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Introduction: oftenin particle physics it is useful to transform one distribution into another using weights applied to events,

commonly referred to as reweighting. Commonly this reweighting function is restricted in the amount of information used to generate
weights, limiting the accuracy to either specific regions of phase space or to only a few variables or dimensions. We present a method
based on Deep neural networks using Classification for Tuning and Reweighting (DCTR) [1] using a transformer-based neural network
architecture to perform reweighting utilizing the kinematic and flavor information of all particles.
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Calculating Event Weights:

Particle Stack

1 Interaction

JL Variables

* Train a model to classify between two datasets A & B using  \
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Processing MC Events

the weighted cross-entropy loss (L) i
* Each event x has a true label p and receives a prediction g .

Projection Layer
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from the network

L; = pilogq; + (1 — p;) log(1 — ¢;)
* Model predictions can be used to approximate the ratio of
the datasets and used as weights for reweighting

L =pa(x;)/pe(zi) =~ qi/(1 — qi)

Sample Preparation and Inputs:

* Events generated using several GENIE [2] models and NuWro [3]
— O(5E06) to O(50E6) total events (N) in each sample

* [nputs to the network are a particle stack containing outgoing
particles and a set of interaction variables

* Particle stack contains max V particles described by (E, px, Py, Pz
PDG) with total shape (N, V, 5)

* Events with fewer than V particles are padded to a fixed length,
and PDG codes are one-hot encoded

* [nteraction vector contains kinematic quantities that apply to the
entire event = (o, g3, Q4 W, E))

* Events are preprocessed to normalize the distribution to zero
mean and unit standard deviation
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Model Architecture:

* Particle stack and interaction
variables are first passed through
a projection/embedding layer

* Once projected to some latent
space, input vectors are added

* Transformer with 6 layers, 2
heads, model dimension of 128

* Final stage of classification head
to predict particle label

* Masking to process variable
number of particle in an event

Model Training:

* Parallel training on 4 NVIDIA
A100 GPUs via Horovod

* Reduced learning rate on plateau
with early stopping

* O(100) epochs of training for ~2
to ~8 hours of runtime
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dimensions simultaneously

* Able to reweight continuous and
discrete variables

* Unbinned event-by-event
weights!

* Further improvements planned,
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e.g. the training procedure
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