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A(I)DAPT: Al to Improve CLAS Simulations

* A(I)DAPT — Al for Data Analysis and PreservaTion

» Broad Goal: Develop a machine learning event generator
(simulations)
* Much faster than traditional simulations
» Could potentially extend measurements to regions outside of acceptance
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Data Science Group Contributions to
A(iI)DAPT

« Convert original Jupyter Notebook implementation to modular software stack
« |mproved readability, maintainability, and scalability
« Stored on GitHub
 Reduced code redundancies
« Inner GAN and outer GAN utilize much of the same underlying code
* |Incorporate the Python framework Hydra for configuration management

« Utilizes registration system
« Enhance collaboration by allowing for easy swapping of modules
* Includes unit-tests for testing of individual modules/functions

 Reproduce already achieved results in this new framework
* Optimize/improve training
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Using GAN’s (Generative Adversarial
Networks) to Model Detector Response

 GAN: Two opposing neural
networks

Generator: Takes in GEN
data and produces
“synthetic” REC events

Discriminator: Takes the
synthetic REC events and
“real” REC events and
attempts to distinguish
them
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Running the Software: Getting Started

<> Code () Issues 5 Il Pullrequests (2) Actions [[J Projects [ Wiki () Security |~ Insights

« Two GitHub repositories you'll need [ —— i =
to copy and install: i

o https://qithub.com/Jeffersonlab/jlab_dat | E—————

I tests

ascience core.qit e

[3 pyproject.toml

« https:/qithub.com/Jeffersonl ab/jlab_dat [
ascience exp hall.qit Hall B - AIDAPT Workflow

[ graph_driver.py

| v @ Hall_BJAIDAPT

1) [ AR Running the Inner GAN Driver
[ outer_gan_driver.py

O o . + Initialize environment with necessary packages (tensorflow, numpy, matplotlib)
- @ models . ; i
* There is a tutorial document with

3 —init_py o Core repo link: https://github.com/JeffersonLabfjlab_datascience_core
[ tf_egan_v0.py

o Use local editable pip install ( pip from the core repo directory)

d etai I e d i n St ru Cti O n S [ tf_mlp_gan_v0.py « Install the aidapt_toolkit (from the AIDAPT directory)

[ tf_mip_outergan_vO.py * From the AIDAPT directory, execute: python3 ./aidapt_toolkit/drivers/basic_inner_gan_driver.py
_ ./aidapt_toolkit/configs/basic_driver_config.yaml

« Will be made available very soon


https://github.com/JeffersonLab/jlab_datascience_core.git
https://github.com/JeffersonLab/jlab_datascience_core.git
https://github.com/JeffersonLab/jlab_datascience_core.git
https://github.com/JeffersonLab/jlab_datascience_exp_hall.git
https://github.com/JeffersonLab/jlab_datascience_exp_hall.git
https://github.com/JeffersonLab/jlab_datascience_exp_hall.git
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Configurations

_scaler: generator_layers:

Several yaml files in o T e 1

feature_range: &ideel

h ) ; -1 - Leakyl_?eLU .
aidapt toolkit/configs/ Lo Sl
etector_parser: - momentum: 0.8
. id: aidapt_numpy_reader_ve - Dense
. filepaths: - units: 256
For Inner GAN’ use. - ./aidapt_toolkit/data/ps_detector/ps_detector_e.npy :rl;:a:gsléuslo e
. . - ./aidapt_toolkit/data/ps_detector/ps_detector_1.npy _ BaichNor;,ali’;’a;iO;,
) hydra baSIC Conflg_yam/ - ./aJ:.dapt_toolk:!.t/data/ps_detector/ps_detector_Z.npy - momentum: ©.8
—_ —_ — ./aidapt_toolkit/data/ps_detector/ps_detector_3.npy - Dense
lab2inv: - units: 512
- id: lab_variables_to_invariants - Leaxyneld .
For outer GAN, use. MP: ©.93827 e

i model: - momentum: 0.8
id: tf_cgan_ve@ generator_optimizer:
« hydra_outer_config.yaml| i Lol e
. B - beta_1: 0.5
batch_size: 10000 learning_rate: 1.0e-05

discriminator_layers: generator_loss: 'BinaryCrossentropy'

