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Family tree of hadron structure functions
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Definition of GPDs

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

e Decomposing into spin-non-flip and spin-flip part:

2 G(P)yTu(Py),,, , G(P2)ic™ u(P1)A, ,
F= P+ o 2MP+ £
= a(Po)ytysu(Pr) d(P2)ysu(Pr)AT -
Fa — Ha Ea

[ LTV

Kresimir Kumericki: Introduction to GPDs

Conclusion
a=4gq,8
a=gq,g



Intro to GPDs and DVCS
00@0000000

Some properties of GPDs

e Decomposing into spin-non-flip and spin-flip part:

a_ Py u(Py), ., G(P2)io™u(P)A, ,
F= P+ Ao+ 2MP+ £
2o G(P2)v y5u(P1) 5, | G(P2)ysu(Pr)AT =
Fa — Ha Ea
P+ * 2MP+
e “Ji's sum rule” (related to proton spin problem)
1 1
st =5 [ aex[Hoen ) + £, o)
2 1 t—0
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Some properties of GPDs

e Decomposing into spin-non-flip and spin-flip part:

2 G(P)yTu(Py),,, , G(P2)ic™ u(P1)A, ,
F= P+ Ao 2MP+ £
= a(Py)ytysu(P1) d(P2)ysu(Pr)AT -
Fa — Ha Ea

[ LTV

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

1 (1
J9 = 2/ dXX[Hq(X,n, t) + E9(x,n, t)]

-1 t—0

e Distribution of partons in transversal space

- dzﬂL —I'_‘ .—’ -
p(XabL):/(zﬂ_)ze bLALH(XaOa_AZL)
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Access to GPDs via DVCS

e Deeply virtual Compton scattering (DVCS) — “gold plated”
process of exclusive physics

e DVCS is measured via leptoproduction of a photon

DVCS

o 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
. & ¢’ cos(n st sin(n
Lo pl(cbm(w{”;[" (00 + 7 sin(o) }

2
"EDVCS‘z x { DVCS + Z DVCS cos n¢) DVCS sin(ngb)] }?

n=1

e Choosing polarizations (and charges) we focus on particular

harmonics:
L unpol. X [Fl ReH — M2 o (FLt 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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Thick lines:
“hard” gluon
Ng =0.4
ag(0)=ax(0)
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Thin lines:
“soft” gluon
Ng =0.3
ag(0)=ax(0)
—0.02
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Experimental coverage (1/2)
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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 Asn® 0.11 2.6 0.27 1 1
CLAS 2001 Ane 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(9) 0.11-0.58  1.0-48  0.09-1.8 62x12 62x12
0,1 il —
AT AR, 12412412 44414
HERMES 2008 Agin(9=¢ds) cos(0.1)¢ 003-035  1-10 <0.7 12412 4+4
cos(¢—65) sin & 12 4
AU'IJ
CLAS 2008 ALu(9) 0.12-0.48  1.0-2.8 0.1-0.8 66 33
A2 psing 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 Eosmzw 0.03-0.35 1-10 <0.7 Di12412 aidid
ms(a 05)505(012)@
smm soyin 0 12412412 4+4+4
HERMES 2011 0.03-0.35 1-10 <0.7 12412 4+4
A;z;gl_lvg\mm l)v 12412 4+4
Asm(o $s)sing 12 4
LT,BH+DVCS
5m(12)® Asine 18+18+18 64646
HERMES 2012 LU,DVCS' 0.03-0.35 1-10 <0.7
Co;(g 123)0 18+18+18+18  6+6+6+6
(,
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
Hall A 2015 (), Do(o) 0.33-040 15-26  0.17-0.37 480600 240-+360
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DVCS data Neural networks Conclusion

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
[Goloskokov, Kroll]
e Wide-angle Compton scattering (WACS)
e WACS: proton momentum transfer ¢ is large (unlike DVCS,
where photon virtuality is large: Q2 > t!)
o data reasonably described by GPD models [Diehl, Kroll, '13]
e double DVCS ~*p — ~*p, timelike DVCS, ... (see Trento
workshop October 2016)
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Extraction of GPDs/CFFs by fits to DVCS data

e In contrast to PDFs(x), it is very difficult to perform truly
model-independent extraction of GPDs(x, 1), t)
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Extraction of GPDs/CFFs by fits to DVCS data

e In contrast to PDFs(x), it is very difficult to perform truly
model-independent extraction of GPDs(x, 1), t)

e When the dimensionality of domain space increases, the
available data becomes sparse very fast. ( “Curse of
dimensionality’)

12 Kresimir Kumericki: Introduction to GPDs



Fitting to DVCS data
@0000

Extraction of GPDs/CFFs by fits to DVCS data

e In contrast to PDFs(x), it is very difficult to perform truly
model-independent extraction of GPDs(x, 1), t)

e When the dimensionality of domain space increases, the
available data becomes sparse very fast. ( “Curse of
dimensionality’)

e Known GPD constraints don't decrease the dimensionality of
the GPD domain space.
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Extraction of GPDs/CFFs by fits to DVCS data

e In contrast to PDFs(x), it is very difficult to perform truly
model-independent extraction of GPDs(x, 1), t)

e When the dimensionality of domain space increases, the
available data becomes sparse very fast. ( “Curse of
dimensionality’)

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

e As an intermediate step, one can attempt extraction of
CFFs(xg, t).
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Extraction of GPDs/CFFs by fits to DVCS data

In contrast to PDFs(x), it is very difficult to perform truly
model-independent extraction of GPDs(x, 1), t)

When the dimensionality of domain space increases, the
available data becomes sparse very fast. ( “Curse of
dimensionality’)

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).

