethe-Heitler process gives unique access to
both real and imaginary part of DVCS amplitude.
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DVCS cross section

do oc | T = [Teul? + |Toves|? + 7 .

3
S & ¢’ cos(n st sin(n
1 P1(¢)P2(¢){O+nz_;[n (@) + s (QM}’

2
"HDVCSF x { DVCS +Z DVCS cos n¢) DVCS sin(n¢)] }?

n=1

e Choosing polarizations (and charges) we focus on particular

harmonics:
L unpol. X [Fl ReH — M2 oy (Ft F2) Re H}
[Belitsky, Miiller et. al '01-'14]
o H(xp,t, Q?), ...— four Compton form factors (CFFs)
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Factorization of DVCS — GPDs

® [Collins et al. '98]

Y (=Q% gl

A
p P

e Compton form factor is a convolution:

Q? XB

a 2\ a XB = a 2
H(XB7t7Q)_/dXC(X72_XBa )H(X>2_XB7t7QO)

a=q,G
o H3(x,n,t,Q3) — Generalized parton distribution (GPD)
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(N)NLO corrections

® [K.K., Miiller and Passek-K. '07]
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Experimental coverage (1/2)

100 T T T 7 T T T T T
[0 H1 [ CLAS
3 ZEuSs [ HERMES
er B HallA
5- 4
s ol ]
s
O, 1of 1
k<] 3 1
2t 4
1t 1
collider fixed targets
= s 10° 102 ot 080 01 o0z 03 04 05 06

rp B

e Coming soon: COMPASS, JLab12, ... EIC
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Experimental coverage (2/2)

Collab.  Year Observables Kinematics No. of polnt.s
XB Q? [GeV?]  [t| [GeV?] total indep.
HERMES 2001 Ao 0.11 2.6 0.27 1 1
CLAS 2001 Are 0.19 1.25 0.19 1 1
CLAS 2006 ALY 0.2-0.4 1.82 0.15-0.44 6 3
HERMES 2006 A 0.08-0.12  2.0-3.7  0.03-0.42 4 4
Hall A 2006 (), Do(o) 0.36 15-23  0.17-0.33 4x24+12x24  4x24+12x24
CLAS 2007 ALu(¢) 0.11-0.58  1.0-48  0.09-1.8 62x12 62x12
0,1 il —
AN, A 12412412 44414
HERMES 2008 Agin(9=¢ds) cos(0.1)¢ 003-035  1-10 <0.7 12412 4+4
Ac‘os{a $s)sin 12 4
UT,I
CLAS 2008 ALu(®) 0.12-0.48  1.0-2.8 0.1-0.8 66 33
A6 o 18+18+18 6+6+6
HERMES 2009 LU.I LU,DVCS' 0.05-0.24  1.2-5.75 <0.7
a0z 50 18+18+18+18  6+6+6+6
Asm(123)¢ _ 12412+12 4+4-+4
HERMES 2010 Eosmz)w 0.03-0.35 1-10 <0.7 Di12412 PPN
ms(a 05)505(012)@
smm soyin 0 12412412 4+4+4
HERMES 2011 L A 0.03-0.35 1-10 <07 12+12 4+4
cos| cos|
Am (g tslesone, 12412 4+4
Asm(o ng)swm 12 4
LT,BH+DVCS
sm(l 2)@ Asin 18418+18 6+6+6
HERMES 2012 LU,DVCS' 0.03-0.35 1-10 <0.7
Co;(g 123)0 18+18+18+18  6+6+6+6
C
CLAS 2015  Apu(9), Au(9), A(é) 0.17-047  13-35 0.1-1.4 166-+166+166 166+166-+166
CLAS 2015 (), Aa(o) 0.1-0.58 1-4.6 0.09-0.52 2640+2640 264042640
al . . 5-2. .17-0. -+ I+
Hall A 2015 (), Do(o) 0.33-040 15-26  0.17-0.37 480600 240+360
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Alternative processes for GPD access
e Deeply virtual meson production (DVMP) v*p — Mp.

e Theory more “dirty” than for DVCS (second “soft” function
appears: meson distribution amplitude)

o Different mesons enable access to different flavours of GPDs

[P. Kroll's talk?]
e Wide-angle Compton scattering (WACS) [Tommorrow’s talks]

e WACS: proton momentum transfer ¢ is large (unlike DVCS,
where photon virtuality is large: Q% >> t!)

e data reasonably described by GPD models [Diehl, Kroll, '13]

e double DVCS ~*p — ~*p, timelike DVCS, ...
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Curse of dimensionality

e [t is relatively easy to find a coin lying somewhere on 100
meter string. It is very difficult to find it on a football field.

