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Summary

Extracting oscillation parameters at 
DUNE requires model of 𝜈 − Ar 
differential cross section

Q: Can we ML a cross-section model?
…from DUNE ND data
…well enough to do an oscillation 
analysis

A: Yes
Closure test passes!
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Outline

Motivation: avoid nuclear theory
Problem setup: DUNE

Inference problems
Nuclear structure and 𝜈 − Ar scattering
Structure function (SF) decomposition

General approach: decompose xsec into SFs, parametrize SFs as NN
Closure test: learn cross-section on toy model of DUNE physics

Specifics
Results
Complications & first steps towards full UQ
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QCD is hard
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✐ J.A. Formaggio and G.P. Zeller, RMP 84 (2012) 

DUNE

[1305.7513]

• Different mechanisms relevant for different 𝐸!
• Different theory frameworks for each
• Must add ad-hoc parameters to stitch together 

in event generators

• Generators encode a cross-section model
• When present generators are tuned on 

ND data, doesn’t reliably generalize from 
ND to FD kinematics

[Coyle Li Machado 2210.03753]

https://arxiv.org/abs/1305.7513
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Theory
driven

Data
driven

• Lattice QCD
• Effective theories 

(ab initio methods)

Fully black-boxed modeling
Here: ill-posed

• Tuned generators
• Hadronization models
• Global fits
• etc.

This work: Structure function models
(More generally: factorization-based models)
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Consider: 𝜇 disappearance channel

𝜈!

𝜇
𝐸#

Inclusive

Observed: 2d data

Hidden (marginalized)

Full event info is 3d,
but only observe 2d

Ignore (for now)



DUNE inference problems
General data structure (cf. integral from usual linear inverse problem)

𝑃 𝐸ℓ, cos	𝜃 ∝ 0𝑑𝐸"
𝑑#𝜎

𝑑𝐸ℓ	𝑑cos𝜃
(𝐸")	Φ(𝐸")

Or, more abstractly (𝑣 visible, ℎ hidden):

𝑃 𝑣 ∝ 0
$
𝑑𝜎 𝑣, ℎ 	Φ(ℎ)
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2. Oscillation analysis at FD
• Infer Φ given known 𝑃, 𝑑𝜎
• Usual linear inverse problem

1. Cross section modeling at ND
• Infer 𝑑𝜎 given known P, Φ
• Like finding the kernel in inverse 

problem, instead of the function

Two distinct inference problems (factorizes ≈ ND and FD)



Ill-posedness of 3d problem

Have: 𝑃 𝑣 ∝ ∫$ 𝑑𝜎 𝑣, ℎ 	Φ(ℎ)  and  Φ ℎ
Want: :𝑑𝜎 such that 𝑄 𝑣 ≈ 𝑃(𝑣)   w/   𝑄 𝑣 ∝ ∫$ :𝑑𝜎 𝑣, ℎ 	Φ(ℎ)
Issue?: trivial exact “outer product” solution
 If  :𝑑𝜎 𝑣, ℎ = 𝑃 𝑣 	Φ(ℎ)  then  𝑄 𝑣 ∝ 𝑃(𝑣)
Actual issue: infinite functional ambiguity
 For any 𝑓(ℎ) and any ∫$ 𝑆 𝑣, ℎ  Φ ℎ = 0

:𝑑𝜎 𝑣, ℎ = 𝑃 𝑣 	𝑓 ℎ + 𝑆(𝑣, ℎ)
 is also an exact solution 𝑄 𝑣 ∝ 𝑃(𝑣)
⇒ Need further structure to constrain w/in this space

2025 May 22 - Dan Hackett 9



Ill-posedness of 3d problem

Have: 𝑃 𝑣 ∝ ∫$ 𝑑𝜎 𝑣, ℎ 	Φ(ℎ)  and  Φ ℎ
Want: :𝑑𝜎 such that 𝑄 𝑣 ≈ 𝑃(𝑣)   w/   𝑄 𝑣 ∝ ∫$ :𝑑𝜎 𝑣, ℎ 	Φ(ℎ)
Issue?: trivial exact “outer product” solution
 If  :𝑑𝜎 𝑣, ℎ = 𝑃 𝑣 	Φ(ℎ)  then  𝑄 𝑣 ∝ 𝑃(𝑣)
Actual issue: infinite functional ambiguity
 For any 𝑓(ℎ) and any ∫$ 𝑆 𝑣, ℎ  Φ ℎ = 0

