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Outline
• Autoencoder	 Variational kind, used for compression

• Tabular		 	 Model distillation + tabularization

• Memristive		 Analog content-addressable memory


Paper summary
•  


•  

the output of the model training step used in the paper, which is a set of parallel decision paths
that represent regression trees [31, 32]. A single parallel analog range-compare across all features
activates the match line (MAL). The MAL directly gates a nearby SRAM word containing the leaf
value. The setup is effective because comparisons occur in memory with lightweight periphery and
inherent row-level parallelism, so latency and throughput depend mainly on the number of features
and classes rather than the number of trees or their depth, avoiding load imbalance and repeated
data movement on conventional platforms. Quantitatively, a simulator framework for tree-based
ML accelerator based on ACAM called X-TIME reports a latency value of about 100 ns, through-
put improvements up to 120x, and energy-efficiency gains up to 150x, substantially outperforming
conventional, non-analog CAM hardware [33]. The ACAM crossbar structure and the MAL con-
nection to SRAM is shown on the bottom row of Figure 1.

In this paper, we present a novel combination of the above-mentioned technologies implemented
on ACAM: neural network-based VAE whose encoding part is distilled using a boosted decision
tree (BDT) regressor that is converted into a tabular format for the ACAM. The procedure to cre-
ate the encoder is done in four steps: AI training, model distillation, model tabularization, and
model deployment on hardware. 1 VAE is trained on simulated data of electromagnetic calorime-
ter showers to learn a compact latent representation that preserves both the longitudinal and trans-
verse structure of the cascade of electromagnetic interactions [34]. The encoder maps each shower
into a lower-dimensional latent space for an efficient and high-fidelity compression. 2 In order to
achieve hardware-friendly deployment at the detector front-end, the encoder is distilled with BDT
trained to regress the latent variables using the same inputs as for the VAE [31]. 3 After distilla-
tion, the model is tabularized by parallelizing the decision paths of the decision trees [31, 32]. 4
This tabular representation of the VAE encoder is deployed via root-to-leaf on the memristor-based
ACAM, which performs the inference directly in memory using analog range-compare operations
[35]. We refer the model after step 4 as the tabular variational autoencoder. Diagrammatically,
the workflow is
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After the AI deployment, the dataflow of real-time processing is

Real-time analog data on front-end electronics i−−−−−−−−−−−−→
Tabular ACAM

Compressed digital data (near sensor)

Decompressed digital data in DAQ system
ii

←−−−−−−−−−−
VAE Decoder

Compressed digital data (away from sensor)
(2)

We focus on i in this paper; note that the decoder in ii retains its original form.
The outline of the rest of the paper is as follows: Results present the physics algorithm perfor-

mance and the ACAM hardware performance. Comparisons are also made to an equivalent setup
on FPGA. Discussion summarizes the limitations of our study and possible future directions. Meth-
ods detail the neural network architecture, the training setup, the model distillation to decision trees.
Details of the hardware simulation are also given.
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Setup
• e+ on generic 3-layer calorimeter, study for future colliders

