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Setup

e o+ on generic 3-layer calorimeter, study for future colliders
e Variables are longitudinal (z) vs. transverse (nN-¢)
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Figure 1: Schematic of an autoencoder for data compression that is distilled into tabular format. Top: The
dataflow starts with an incident electron, here with 83 GeV of energy, traversing a three-layer calorimeter.
The energy deposits are projected onto the transverse planes, which are then simplified by grouping energies

Hong i
Pittsburgh of nearby sensor elements, which serves as input to the tabular AE.
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Pittsburgh the VAE encoder (z = u, gold), the BDT-regressed encoder (z = i, blue line). See text.
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Figure 5: Architecture of the variational autoencoder prior to distillation. The encoder maps the calorime-

A u tO e n CO d e r ter input into a latent representation parameterized by the mean and log-variance, u,log o € R%. During

training, latent vectors are sampled using the reparameterization trick, while inference is performed deter-
ministically with z = u. The decoder reconstructs the shower representation with a non-negative constraint.
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Variational autoencoder
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Supplementary Figure 3: Compression and distillation example on color photos of Belgian traffic signs. The
images show the same workflow used in this paper. Top row (original images): 32 X 32 RGB cropped sign
images from the BelgiumTS/BTSC dataset [1, 2]. Bottom row (images after compression-decompression):
reconstructions obtained by feeding the BDT-predicted latent vectors fi into the VAE decoder. Details: Model
used is a convolutional encoder with three 4x4 Conv layers, each using stride 2 (with RELU activations and
3, 32, 64, and 128 feature maps), which maps an input image to a latent representation; this produces the
Aria u and log o? parameters of a d=32 dimensional Gaussian latent space. During training a latent code is
H on g sampled via the standard reparameterization z=u+o0-€; a symmetric transposed-convolution decoder (three
Pittsburgh 4x4 ConvTransPoskE layers with RELU, followed by a Sigmoid output layer) reconstructs the image. This

corresponds to a compression of a 32x32x3 (3072 pixel intensities) to a 32d latent vector, i.e., 96x reduction.
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Model distillation Original  Trained Regressed
e Regression

Regress latent space variables

with decision trees

Carlson, Bayer, TMH & Roche .
JINST 17 PO9039 (2022)
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function weight for layer 2 Figure 4: Visualization of energy deposition in 77-¢ for the ECAL layers in rows. Leftmost column in gray:

average energy deposition from 100 simulated electron shower events with the color scale corresponding to
log(1+E), where E is in GeV. Right three columns show one representative shower after rebinning with color
scale corresponding to linear E: Original designates the input value to the VAE, VAE is the reconstruction

using the encoder mean u, and BDT is the reconstruction using the regressed mean fi. ‘
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Figure 7: Model distillation results. Left group of four plots compares one latent component from the VAE
encoder (u;) with the corresponding BDT-predicted value (fi;) for incident electrons in the test sample. BDT
exhibits strong linearity (r = 0.93 to 0.99) and negligible bias, reproducing the encoder outputs with sub-
percent mean absolute deviation. Right group of two plots shows quantitative reconstruction fidelity over
the test set. Top-right: Mean absolute error, between VAE and BDT, per ECAL layer; error bars indicate the

standard error of the mean across events. Bottom-right: Distribution of the relative Lo error over all cells in

all layers.
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Memristive analog CAM
e Programmable resistor

Theorized by Chua & Kang, Proc. IEEE 64, 209-223 (1976)
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Realized by Strukov, Snider, Stewart & Williams, Nature 453, 80-83 (2008)
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Hong analog content-addressable memory shows the crossbar structure of the input data (x) crossing the match
line to read-out into static RAM. Further close-up at each crossbar shows the memristor circuit architecture ﬂ
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to produce a binary output. The latent data is transmitted and decompressed.
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Figure 8: ACAM details and results. 4-bit architecture: Simulation schematic for 4-bit inputs from direct = The top row of plots show the time-domain MAL waveforms for match and mismatch, with left and right
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