13 Kresimir Kumeritki: Nucleon GPDs from DVCS
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Extraction from data
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Curse of dimensionality

It is relatively easy to find a coin lying somewhere on 100
meter string. It is very difficult to find it on a football field.

When the dimensionality increases, the volume of the space
increases so fast that the available data becomes sparse.

Analogously, in contrast to PDFs(x), it is very difficult to
perform truly model independent extraction of GPDs(x, 7, t)

Known GPD constraints don't decrease the dimensionality of
the GPD domain space.

As an intermediate step, one can attempt extraction of
CFFs(xg, t)

(Dependence on additional variable, photon virtuality Q2 is in principle known
— given by evolution equations.)
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Modelling sea quark and gluon GPDs

Instead of considering momentum fraction dependence
H(x,...)

..it is convenient to make a transform into complementary
space of conformal moments j:

r(3/2)r Jj+1)

q
Hi(n,..) = 2HIT(j43/2)

J

/ xf G2 (x/m) HI(x,m, ..)

They are analogous to Mellin moments in DIS: x/ — C3/2( )
G
At LO easy multiplicative evolution (pQCD series behaviour

and evolution of CFFs studied also to NNLO)

(x) — Gegenbauer polynomials
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SO(3) partial wave expansion

e To model n-dependence of GPD’s H;(7), t) consider crossed
t-channel process v*y — pp and perform SO(3) partial wave
expansion:

hi; (1—t/M?)~P

Hi(n, 1) = f pp— L g,
y p K7
il J—a(t) (1-15) n

. ddy — Wigner SO(3) functions (Legendre, Gegenbauer,. .. )
v = 0,£1 — depending on hadron helicities

e Similar to “dual” parametrization [Polyakov, Shuvaev '02]

e We take leading waves J =+ 1,/ —1,--- and expand for

small 7.
77 Kresimir Kumericki: Nucleon GPDs from DVCS
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Extraction from data
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Modelling valence quark GPDs

e Hybrid models at LO
e Sea quarks and gluons modelled like just described (conformal
moments + SO(3) partial wave expansion + Q? evolution).

e Valence quarks model (ignoring Q2 evolution):

I 0) = 7 SHE60) + g6 0+ 2 60

2x \ "4 /1 x\? 1
H ty=nr2¢
(X,X7 ) nr <1—|—X> (1—|—X> (1_17Xi)p
1+x M2

e Fixed: n (from PDFs), a(t) (eff. Regge), p (counting rules)

a“¥(t) = 0.434+0.85t/GeV?  (p, w)
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e ReH determined by dispersion relations

ReH(E ) =

1 ! / 1 1 ~ / _

e Typical set of free parameters:

(2,4) (2,4)

MGe?, ssea '+ S¢ sea quarks and gluons H
rval - ppval - pval valence H

pyal - fiyval pval valence H

C, Mc subtraction constant (H, E)
rr, My " pion pole” E

Kresimir Kumericki: Nucleon GPDs from DVCS
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Model KM09a ~ KMO9%  KMI0  KM10a KM10b KMS1l KMMI2 KM15

free params. {3}+(3)+5 {3}+(3)+6 {3}+15 {3}+10 {3}+15 NNet {3}+15 {3}+15

y2/d.odf. 320/31  334/34 135.7/160 120.2/149 115.5/126 13.8/36 123.5/80 240./275
R {85} {85} {85} {85} {85} (85} {85}
opves (45) (45) 51 51 45 11 1
dopyes/dt (56) (56) 56 56 56 24 24
A 12412 12412 12 16 12412 4 13
AT 18 18 18 6 6
AP=0? 6 6
AT 12 12 18 18 12 18 6 6
Agsinow 12 12 63
geos00w 4 4 58
oSO 4 4 58

oSO [ C0s00w 4 4

Asin® 10 17
AG0? 4 14
AT 10
sty o

e [K.K., Miiller, et al. '09-'15]
® These models are available at WWW (google for "gpd page")
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2015 CLAS cross-sections (1/2)

e Restriction to kinematics where leading-order framework
should be valid: —t/Q2 < 0.25 with Q2 > 1.5GeV?, means
using 48 out of measured 110 xp—Q°~t bins.

