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Physics	Motivation
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• Simulations of relativistic nucleus-nucleus reactions  
[LHC, RHIC, etc.]


• Understanding the EMC effect.


• Lead, Xenon PDF  
for the LHC heavy-ion program.


• Combining data across different  
nuclear targets allows testing different nuclear models. 

• Heavy nuclear targets in   -A DIS measurements provide 
important information on the quark flavour separation in 
proton PDF fits. 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Nuclear	NC	Inclusive	DIS
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Methodology

!7

Independent fits of MC replicas 
Generated according to a covMat

GA  
CMA-ES  

BackPropagation

Requires analytical 
knowledge of gradients 

[Slide 10]
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Status	of	recent	nPDFs
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Neural	Network	
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Backpropagation	
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DataSet APFELcomb EPPS16 Ndata

NMC (He/D) 17.76 18.0 16/18

NMC (Li/D) 19.64 18.4 15/24

NMC (C/D) 25.55 25.70 31/42

NMC (Ca/D) 28.49 27.6 15/18

χ2
total

F2(x, Q2, A) =
nf

∑
i

C̃ i(x, Q2) ⊗ qi(x, Q2
0, A)

EM F2 (Q < MZ)

Results:	Theory	Benchmark	
FK	tables	computation



Results:	WarmUp	
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Results:	Closure	Test	
Concept
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Results:	Closure	Test	
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Results:	Closure	Test	
nPDF	Fits:	PDF	Comparison
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Conclusion
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• Theory Benchmarked with EPPS16, On going for nCTEQ15. 

• Constraints implemented on the level of the fit. 

• Successful Level 0 closure tests using EPPS16  
1. First use of Backpropagation to fit PDFs.

2. Framework in place to perform DIS-only fits.

Outlook
• Full-fledged Error analysis:  

1. Correlated uncertainties.

2. MC replica generation.


• Better way of implementing constraints? 

• Adding DY and additional processes to the fit.
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Backup

Evolution (Q0 < Mc)
Σ(Q2) = Γqq Σ(Q2

0) + Γqg g(Q2
0)

g(Q2) = Γgq Σ(Q2
0) + Γgg g(Q2

0)

T15(Q2
0) = T24(Q2

0) = T35(Q2
0) = Σ(Q2

0)

Γ+ = ΓT3
= ΓT8

Evolution basis

Σ =
nf

∑
i=1

q+
i

T3 = u+ − d+

T8 = u+ + d+ − 2s+

T15 = u+ + d+ + s+ − 3c+

T24 = u+ + d+ + s+ + c+ − 4b+

T35 = u+ + d+ + s+ + c+ + b+ − 5t+

where: q± = q ± q̄

3 independent distributions  
Σ, g, T3

Fγ
2(x, Q2, A) =

1
A (Z Fp

2 + (A − Z) Fn
2)

At LO, DGLAP basis

=
5
18

Σ − ( Z
3A

−
1
6 ) T3 +

1
18

(T8 − T15) +
1
30

(T24 − T35)

=
2
9

Σ − ( Z
3A

−
1
9 ) T3
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Results	(2)	-	WarmUp	
Constraints	on	A-dependance
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Testing the assumption
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