Instead of functions CFFs(xg,t) one can extract CFFs as
numbers for fixed xg and t — local fits (hope of a
model-independent procedure)

Kresimir Kumericki: Introduction to GPDs



12

Fitting to DVCS data
@0000

Extraction of GPDs/CFFs by fits to DVCS data

e In contrast to PDFs(x), it is very difficult to perform truly

model-independent extraction of GPDs(x, 1), t)

e When the dimensionality of domain space increases, the

available data becomes sparse very fast. ( “Curse of
dimensionality’)

e Known GPD constraints don't decrease the dimensionality of

the GPD domain space.

e As an intermediate step, one can attempt extraction of

CFFs(xg, t).

e Instead of functions CFFs(xg,t) one can extract CFFs as

numbers for fixed xg and t — local fits (hope of a
model-independent procedure)

® (Dependence on additional variable, photon virtuality Q2, is in principle known

— given by evolution equations.)
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Local fits — some results

e [K.K., Miiller, Murray '13]: using HERMES set of 10+ observables

measured at same 12 kinematical points and extracting 8
leading “CFFs”
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e Most CFFs are not reliably constrained.
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Reducing the number of CFFs

e Scenario 1: Fit of JmH, ReH and ImH. x2/nqor. =
1488/144 (In good agreement with local fit of [Guidal '10])

e Scenario 2: Fit of JmH and Me &. x?/nq.or. = 134.2/144.
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Fitting to DVCS data
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Hybrid GPD models for global fits

Sea quarks and gluons modelled using SO(3) partial wave
expansion in conformal GPD moment space + Q2 evolution.

Valence quarks — model CFFs directly (ignoring ©? evolution):

I ) = 7 [GH(E 6 1)+ GHE 6 1)+ g € 1)

2x \ "0 11 x\? 1
H = 2¢ .
(x,x,t) =nr <1+X> <1+X> <1_1_Xi)p
1+x M?

PRe H determined by dispersion relations
15 free parameters in total for H, I:I, E, E.
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Model KM09a KMO09b KM10 KM10a KM10b KMS11 KMM12 KM15

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

x?/d.o.f. 32.0/31 33.4/34 135.7/160 129.2/149 115.5/126 13.8/36 123.5/80 240./275
F {85} {85} {85} {85} {85} {85} {85}
apves (45) (45) 51 51 45 11 11
dopyes/dt (56) (56) 56 56 56 24 24
ALY 12+12 12+12 12 16 12+12 4 13
A 18 18 18 6 6

0
AL=09 6 6
A? 12 12 18 18 12 18 6 6
Agsinow 12 12 63
505 06,w 4 4 58
Feosdw 4 4 58
Ucos@,w/acos 0,w 4 4
ALY 10 17
0

A500 4 14
AT? 10

sin(¢p—as) cos ¢
Autal * 4 4

® [K.K., Miiller, et al. '09-'15]
® These models are publicly available (google for "gpd page”)
® Other approach: recursive fit [Goldstein, Gonzalez, Liuti '11] focuses on fixed-target data
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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 xg—Q°~t bins.

— KI5 prelim
- - KMM12
§ § CLas 2015

195¢
§ la
oy = 0335, = 278, = -0.26, 5y=0335,0° =278, = 0.5

= 0335, QF = 278, = 045

} £y = 0335, Q% = 278,1 =026
£y = 0335, =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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2015 CLAS cross-sections (2/2)
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' T
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2006 vs 2015 Hall A cross-sections

0.020 —
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4 IND | T 4
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0.000 0.000 .
0.2 0.3 0.4 0.2 03 0.4 0.2 0.3 04
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= 006 N s 006
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5 001 (I’ L 001 -
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S / o ,
= p <= P
0.00 —7 0.00 z
I J
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e Improvement of global y?/d.o.f. 123.5/80 — 240./275
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Neural networks
000

2007 CLAS beam spin asymmetry
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¢ 1 (K] ]

i_.
1 — kM5
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[ ]

! | "\\i\l |
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o Only data with |t| < 0.3GeV? used for fits.
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Neural networks
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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(>_ w; - -

=> no theory bias

Kresimir Kumericki: Introduction to GPDs
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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

Conclusion
000

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

— KMM12
BmE NNetl4 prelim.2

o
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3 4 5
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Neural net HERMES fit — CFFs
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CFFs from various fits
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Tomography
e Quark and gluon sea 2D distributions H(x, b, ) ([xM] model)

e Sivers effect for valence quarks ([GK] model)

zu(z,b)  polarization =0.0 zu(z,b)  polarization =1.0

o5 w0 o5 1o s T ]
b, ] b, [fm)

e See also [Dupré¢, Guidal, Vanderhaeghen '16]
e Tomography is still very much model-dependent; e.g. some
extrapolation from H(x, x, t) to H(x,0, t) is needed.
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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 JLab data relieve some old tensions

Neural networks are very promising method for GPD/CFF
extraction
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Conclusion
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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 JLab data relieve some old tensions

Neural networks are very promising method for GPD/CFF
extraction

The End
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