— KI5 prelim
- - KMM12
§ § CLas 2015

195¢
§ la
oy = 0335, = 278, = -0.26, 2,=0335,¢" =278, = 045

= 0335, QF = 278, = 045

} £y = 0335, Q% = 278,1 =026
£y =0335,0° =278t =02

s T R R T T B R
6 [deg] 6 [deg] 6 [deg]

o x?/npts = 1032.0/1014 for do and 936.1/1012 for Ao
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¢-space vs. harmonics (1/2)
e ¢-space figures and perfect x? are not revealing the whole
story

e Instead to o(¢) it is favourable to work with harmonics like

USin ne,w = 7]1'-/ dw sin(mb) U(¢) s

—Tr

with specialy weighted Fourier integral measure

dw = 21P1(¢)P2(¢)
T doPi(d)Pa(e)

thus cancelling strongly oscillating factors 1/(P1(¢)P2(®)) in
Bethe-Heitler and interference terms in do. Series of such
weighted harmonic terms converges then faster with
increasing n than normal Fourier series.

do,

Kresimir Kumericki: Nucleon GPDs from DVCS
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JLab 2015
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¢-space vs. harmonics (2/2)

How many harmonics to extract?
One approach:
1. Fit harmonic expansion

o(@p)=co+crcosp+---+ssing+---

to randomly chosen subset of data in a bin, and calculate x?
error for description of the rest of data (so called
cross-validation procedure)

2. Increase the number of harmonics until x?/d.o.f starts to fall

Highest extractable harmonics in 2015 cross-section data:
CLAS Hall A

sine cosine sine cosine

Ac” 09+04 0.1+0.3 1.1+03 01+0.3
do"” 03+£06 0.7+£0.7 0.6£08 15=£0.7

(So Ac” = s;sing and do* = ¢y + ¢ cos ¢ is enough.)
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2015 CLAS cross-sections (2/2)

2 - ) o 2 179 2 =2 Q@ =164 Q =188 Q@ =179 Q@ =212
¢ 16t @ -1 @ -1 @212 b 7 .1
2 —021 -0 fy 024 oy 02 g =021 25 =021 25 =02 =02
<
H
7
g ki\,\‘\' \\ \\
P @ 2 7 ams @ 27 o i ¢ —im @ a7 =mn
oos| | =028 2y =030 2y =031 ey =036 2 =0.40 25 =030 25 =034 25 =036 2y =040
S oo 3
3 3
L B e
5 g
S S oo
3 % 1 k’“‘ *
TR TR ST TSRO ST S O ST e S T ST s OO ST ST T e O T O O S e ST O T e S e e Oy e e
b [Gev?] —t [GeV?

[D T

@ =163 Q=161 Q=188 Q=179 Q=212
=085 oy =024 2y =0215 £y 0241 a5 =0.215

o x?/npts = 62.2/48
for docos &

Ao

(O.K. but not so perfect as in

Al o ¢-space)
§ oot I N f
SN

B A R

TTOT 0T O 0T 9T 57§ 03 05 0T 07 07 05 05 0T 97 03 07 55 0T 07 03 v o7
t[GeV?]
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Some Older Data
00000

2006 vs 2015 Hall A cross-sections

00000000000 000000
0.020 Q' =150 Q" =190 QF =230
o ap =036 2 = 0.36 2 = 0.36
§ 0015 l' I\\I L -
= I ¥ N | FRANI I
o < N
b 0.010 . /\ I3 N
q /\
0.005
0.000
0.2 0.3 0.4 0.2 0.3 0.4
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5 0.06 I\\\
3@ N
E BN
g
S 1
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KM15prelimD N
I
5 001 /I’
< ’
b p
g J
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I
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Some Older Data
00000

2015 CLAS asymmetries (1/2)

CLAS 2015 (Pisano:2015iga) -- BSA

CLAS 2015 (Pisano:2015iga) -- TSA

04 04
03 o 03
A -
02 < o2 /;\}
. . ﬁ t
' = 155354, 7, = 0.181084. G =1.97907, 3, = 0247267  =155354, 7, = 0181084 ' =1.97907, 5, = 0247267,
04 04
03 o 03
753 Foooot
02 < 02
01 01
¢~ 235222, = 0254508 ¢ = 267022, 0337185 ¢ = 267022, 0337185
04 04
03 — KM15 prelim o 03 — KM15 prelim
-~ kM1 LR -~ kM1
02 § 8 cLas 2015 < o2 4 & cuas 2015
01 01
' =3.31407, 7, = 0.44233] ' =3.31407, 7, = 0442331
%601 0z 03 04 05 0600 01 07 03 04 05 06 %601 0z 03 04 05 0600 01 07 03 04 05 06

—t [GeV?]
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CLAS 2015 (Pisano:2015iga) -- BTSAQ CLAS 2015 (Pisano:2015iga) -- BTSAL
08 03
07 .
06
3 _—
83 o g3
< . = 4[‘:1#354‘:“:0131034
02 02
01
00 G =155354, 2, = 0181084 G =197907, ry = 0247267 03
08 03
07 .
06 R
S os N 5. " 4
= e =
02 02
01
00 G =236222, zy = 0254504 G =26702, z, =0.337185 03
08 03
o1 H
02
06 1l
01
S os — KM15 prelim S — KM15 prelim.
3 o - 2 g3 = -~ o2
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JLab 2015