:𝑑𝜎 𝑣, ℎ = 𝑃 𝑣 	𝑓 ℎ + 𝑆(𝑣, ℎ)
 is also an exact solution 𝑄 𝑣 ∝ 𝑃(𝑣)
⇒ Need further structure to constrain w/in this space

2025 May 22 - Dan Hackett 9



Ill-posedness of 3d problem

Have: 𝑃 𝑣 ∝ ∫$ 𝑑𝜎 𝑣, ℎ 	Φ(ℎ)  and  Φ ℎ
Want: :𝑑𝜎 such that 𝑄 𝑣 ≈ 𝑃(𝑣)   w/   𝑄 𝑣 ∝ ∫$ :𝑑𝜎 𝑣, ℎ 	Φ(ℎ)
Issue?: trivial exact “outer product” solution
 If  :𝑑𝜎 𝑣, ℎ = 𝑃 𝑣 	Φ(ℎ)  then  𝑄 𝑣 ∝ 𝑃(𝑣)
Actual issue: infinite functional ambiguity
 For any 𝑓(ℎ) and any ∫$ 𝑆 𝑣, ℎ  Φ ℎ = 0

:𝑑𝜎 𝑣, ℎ = 𝑃 𝑣 	𝑓 ℎ + 𝑆(𝑣, ℎ)
 is also an exact solution 𝑄 𝑣 ∝ 𝑃(𝑣)
⇒ Need further structure to constrain w/in this space

2025 May 22 - Dan Hackett 9



Structure functions
Cross section factorizes as

𝑑#𝜎
𝑑𝐸ℓ𝑑cos𝜃

= 𝐿%"𝑊%"

2025 May 22 - Dan Hackett 10

Lepton tensor
Known function of
𝐸!, 𝐸ℓ, cos𝜃

Hadron tensor
𝑊 = 𝑊(𝑥, 𝑄#)

Non-perturbative
Encodes nuclear structure
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Lepton tensor
Known function of
𝐸!, 𝐸ℓ, cos𝜃

Hadron tensor
𝑊 = 𝑊(𝑥, 𝑄#)

Non-perturbative
Encodes nuclear structure

Usual DIS structure functions
𝑊! = 𝑥𝐹!  for 𝑖 ∈ 1,3,4,5  and 𝑊" =

"#$!
"

%"
𝐹"

Parity-violating
Only for 𝜈 scattering

“Albright-Jarlskog functions”
Only for 𝜈 scattering

Suppressed by ⁄𝑚ℓ
# 𝑄#



Structure functions
⇒ cross section decomposes into five SFs
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-𝑦 ≡ 𝑦 1 +
𝑚ℓ
"

𝑄"
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𝑑"𝜎
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𝜋
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-𝑦 ≡ 𝑦 1 +
𝑚ℓ
"

𝑄"

Specifically:
𝑑"𝜎

𝑑𝐸ℓ𝑑cos𝜃
𝐸# =

𝑉$% "𝐺&"

𝜋
𝐸ℓ" −𝑚ℓ

" @

A	 -𝑦𝑊' 𝑥, 𝑄" +
𝐸#
𝑀(

1 − 𝑦 −
𝑄" +𝑚ℓ

"

4𝐸#"
𝑊" 𝑥, 𝑄" + 1 −

-𝑦
2
𝑊) 𝑥, 𝑄" 	−

𝑚ℓ
"

𝑄"
2𝑊* 𝑥, 𝑄" − -𝑦𝑊+ 𝑥, 𝑄"

Note: 3d cross section, but SFs are 2d
⇒ Can learn 3d cross section from 2d data

3d 3d 2d



General Approach
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Model cross section Known kinematic coefficients

Learn from data

(Closely) related work:
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”Toy model” for DUNE physics
• Known cross section, ND flux, 

oscillation parameters
• Analytically tractable
• Sampleable
(Don’t have this much info in reality)

⇒ Accurate inference of 
• 3D cross-section?
• oscillation parameters?
Check against known values

Simulate

Fake event data

𝐸!𝜈! 𝜃
𝐸1

𝜇

Infer physics params

(forget we already 
know everything)



Toy model of DUNE physics
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ND 𝜈%  flux