— — Dense image_shape: 4
— units: 256 label_shape: 4

Yaml config files determine inputs, e B

- negative_slope: 0.2 id: numpy_minmax_scaler

network architectures, epochs, etc. inite: 128 e

LeakyRelLU id: aidapt_numpy_reader_ve
. . filepaths:
C f' t' t' I b negative_slope: 0.2 - ./aidapt_toolkit/data/ps_vertex/ps_vertex_0.npy
On Igura |On Op |OnS Can a SO e Derjse - ./aidapt_toolkit/data/ps_vertex/ps_vertex_1.npy
units: 64 - ./aidapt_toolkit/data/ps_vertex/ps_vertex_2.npy

i1fi I I - LeakyRelU - ./aidapt_toolkit/data/ps_vertex/ps_vertex_3.
specified in the command line e ope: 0.2 e R R L A T R

. Lo .. . save_path: ${hydra:runtime.output_dir}
discriminator_optimizer: eteics

« Configurations files are saved in - Adam Layer. specific_gradients: Trus

- beta_1: 0.5 grad_frequency: 1

output directory OO SR 2 <G chiz. frequency: 1

discriminator_loss: 'BinaryCrossentropy’ :
hs: 2 disc_accuracy: True
epochs: acc_frequency: 1
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|_scaler:

[ ] [ ]
n id: numpy_minmax_scaler
onfigurations: Data Input e
[ ]
-1
-1
detector_parser:
id: aidapt_numpy_reader_veo

generator_layers:
- — Dense

filepaths: s leiEs’; 338
- ./aidapt_toolkit/data/ps_detector/ps_detector_0.npy Saxye "
- ./aidapt_toolkit/data/ps_detector/ps_detector_1.npy - negatlve_slc.ape.'O.Z
1 In ut data athS ShOUld be - ./aidapt_toolkit/data/ps_detector/ps_detector_2.npy BatchNorr?allzanon
- ./aidapt_toolkit/data/ps_detector/ps_detector_3.npy gomentum. 0.8
lab2inv: ense
.f. d rd I n t r id: lab_variables_to_invariants units: 256
Specitiea according 1o you o G Leaiorels
model: negative_slope: 0.2

BatchNormalization
momentum: 0.8

1 id: tf_cgan_ve

I n p utS gan_type: inner
batch_size: 10000 Der]se
discriminator_layers: units: 512

» The files at these locations were e s Bl s eipe 0,2
copied from regetive sloe: 0.2 e
/work/data _science/quantomy/aidapt
_at_quantom/data/

units: 128 — Adam

LeakyRelLU - beta_1: 0.5

negative_slope: 0.2 learning_rate: 1.0e-05

Dense generator_loss: 'BinaryCrossentropy'’
units: 64 image_shape: 4

[ |
| I T ) Y I R I B |

= LeakyRelLU label_shape: 4
+ - negative_slope: t.2 latent_dim: 100
i - discriminator_optimizer: v_scaler:
 nn” p photoproduction (g11 : e
— Adam id: numpy_minmax_scaler
- beta_1: 0.5 feature_range: *ideel
. s = = learning_rate: 1.0e-05 vertex_parser:
S I I I I u Iatlo n CO nflg u ratlo nS) discriminator_loss: 'BinaryCroscentropy' id: aidapt_numpy_reader_ve
epochs: 2 filepaths:
- ./aidapt_toolkit/data/ps_vertex/ps_vertex_0.npy
— ./aidapt_toolkit/data/ps_vertex/ps_vertex_1.npy
o See - ./aidapt_toolkit/data/ps_vertex/ps_vertex_2.npy
- ./aidapt_toolkit/data/ps_vertex/ps_vertex_3.npy

driver:

aidapt _toolkit/data_prep/lab_vari e

layer_specific_gradients: True

ables to invariants.py for data g

chi2_frequency: 1
disc_accuracy: True

fi Ie StrU CtU re acc_frequency: 1
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Utilizing Prebuilt Container: Running Interactively