• Variables are longitudinal (z) vs. transverse (η-φ)
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Introduction
The growth of data in high energy physics is exploding, mirroring the trend in industry [1]. We
describe the challenges, and our solution, of the data acquisition systems for proposed experiments
at a future lepton collider. For instance, the electron-electron version of Future Circular Collider
(FCC) called FCC-ee [2] or the Muon Collider called !C [3, 4] may need a streaming data acqui-
sition system to readout the collisions. For these and other such large-scale systems, we consider
an autoencoder (AE) from artificial intelligence (AI) that is distilled and implemented on a power-
efficient memristive analog memory device to compress analog data near the front-end. We consider
a generic scenario of compressing energy deposits measured by a three-layer calorimeter detector
system in a streaming readout setup. The setup and dataflow are shown on the top row of Figure 1;
the bottom row shows the hardware implementation, which is detailed later in Methods.
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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
of nearby sensor elements, which serves as input to the tabular AE. Bottom: Close-up of a memristor-based
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
to produce a binary output. The latent data is transmitted and decompressed.
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The corresponding fractions !ℓ and the shower-depth estimators #$ and %#! also show good agree-
ment between the Original and the two reconstructed distributions, indicating that the longitudinal
development of the shower in the & direction is largely preserved. For %#! , the peak near 0.5 is ex-
pected since electromagnetic showers deposit negligible energy in the final layer and are, therefore,
effectively shared between the first two layers. The lateral width observables, which probe higher-
order transverse spatial moments of the shower development, are also reproduced with good fidelity.
Small residual differences remain, visibly in the tails of the %1 distributions. These tails are driven
by rare showers with atypical low-energy peripheral deposits and are, therefore, more sensitive to
small distortions than the total energy or the longitudinal observables. Importantly, the VAE- and
BDT-based reconstructions are nearly indistinguishable in all observables, demonstrating that the
distillation step does not introduce an additional degradation beyond the VAE representation itself.
Quantitatively, the two-sample Kolmogorov-Smirnov distance demonstrates agreement at the few
percent level between all but one of the distributions; the one exception being %1 at 0.2 whose tail
was noted above.

The preservation of shower images at the cell level is quantified using the '1 and '2 metrics
between the original and reconstructed cell-energy vectors, respectively, normalized to the latter.
All values are found to be small at around 0.07. These results confirm that the BDT-regression
reproduce the VAE with only a small loss in image-level fidelity. A pedestrian example of image
reconstruction is given using color photos of Belgian street signs in Supplementary Materials.

Figure 2: Physics observables before and after compression for the original electromagnetic showers (grey),
the VAE encoder (& = (, gold), the BDT–regressed encoder (& = (̂, blue line). See text.
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Figure 5: Architecture of the variational autoencoder prior to distillation. The encoder maps the calorime-
ter input into a latent representation parameterized by the mean and log-variance, !, log"2 ∈ R4. During
training, latent vectors are sampled using the reparameterization trick, while inference is performed deter-
ministically with # = !. The decoder reconstructs the shower representation with a non-negative constraint.

The training and testing is done on the sample using an 80-20 split, respectively. Parameters are
optimized with Adam for 40 epochs with a learning rate of 10−3 and batch size of 256. Convergence
is monitored through the total loss and its components, with fixed random seeds for reproducibil-
ity. A latent dimension of $ = 4 was selected after empirical studies balancing compression ratio,
reconstruction fidelity, and latent smoothness. In our experience, a larger latent dimensions pro-
vided only marginal gains while smaller dimensions led to visible loss of longitudinal detail in the
later layers. After convergence, the decoder reproduces both the total energy and the layer-resolved
spatial patterns. One representative example is shown on the right three columns of Figure 4.

Model distillation and tabularization
Model deployment is done in three steps: training the VAE to learn latent representations, distilling
the encoder into BDT regressors that emulate its latent mapping, and deploying the tabularized dis-
tilled model on the ACAM. The decoder remains available for offline reconstruction and validation
of compressed events. Figure 6 visualizes the workflow.

A set of BDT regressors is trained to mimic the neural encoder to reproduce the latent mean
components !% with its estimate !̂%. Each component is regressed independently from x, yielding
a modular implementation that is naturally parallelizable. Training is performed with TMVA [82]
using statistically independent training and test samples of electron showers. Gradient boosting is
used with 200 trees of maximum depth 4, shrinkage factor of 0.05, and stochastic bagging with
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Variational autoencoder 
• 100x compression of RGB images of 32 x 32 pixels
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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 × 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 !̂ into the VAE decoder. Details: Model
used is a convolutional encoder with three 4×4 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
! and log"2 parameters of a #=32 dimensional Gaussian latent space. During training a latent code is
sampled via the standard reparameterization $=!+"·% ; a symmetric transposed-convolution decoder (three
4×4 CONVTRANSPOSE layers with RELU, followed by a Sigmoid output layer) reconstructs the image. This
corresponds to a compression of a 32×32×3 (3072 pixel intensities) to a 32d latent vector, i.e., 96x reduction.
Distillation replaces the neural-network encoder with a BDT regressor to predict the latent space variables
of the VAE (here, the latent means !).