DUNE projection
• Linearly interpolated
• 0 outside 𝑚1 ≤ 𝐸! ≤ 10	GeV

Ingredient 1: ND flux Ingredient 2: Oscillation parameters

Take CV of NuFit-6.0 NO best fit 
as “true” oscillation parameters

[2410.05380]

FD 𝜈%  flux

Φ!" 𝐸# = Φ$" 𝐸# 	𝑃%%(𝐸#)
[NuFast 2405.02400]



Toy model of DUNE physics
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Ingredient 3: Cross section 
(2)

(*ℓ(+,-.
= ∑/𝐾/	𝑊/ 

𝑊" =
4𝑥"𝑀("

𝐴𝑄"
J𝑢 + 𝑑 + ̅𝑐 + 𝑠

𝑊) = 2𝑥(𝑑 − J𝑢 + 𝑠 − ̅𝑐)

2𝑥𝑊' = 2𝑥𝑊* =
𝐴𝑄"

2𝑀("
𝑊"

𝑊+ = 0

&𝑢, 𝑑, ̅𝑐, 𝑠 ∼ CT18NNLO PDFs 
[1912.10053]

Upshot: 
DIS/pQCD at all 𝑞!
Ar ∼ proton at LO in quark-
parton model

15

𝑃45 𝑃65



Toy model of DUNE physics

2025 May 22 - Dan Hackett

Ingredient 3: Cross section 
(2)

(*ℓ(+,-.
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𝐴𝑄"

2𝑀("
𝑊"

𝑊+ = 0

&𝑢, 𝑑, ̅𝑐, 𝑠 ∼ CT18NNLO PDFs 
[1912.10053]

Upshot: 
DIS/pQCD at all 𝑞!
Ar ∼ proton at LO in quark-
parton model

Cross section × flux = event distribution
Marginalize over 𝐸"  → 2d

𝑃 𝐸ℓ, cos	𝜃 =
∫𝑑𝐸!

𝑑7𝜎
𝑑𝐸ℓ	𝑑cos𝜃

	Φ

∫𝑑𝐸!	𝑑𝐸ℓ	𝑑cos𝜃
𝑑7𝜎

𝑑𝐸ℓ	𝑑cos𝜃
	Φ

15

𝑃45 𝑃65
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ND flux

Assume known 𝑃,- 𝐸ℓ, cos	𝜃 ∝ T𝑑𝐸#
𝑑"𝜎

𝑑𝐸ℓ	𝑑cos𝜃
	Φ,-

Assume ∼ infinite ND stats
→ 2d ND event distribution known

Training data!
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Must infer (params of)

FD flux

𝑃.- 𝐸ℓ, cos	𝜃 ∝ T𝑑𝐸#
𝑑"𝜎

𝑑𝐸ℓ	𝑑cos𝜃
	Φ.-

Take 6200 events from FD marginal
(∼ 3.5y of DUNE)

Sampled to get data for 
oscillation analysis

Setup: FD Inference 
(i.e. oscillation analysis)



Complication: SF ambiguities

𝜇 disappearance only → Only one 𝑚ℓ

+ Can always redefine 𝑊s up to factors of 𝑥, 𝑄#

⇒ Only sensitive to 3 independent linear combinations of 𝑊(, … ,𝑊)

𝑑$𝜎
𝑑𝐸ℓ𝑑cos𝜃

𝐸& =
𝑉'( $𝐺)$

𝜋
𝐸ℓ$ −𝑚ℓ

$ 0

	 2
𝐸&
𝑀*

𝑊$ 𝑥, 𝑄$ +𝑊+ 𝑥, 𝑄$ + 9𝑦𝑊, 𝑥, 𝑄$
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ML Setup
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𝑥
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Architecture:
Parametrize SFs via an MLP

(Actually: 4 hidden layers of width 64)



ML Setup
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H𝑊$

H𝑊V

H𝑊W

𝑥

𝑄$

Architecture:
Parametrize SFs via an MLP

(Actually: 4 hidden layers of width 64)

Training:
Model SFs ⋅ known 𝐾+
→ Model cross section

I𝑑$𝜎
𝑑𝐸! 	𝑑cos𝜃

=?
+

𝐾+ H𝑊+

×	known ΦXY, marginalize 𝐸"
→ Model ND event distribution

𝑄XY ∝ K𝑑𝐸" 	
I𝑑$𝜎

𝑑𝐸! 	𝑑cos𝜃
	ΦXY

Tune so that 𝑄XY ≈ 𝑃XY as closely 
as possible. MSE loss:
ℒ = ∫ 𝑑𝐸!𝑑cos𝜃 𝑃XY 	− 𝑄XY $