« NOTE: A container is not required to run software
 Provided as a convenience

» Already-built container for both interactive and batch running

« /work/clas12/reedtg/data science/aidapt 10-14-24-
update/jlab_datascience exp_hall/Hall_B/AIDAPT/TF Containers/build _1/tensorflow-2.16.1-
gpu.sif

* Run container interactively

> singularity run --bind/path/to/jlab_datascience_exp_hall:/jlab_datascience_exp_hall
/path/to/container_image/tensorflow- -gpu.sif

Apptainer> cd /jlab_datascience_exp_hall/Hall_B/AIDAPT
Apptainer> python3 ./aldapt_toolkit/drivers/hydra_driver.py

* hydra_driver.py is the primary executing file for the inner GAN °



Utilizing Prebuilt Container: Running on Batch
Farm

Command:

singularity exec

/absolute/path/to/container_1image/tensorflow- .l-gpu.sif \
sh -c "cd /jlab_datascience_exp_hall/Hall_B/AIDAPT && \
python3 atidapt_toolkit/drivers/hydra_driver.py”

Provide command in SLURM (or SWIF2) submission script
 Can request to run on GPU

« Example SLURM submission script at:
/work/clas12/reedtg/data science/aidapt 10-14-24-
update/jlab _datascience exp hall/Hall B/AIDAPT/container_slurm_sub _script

Jﬁggon Lab



Inner GAN Training Results

Model is trained on 4 kinematic variables (shown on right)

Input for inner GAN is phasespace simulation of these 4

variables

Plots show results after 80,000 epochs
These plots are saved automatically in output directory
 distributions.png (right)

« training_analysis.png (below)
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Training Outer GAN

Once inner GAN is trained, the same
steps can be used to train outer GAN

Outer GAN reads from a different yaml
file, hydra_outer config.yaml

Model architecture is a bit different

Additional configurations:
» folding id
» folding path

These point to the already trained and
saved inner GAN model

Appropriate driver to run the outer
GAN training is outer_gan_driver.py

J;ﬁ;;?on Lab

d_scaler:
id: numpy_minmax_scaler
feature_range: &ideel
- -1
-1
detector_parser:
id: aidapt_numpy_reader_vo

filepaths:
— ./aidapt_toolkit/data/Realistic_detector/realistic_detector_0.npy

- ./aidapt_toolkit/data/Realistic_detector/realistic_detector_1.npy
- ./aidapt_toolkit/data/Realistic_detector/realistic_detector_2.npy
- ./aidapt_toolkit/data/Realistic_detector/realistic_detector_3.npy
lab2inv:
id: lab_variables_to_invariants
MP: 0.93827
model:
id: tf_outer_cgan_v@
folding_id: tf_cgan_ve@
folding_path: ./outputs/trained_inner_gan_models/2024-12-05/cgan_model
gan_type: outer
batch_size: 10000
discriminator_layers:
- — Dense
— units: 1024
- — LeakyRelU
- negative_slope: 0.2
- — Dense
- units: 512
- — LeakyRelU
- negative_slope: 0.
- — Dense
— units: 256
- — LeakyRelLU
- negative_slope: 0.
— — Dense
— units: 128
- — LeakyRelLU
- negative_slope: @.
- — Dense
— units: 64
- — LeakyRelLU
— negative slope: 0.2

11



Outer GAN Training Results

« “Realistic” simulation (i.e. not phasespace)

 (Considers the 3 dominant intermediate
resonances

> Dl
e Attp—
e« AVrt
* Input to outer GAN generator is only 1
variable
« Mandelstam s (x E,, )

* Plots show results after 120,000 epochs

« Outer GAN typically takes a bit longer to
converge
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Additional Training Feedback