0000000 @0000

H1 (2007), ZEUS (2008)

Some Older Data

. . . 10° .
8 — KM15 prelim.
eV : -- KMM12 [
Q°=8, 15.5, 25 GeV~
10° { 10 - E
ZEUS
1 ] W=104 GeV
1o Q'=3.2 GeV’
10—2 n n n 100 n L
-0.8 -0.6 -0.4 -0.2 0.0 -0.4 -0.2
172 72
t [GeV™| t [GeV™]
10° . - . . .
ZEUS (idem):
w0 €T :
HI1 (idem):
L]
10°} —
L3
10—1 n L n L n 10'2 n n n n L L
40 60 80 100 120 140 160 0 10 20 30 40 50 60 70

W [GeV]
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JLab 2015 Some Older Data
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o Only data with |t| < 0.3GeV? used for fits.
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Transversally polarized target — HERMES (2008)
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Longitudinally polarized target — HERMES (2010)

e Surprisingly large sin(2¢) harmonic of Ay, cannot be described
within this leading twist framework
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Neural networks

Im H Re H — compare to data and adjust

output weights = f = wj

layer by back-propagation of error

hidden
layer

= tanh(s w;x;)
input : o
layer X oy

Eal Tp

Essentially a least-squares fit of a complicated

many-parameter function. f(x) = tanh(}_ w;tanh(d>_ w; - -

=> no theory bias
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Function fitting by a neural net

e Theorem: Given enough neurons, any smooth function
f(x1,x2,--) can be approximated to any desired accuracy.
Single hidden layer is sufficient (but not always most efficient).

32 Kresimir Kumeritki: Nucleon GPDs from DVCS



32

Neural networks
0®00000

Function fitting by a neural net

e Theorem: Given enough neurons, any smooth function
f(x1,x2,--) can be approximated to any desired accuracy.
Single hidden layer is sufficient (but not always most efficient).

e With simple training of neural nets to data there is a danger
of overfitting (a.k.a. overtraining)

f(x)

BAD!

X
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Function fitting by a neural net

e Theorem: Given enough neurons, any smooth function
f(x1,x2,--) can be approximated to any desired accuracy.
Single hidden layer is sufficient (but not always most efficient).

e With simple training of neural nets to data there is a danger
of overfitting (a.k.a. overtraining)

e Solution: Divide data (randomly) into two sets: training
sample and validation sample. Stop training when error of
validation sample starts increasing.

f(x)
—
chi-square error

GOOD!

% " sTop training epochs
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Example of a training with crossvalidation

——— training data
— validation data

°c o o
S wn [=)}
T

mean square error
4
W

I
0 500 1000 1500 2000
training epoch
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Fitting by a set of neural networks

R
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Fitting by a set of neural networks
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Fitting by a set of neural networks
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Fitting by a set of neural networks
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Fitting by a set of neural networks
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Fitting by a set of neural networks
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Fitting by a set of neural networks
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ro to GPDs and DVCS Ex

Fitting by a set of neural networks

HE, -
)

x 100

Neural Net

A
2
Ithvcg

e Training networks on Monte Carlo replicated data preserves
experimental uncertainties and their correlations [Giele et al. '01]

e Already successfully applied to PDF fitting by [NNPDF] group.
Has even larger potential in GPD fitting with GPDs being
less-known functions of more variables.
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Preliminary neural Net HERMES fit
e Fit to all HERMES DVCS data with two types of neural nets
e (xg,t) = (7 neurons) — (JmH, ReH, ImH): x?/npts =
135.4/144

o (xg,t) = (7 neurons) — (JmH, ReE): x?/npes = 120.2/144

— KMM12
EE NNetl4 prelim.2

e

0.0 0.1 0.2 0.3 0.4

.05 0.10 0.15 020 0251 2
t [GeV?) B

3 4 5
@ [Gev?)
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Neural Net HERMES fit - BSA/BCA
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Neural Net HERMES fit - CFFs
35
30
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w720 B NNet14 prelim. 3
T 15
£ 10|
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50
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Comparison of various approaches
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Neural networks
oe

Summary

Global fits of all proton DVCS data using flexible hybrid
models are in healthy shape

Data clearly restrict H(x, x, t), and to some extent H, but any
information about E is very model-dependent

New 2015 data relieve some old tensions

Neural networks are very promising method for GPD/CFF
extraction
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Global fits of all proton DVCS data using flexible hybrid
models are in healthy shape

Data clearly restrict H(x, x, t), and to some extent H, but any
information about E is very model-dependent

New 2015 data relieve some old tensions

Neural networks are very promising method for GPD/CFF
extraction

The End
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