Results: event distributions
Trained model not only approximates ND event 
distribution (expected), also generalizes to FD
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Results: event distributions (1d marginals)
Trained model not only approximates ND event distribution (expected), also generalizes to FD
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Results: cross section
FD generalization reflects good 
modeling of full 3d cross section
…even though only trained on 
2d ND marginal!
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Model FD event distribution:
7Φ65 𝐸!; 𝜔 = Φ45 𝐸! 	 :𝑝11(𝐸!; 𝜔)

>𝑃65 ∝ ∫ 𝑑𝐸!
𝑑7𝜎

𝑑𝐸1	𝑑cos𝜃
	 7Φ65

Maximum likelihood inference

ℒ 𝜔 =	A
89:

;7<<

>𝑃65(𝐸ℓ
8 , cos 𝜃 8 ; 𝜔)

𝜔∗ = max
>

ℒ(𝜔)

Bootstrap over FD events to construct 
confidence intervals
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Results: oscillation parameters

ML model provides closely 
comparable results as if true cross 

section were known exactly!



As in nature, 𝜇 → 𝜇 channel not sensitive to octant in toy model
Choice of variables in previous figure insensitive to octant
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(Lack of) octant sensitivity



Complication: only constrain 
some kinematic regions of SFs

26

Structure functions?
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Complication: only constrain 
some kinematic regions of SFs

26

Structure functions? Weight by (local) contribution to ND 
event distribution in 𝑥, 𝑄7

𝒦8 𝑥, 𝑄7 ∝ ∫ 𝑑𝑦	Φ45	𝐾8
𝑃8 = 𝒦8 𝑥, 𝑄7 	𝑊8(𝑥, 𝑄7)
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Finite ND statistics?
Relax assumption of infinite 
ND stats
Expect ∼ 3	×	10Z ND events 
from DUNE

Test:
• Make finite-statistics ND 

histograms
• Fix all else, and repeat 

training & oscillation 
analysis
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Detector effects?
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w/ true 𝒅𝝈 w/ modeled 𝒅𝝈

Relax assumption of perfect 
detector
Test: 4% relative uncertainty 
on 𝐸!
Separate effects at ND, FD
No unfolding required

Forward modeling: smear both 
model & true everywhere

(Note: assuming perfect 
knowledge of detector 
effects…)



Hyperparameter scaling

29

𝑛?@ABCD : MLP depth 𝐻 : MLP hidden layer width

𝑑 : training grid resolution (𝑑	×𝑑×2𝑑 in 𝑣:, 𝑣7, 𝐸!)
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Initialization dependence / model ambiguities
Test: fix all else, change seed for initial 
model weights

Nb. only source of stochasticity here
→	Largest source of untreated 
uncertainty
Associated w/ model ambiguities

Inference problem is well-posed 
”experimentally”
…but still ∃ nontrivial space of cross 
sections consistent w/ 2d event 
distributions

Random sampling of models ≈ BNNs
→ first steps towards full UQ
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“Propagator” of an infinite-width single-layer MLP w/ ReLU activations
[Halverson Maiti Stoner 2008.08601]

QFT for AI/ML for UQ
Rigorous UQ for inverse problems: must understand functional statistics
→ study ML/AI with field theory tools (perturbation theory, NTKs, …)
Allows quantifying priors implicitly encoded by AI/ML setup
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Asymptotic behavior of ReLUNet “propagator” suggests 
that MLPs (& others) are implicit smoothness regulators

31



Conclusions / Outlook / TODOs
Proof-of-concept demonstrated:

Can learn cross section from ND data
Fully data-driven approach to oscillation analyses is possible

Incorporating more theory?
Hadronic info (semi-inclusive/exclusive) → TMDs?
Asymptotics → improve SF extraction?

Complementarity w/ generators:
Generators: more realistic models to test learning on?
Help identify unphysical assumptions in generators?
Learned xsec ∼ “generator” for inclusive part of events

UQ for functional ambiguities?
NNs are not “model independent”! Must quantify priors
Roadmap: BNNs + Feldman-Cousins/similar
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