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PDFs set the baseline for discovery
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Global fitting is an ill-posed inverse problem

The data do
not choose a
unique
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The goal is not to find one answer, but to characterize the full space of answers consistent with
the evidence. 3
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PDF global fitting ecosystem

PDF Factorization scale ATLAS 7 TeV W/Z  CDHSW F} i Pole charm
fits in DIS data included? data included? mass, GeV
CT18 NNLO l‘%‘,DIS =@ No Yes 1.3
Compute infrastructure: PDF global fits are CTISA NNLO W prs = @ Yes Yes 13
expensive requiring large amounts of software, 0 42, —0s (g2 + 0205 S s .
large amounts of compute, and must be v
CTISZNNLO  u}pys = 0.8% (@2 + 23.G¢V°) Yes No 14

repeated for different fitting assumptions.

Physics infrastructure: Different global analyses
encode different data selections, theory
assumptions, parametrizations/analytic forms,
and uncertainty prescriptions.
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The information structure behind PDF inference

Every PDF fit is a sample of a large conditional probability distribution

p(fID, T, ) o< p(D|f,T)-p(f

)

Data Theory Methodology
What constrains the PDF; The forward map; order, . /' Parameterization
measurements, kinematics evolution, lattice, a,, m_ ~~ dependence, uncertainty
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Can one model learn a useful, reusable space encapsulating this probability distribution?
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Foundation models for PDFs

Training inputs

A scientific foundation
model learns a shared
representation from a
large training corpus
of scientific data — in
this case PDFs — so
that the same learned
space can support
many downstream
tasks.

PDF replicas

Downstream tasks

Organize PDF
ecosystem

Flavor structure

Uncertainty-aware
generation

Theory metadata

Condition on
theory metadata

Lattice QCD

Anomaly
Detection

Collider
observables

Phenomenology
derived quantities

PDF-MORPH - a first demonstrator foundation model representation for PDFs.
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Building the input language — tokenizing a PDF ensemble

A token is a machine-readable unit of information.
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For a first demonstration
we compile all flavor
) - information at a

S| 7= particular-x. A PDF replica is
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—T=7— sequence along x.
[g Sld|u|u|d|s|Tk ]
J

10-6 104 102 10°
X

What information is placed in each token — and how that information is normalized, embedded,
and conditioned — determines which physical structures the model can learn. .
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Learning a shared representation of global fits
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Neural scaling locates the statistical performance frontier

Neural scaling laws — mainly evaluated for LLMs — tell us about expected behavior of the model as a
function of various components such as datasize, compute time, and model size.
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At scale, conventional metrics suggest success

If | just look at the reconstructed error,
things look pretty good. In fact, when |
look at basic PDF diagnostics they look
great!
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Physics benchmarks reveal a representation gap

The best scaled model reproduces the marginal PDFs but does not yet preserve all of the joint
statistical structure carried by the replica ensemble.
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Scaling optimizes the loss we
specify; physics benchmarks
determine whether that loss
captured the science we care
about.

The performance plateau may indicate a
representation bottleneck rather than
insufficient scale. This motivates richer
tokenization, architectural changes, and
more rigorous physics-based validation.

1
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Changing the language changes what the model can learn
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Same training samples. Better uncertainty coverage. Better preservation of the gg luminosity! 12



MORPH and QCD phenomenology

Latent UMAP, by PDF set
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Agent-steered multimodal physics
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Conclusions

The PDF ecosystem contains structure worth learning — data, theory, and methodology jointly define
a global inferred ensemble.

Reconstruction alone is not a good enough benchmark — complex physics benchmarks expose
missing statistical information that standard ML metrics miss.

How we represent information matters — tokenization schemes, x + flavor + axial attention improve
data efficiency and preserve meaningful phenomenological information.

Multimodality is the next step — combining heterogeneous information of PDFs through lattice,
collider, and BSM observables is the goal.

The objective is a representation that preserves the physics needed for phenomenology.
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