32

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 × 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 !̂ into the VAE decoder. Details: Model
used is a convolutional encoder with three 4×4 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
! and log"2 parameters of a #=32 dimensional Gaussian latent space. During training a latent code is
sampled via the standard reparameterization $=!+"·% ; a symmetric transposed-convolution decoder (three
4×4 CONVTRANSPOSE layers with RELU, followed by a Sigmoid output layer) reconstructs the image. This
corresponds to a compression of a 32×32×3 (3072 pixel intensities) to a 32d latent vector, i.e., 96x reduction.
Distillation replaces the neural-network encoder with a BDT regressor to predict the latent space variables
of the VAE (here, the latent means !).

32

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 × 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 !̂ into the VAE decoder. Details: Model
used is a convolutional encoder with three 4×4 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
! and log"2 parameters of a #=32 dimensional Gaussian latent space. During training a latent code is
sampled via the standard reparameterization $=!+"·% ; a symmetric transposed-convolution decoder (three
4×4 CONVTRANSPOSE layers with RELU, followed by a Sigmoid output layer) reconstructs the image. This
corresponds to a compression of a 32×32×3 (3072 pixel intensities) to a 32d latent vector, i.e., 96x reduction.
Distillation replaces the neural-network encoder with a BDT regressor to predict the latent space variables
of the VAE (here, the latent means !).

32

[2602.15990]

Compressed 


then 

decompressed

Original im
age

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 × 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 !̂ into the VAE decoder. Details: Model
used is a convolutional encoder with three 4×4 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
! and log"2 parameters of a #=32 dimensional Gaussian latent space. During training a latent code is
sampled via the standard reparameterization $=!+"·% ; a symmetric transposed-convolution decoder (three
4×4 CONVTRANSPOSE layers with RELU, followed by a Sigmoid output layer) reconstructs the image. This
corresponds to a compression of a 32×32×3 (3072 pixel intensities) to a 32d latent vector, i.e., 96x reduction.
Distillation replaces the neural-network encoder with a BDT regressor to predict the latent space variables
of the VAE (here, the latent means !).

32

https://arxiv.org/abs/2602.15990


7

Deployment
for online on FPGA

Training
done offline on CPU

Decision tree-
based training

Neural network-
based design

Decision tree-
based design

Anomaly detection
Govorkova et al.,

Nat. Mach. Intell. 4 (2022) 154


CMS Collaboration,

Comput. Softw. Big Sci. 8 (2024) 11


Data compression
Guglielmo et al.,

IEEE Trans. Nucl. Sci. 68 (2021) 2179


Not a comprehensive list

Anomaly detection
Roche, TMH et al.,

Nature Commun. 15 (2024) 3527

http://doi.org/10.1038/s41467-024-47704-8


Ercikti & TMH using VHDL

Anomaly detection

Gupta (for ATLAS)


Pheno Symposium 2025


https://indico.global/event/812/contributions/126571

Data compression

This talk

Not sure if useful but 

certainly possible

Neural network-
based training

Memristive tabular variational autoencoder
   for compression of analog data in HEP

Also called “model distillation,” “model compactification”

and/or “teacher-student learning” depending on the method

[2602.15990]

