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Typical workflow starts with scattering amplitudes
Slow for complicated processes (higher order calculations, many particles in final state)

Interpolation reduces computation costs:

e Error must be negligible compared to the rest of the pipeline
Limitation of classical methods

e Hard to incorporate new data

e Curse of dimensionality



Motivation

ML surrogate models are excellent interpolates

Approximation error of Q@ — ttH
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Motivation

Similar scaling behaviours have been observed in many applications of deep learning

Large Language Modelin Image Classification Jet Classification
[1] [2] [3]
Performance vs Steps Top vs QCD jet classification
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Performance improves predictably as a power law with training dataset size D, computing
resources C and number of parameters N

L(X,Y,Z)=(X./X)**+K(Y,Z)

Exponent of power law could be related to intrinsic dimensionalitym




Data

4-momentum of
particles in the process

Amplitude

All the data is generated with MadGraph, all amplitudes calculated at lowest order

Main case study qq — ttH =pensi gt
104 3 qgowz ‘
Jet-associated Z production: qq —> Z +ng éw |
Jet-associated W Z production: qq > WZ,qq > WZg,qq >WZgg |
W W Z production: qq—->WWZ
Jet-associated di-photon production: 88 — YY&,88 2 1r&& 10t
10°
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A diverse set of processes covering a broad range of physical characteristics



Symmetries in ML

Neural networks use resources learning the
structure of the data

Performance improves substantially by using
the structure in the data to our advantage

Particle physics respects space-time symmetries
We can:

Preprocess the data —— Train on Lorentz
invariant quantities

Work with Lorentz equivariant networks

Test loss 0.288
A Neural Network Playground  Trainingloss 0.227

Trained on

L1,L2

Test loss 0.035
Training loss 0.041

Trained on

sin(x1), sin(z3)



https://playground.tensorflow.org/#activation=tanh&batchSize=10&dataset=circle&regDataset=reg-plane&learningRate=0.03&regularizationRate=0&noise=0&networkShape=4,2&seed=0.56199&showTestData=false&discretize=false&percTrainData=50&x=true&y=true&xTimesY=false&xSquared=false&ySquared=false&cosX=false&sinX=false&cosY=false&sinY=false&collectStats=false&problem=classification&initZero=false&hideText=false

Results: MLP-I, qg - ttH, MSE loss
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Losses

MSE:| Lwmse = ((Atrue(x) _ANN(x))2>X~Dnain

Heteroscedastic Loss:

Assume amplitude regression follows a normal distribution p(A|x) = N'(A|A(x), o%(x))

Minimize negative log-likelihood:

L= —<logp(A|x)> —

X~Dirain

The NN predicts 2 outputs: A(x)and o(x)

ANN(X) _Atrue(x)

‘Chet = <

(Atrue(x) _Z(x))Z

202(x)

+ loga(x)>

x~D,

train

If it’s well calibrated t(x) = s

should follow a N (0, 1)




Results: MLPI, qq — ttH, Heteroscedastic loss

Important to note: Trained on Heterosc loss, showing MSE
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Similar behavior overall, slightly worse performance




Uncertainties

Normalized

Calibration
MLP: g - ttH - Pull
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Well calibrated uncertainties for large enough dataset sizes
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Scalings

MLP-I
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Simpler process improves much faster




Scalings
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The pattern holds with more particles

Well defined scaling laws




Scalings

MLP-I MLP-I
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Despite being physically very different processes, ¢¢ - WZg and q@ — WWZ
behave similarly



LLoCall

Lorentz Local Canonicalization

\"\.- S T Particle data Frames-Net Transform in local Any backbone Equivariant
g\ ! \ reference frames architecture output
\ W = 50) T Lopo s 4

: \ g— Po _(EU’ Po) s X 4@6‘\& a'b% » Regression
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Learns the local frames of each particle and transforms them to their local frame

For any transformation A/ of the neural network and any Lorentz transformation G

N (G(z)) = G(N ()

Vectors are transformed to a common frame for message passing (ex. attention)

Makes any backbone network Lorentz equivariant
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LLoCa scalings

HP optimization was costly and difficult
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Scalings and degrees of freedom
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qq —»Z+ng[n=1,2,3,4]

- qq—->WZ+ng[n=0,1,2]

Clear trend between scaling exponent and N. of particles / DOFs
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Conclusions and future work

» Observed very clean and predictable scaling laws for amplitude surrogates
» Dataset size is the dominant bottleneck

» Scaling with MSE and Heterosc loss

» Well calibrated uncertainties across many orders of magnitude

» Observed relationship between scaling and DOFs

» Promising results with equivariant NNs

Next step: Foundational model for amplitude regression
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Thanks!
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Motivation

Chebyshev nodes
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Machine learning addresses all these issues



Results scaling on computing resources
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Results scaling on computing resources
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<(ANN (X) _A[me(x))2 )XNDIes(

Results scaling on dataset size
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Results scaling on dataset size
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Machine learning recap

Example: multilayer perceptron (MLP)

[ Input layer |

/ Hidden layers \
M A

Output layer |

\ KT/

Y1 -
Y2 -

Yo

-

Loss function (for ex. Mean Squeared error)

Lysg = <(Atrue(x) _ANN(X))Z )X~Dtrain

Gradient
descent

4

Weight updates

Finding the right hyperparameters for the task at hand remains the central challenge
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Hyperparameter Transfer

Standard practice
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Allows to optimize HPs on a smaller (cheaper) model once and use them for different network sizes



Hyperparameter Transfer!'!

Hyperparameter optimization: the standard problem
Optimizing hyperparameters for large networks is expensive:

e The optimal values shift as network width increases
e This forces re-optimization at every new model size
e Large models are costly to train just for tuning

Key insight of uP: instead of the standard initialization, w ~ N (0,1/n) , treats layers that
grow with width and ones that don’t differently. Scales learning for hidden and output layers by
width as well

This ensures that the magnitude of activations and updates remains constant as width
grows, so the loss landscape seen by the optimizer is width-independent
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Loss

Scheduler

Scheduler has to go to 0 just at the right time
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muP vs normal MLP
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Internal Intrinsic Dimension

Intrinsic Dimension
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L-GATr

Symmetry group
. . operation &
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muP
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Loss

muP overfitting for small datasets
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Overfitted Het loss
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Can we determine scaling laws for scattering amplitude surrogates?

Compare
» Many different processes:
qq — ttH,qq > Z+ng,qq »WZ +ng,qq > WWZ, gg - yy+ng

» Scalingsin D, C and N
» Different loss functions: MSE vs Heteroscedastic Loss for uncertainties

estimation
» Different architectures: MLP vs LLoCa-Transformer

If scaling laws are universal —— We predict desired accuracy for given resources

The physical degrees of freedom are known a priori: test relation between scaling and
intrinsic dimensionality
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