+ At the end of the configuration (yaml)
files is a section called “metrics”

* Here, the user can turn on/off
additional training metrics
« Layer-specific gradient norms
e y? test
« Discriminator accuracy test

 The “<metric_ name>_frequency” line
determines how frequently (in terms of
epoch) the metrics will be calculated
and saved

Jef on Lab

generator_layers:
- — Dense
- units: 128
- — LeakyRelLU
- negative_slope: 0.2
- - BatchNormalization
— momentum: 0.8
- — Dense
- units: 256
- — LeakyRelLU
- negative_slope: 0.2
- — BatchNormalization
— momentum: 0.8
- — Dense
— units: 512
— — LeakyRelLU
- negative_slope: 0.2
— — BatchNormalization
— momentum: 0.8
generator_optimizer:
— Adam
- beta_1: 0.5
learning_rate: 1.0e-05
generator_loss: 'BinaryCrossentropy'
image_shape: 4
label_shape: 4
latent_dim: 100

v_scaler:

id: numpy_minmax_scaler
feature_range: *id@el

vertex_parser:

id: aidapt_numpy_reader_v@

filepaths:

- ./aidapt_toolkit/data/ps_vertex/ps_vertex_0.npy
- ./aidapt_toolkit/data/ps_vertex/ps_vertex_1.npy
- ./aidapt_toolkit/data/ps_vertex/ps_vertex_2.npy
- ./aidapt_toolkit/data/ps_vertex/ps_vertex_3.npy

driver:

save_path: ${hydra:runtime.output_dir}

metrics:

layer_specific_gradients: True
grad_frequency: 1

chi2: True

chi2_frequency: 1
disc_accuracy: True
acc_frequency: 1

13



Training Metrics Plots
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Final Remarks

This reworked software stack should improve usability, reproducibility,
debugging, readability, etc.

The model, metrics plots, and configuration files are saved to the output folder
after training.

Some hyperparemeters (epochs, network architecture, learning rate, etc.) will
likely need to be adjusted for various training datasets

« This newer framework makes it relatively simple to change these values from the
configuration files

« Should be no need to go into the bulk of the code

We've produced a document to serve as an overview and guide for using this
software produced by the JLab Data Science Group for A(i)DAPT

» The tutorial document should be followed, especially when initially setting up the software

This work was done to make the jobs of those presently in A(i)DAPT easier
 \We also encourage others who are interested to try it out 15
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Utilizing Prebuilt Container: Running on Batch

Farm

 Command:
« singularity exec --nv \

--bind /absolute/path/to/jlab_datascience exp hall:/jlab_datascience exp hall \
/absolute/path/to/container_image/tensorflow-2.16.1-gpu.sif \
sh -c "cd /jlab_datascience exp hall/Hall _B/AIDAPT &&\
python3 aidapt_toolkit/drivers/hydra_driver.py”
* Provide command in SLURM (or SWIF2) submission script

« Can request to run on GPU

« Example SLURM submission script at:
/work/clas12/reedtg/data _science/aidapt 10-14-24-
update/jlab _datascience exp hall/Hall B/AIDAPT/container_slurm _sub _script

18
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Utilizing Prebuilt Container: Running Interactively

« NOTE: A container is not required to run software
 Provided as a convenience

» Already-built container for both interactive and batch running

« /work/clas12/reedtg/data science/aidapt 10-14-24-
update/jlab_datascience exp_hall/Hall_B/AIDAPT/TF Containers/build _1/tensorflow-2.16.1-

gpu.sif

* Run container interactively

« > singularity run --bind/path/to/jlab_datascience exp hall:/jlab_datascience exp hall
/path/to/container_image/tensorflow-2.16.1-gpu.sif

« Apptainer> cd /jlab_datascience exp hall/Hall_B/AIDAPT

* Apptainer> python3 ./aidapt_toolkit/drivers/hydra_driver.py

hydra_driver.py is the primary executing file for the inner GAN
19
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