https://doi.org/10.1038/s42256-022-00441-3
https://doi.org/10.1038/s41467-024-47704-8
https://indico.global/event/812/contributions/126571
https://indico.global/event/812/contributions/126571
https://indico.global/event/812/contributions/126571
https://indico.global/event/812/contributions/126571
https://indico.global/event/812/contributions/126571
https://indico.global/event/812/contributions/126571
https://indico.global/event/812/contributions/126571
https://indico.global/event/812/contributions/126571
https://indico.global/event/812/contributions/126571
https://indico.global/event/812/contributions/126571
https://indico.global/event/812/contributions/126571
https://indico.global/event/812/contributions/126571
https://indico.global/event/812/contributions/126571
https://indico.global/event/812/contributions/126571
https://indico.global/event/812/contributions/126571
https://indico.global/event/812/contributions/126571
https://indico.global/event/812/contributions/126571
https://indico.global/event/812/contributions/126571
https://indico.global/event/812/contributions/126571
https://indico.global/event/812/contributions/126571
https://indico.global/event/812/contributions/126571
https://indico.global/event/812/contributions/126571
https://indico.global/event/812/contributions/126571
https://indico.global/event/812/contributions/126571
https://indico.global/event/812/contributions/126571
https://indico.global/event/812/contributions/126571
https://indico.global/event/812/contributions/126571
https://indico.global/event/812/contributions/126571
https://indico.global/event/812/contributions/126571
https://indico.global/event/812/contributions/126571
https://indico.global/event/812/contributions/126571
https://indico.global/event/812/contributions/126571
https://arxiv.org/abs/2602.15990


8

Figure 4: Visualization of energy deposition in !-" 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+#), where # is in GeV. Right three columns show one representative shower after rebinning with color
scale corresponding to linear # : Original designates the input value to the VAE, VAE is the reconstruction
using the encoder mean $, and BDT is the reconstruction using the regressed mean $̂.

coarser granularity of 6 × 12 that is optimized for the late and more diffuse part of the shower.
The layers yield a total of 504 individual cells. For use in the VAE, these cell energies are pre-
processed into standardized, fixed-length feature vectors that preserve the essential layer structure.
The preprocessing step includes an energy-preserving spatial rebinning by summation within fixed
regions, balancing compactness and physics fidelity while preserving the total deposited energy
and the large-scale longitudinal energy flow. Specifically, Layer 0 is rebinned from 96 × 3 to 8 × 3,
Layer 1 from 12× 12 to 4× 4, and Layer 2 from 6× 12 to 2× 4. This results in a R48 representation
for the three layers. All training and quantitative evaluations are performed with energies in lin-
ear scale. The plots in the leftmost column of Figure 4 illustrates the energy deposition, averaged
over 100 simulated electron showers, and shows the typical evolution of electromagnetic cascades
across the ECAL layers. For visualization, the color scale is shown as log(1 + #) to enhance the
visibility of low-energy deposits in the shower periphery. In Layer 0, the electromagnetic core is
sharply localized in ! due to fine segmentation, capturing the narrow lateral spread of the primary
interaction. Layers 1 and 2 exhibit increasingly diffuse and broader energy patterns as the shower
penetrates deeper into the absorber material, reflecting the combined effects of multiple scattering,
energy leakage, and the coarser granularity of the later layers. This progression from compact to
extended profiles encodes both the transverse and longitudinal development of the shower.
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discussion are given in the Supplementary Material. Correlation-matrix studies confirm that the
regression uncertainty remains well below the intrinsic variance of the VAE latent space. Residual
maps for representative events further show that the differences between ! and !̂ reconstructions
are small and structureless, with residual distributions centered around zero. This indicates that the
distillation preserves both transverse and longitudinal shower features in the compressed represen-
tation.

The impact of distillation on the shower reconstruction is evaluated by comparing three rep-
resentations for each event: the rebinned calorimeter input x, the reconstruction obtained from !
(VAE in the plots), and the reconstruction obtained from !̂ (BDT in the plots). This comparison
isolates the effect of replacing the encoder, since the same decoder is used for both ! and !̂. Rep-
resentative event displays for the three cases for one simulated electron are shown in the right three
columns of Figure 4. Across the ECAL layers, both reconstructions reproduce the dominant layer-
wise energy patterns, including the localized core in Layer 0 and the broader profiles in Layers 1
and 2. Quantitative assessments are made using two complementary metrics: mean absolute error
(MAE) per layer and "2 norm per event. The plots in the rightmost column of Figure 7 shows the

Figure 7: Model distillation results. Left group of four plots compares one latent component from the VAE
encoder (!!) with the corresponding BDT-predicted value (!̂!) for incident electrons in the test sample. BDT
exhibits strong linearity (# = 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 "2 error over all cells in
all layers.
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a 50% subsample fraction, providing a practical balance between regression accuracy and imple-
mentation complexity. The distillation fidelity is evaluated by comparing the BDT-predicted latent
vectors !̂ with the corresponding VAE encoder outputs !. Strong correlations are observed across
all latent dimensions, with Pearson coefficients in the range " = 0.93 to 0.99. The four scatter plots
of Figure 7 visualizes the correlations. The residuals are narrow and unbiased, indicating that the
regressors reproduce the encoder outputs within a small deviation relative to the intrinsic spread of
the learned latent space. Additional studies are done and the plots corresponding to the following
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Introduction
The growth of data in high energy physics is exploding, mirroring the trend in industry [1]. We
describe the challenges, and our solution, of the data acquisition systems for proposed experiments
at a future lepton collider. For instance, the electron-electron version of Future Circular Collider
(FCC) called FCC-ee [2] or the Muon Collider called !C [3, 4] may need a streaming data acqui-
sition system to readout the collisions. For these and other such large-scale systems, we consider
an autoencoder (AE) from artificial intelligence (AI) that is distilled and implemented on a power-
efficient memristive analog memory device to compress analog data near the front-end. We consider
a generic scenario of compressing energy deposits measured by a three-layer calorimeter detector
system in a streaming readout setup. The setup and dataflow are shown on the top row of Figure 1;
the bottom row shows the hardware implementation, which is detailed later in Methods.
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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
of nearby sensor elements, which serves as input to the tabular AE. Bottom: Close-up of a memristor-based
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
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
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material stack cross-section for a custom BEOL manufacturing process of ReRAM [45]. ACAM simulations:
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ACAM hardware performance
We report latency and throughput results for varying level of threshold precision from 4 to 32 bits in
the encoder given by the simulation of the ACAM-based architecture. The ACAM structure varies
depending on the needs of the BDT regressor. For 4-bit thresholds, the sensor’s analog output
can be directly fed into the cores with minimal latency; in this case, the analog values propagating
along the CAM columns are compared, at each row, with the value stored in a single memory cell by
the two memristors, by !1 and !2 in Figure 1. For higher-precision thresholds, analog-to-digital
conversion (ADC) is performed to separate the value into 4-bit groups, then its converse (DAC) is
performed to feed the analog architecture. For example, for 8-bits thresholds the input is digitized
into 8-bits, split into two 4-bit groups, then sent to ACAM modules.

The total latency is the lowest for 4-bit precision at 24 ns as expected. As seen in the breakdown
in the top-left plot of Figure 3, the latency component associated with computation is independent
of bit precision at 10 ns. This is also true for output communication. However, the component
associated input communication grows with bit precision. This is because input communication,
given a fixed memory bandwidth, scales directly with the total size of input data, and is determined
by the product of the number of features and the feature bit-width.

The throughput is the inverse of latency for dataflow that is not pipelined. As seen in the top-
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Figure 3: Latency (top-left), throughput (top-right), total area (bottom-left) and energy per compression
(bottom-right) of the encoding part simulated on the ACAM-based architecture. Computation latency at about
10 ns is due to the ACAM alone. See Discussion for the comparison to FPGA in the bottom-right plot.
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Comparisons
• Speed


10 ns latency

350 MHz thruput


• Efficiency

4.1 nJ 	 per compression

2.1 mm2 	 area of silicon


• Vs. FPGA

Better if < 16 bits


Comments
• IMC


In-memory computing stores 
coefficients on-chip to reduce 
data movement on/off chip

[2602.15990]
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Standard paradigm
• Von Neumann architecture


Classic processor-memory computing paradigm

Spend a lot of time & energy to move data


Our design summary
• In-memory computing (IMC)


Save energy & time not moving coefficients around

All the coefficients are baked in-memory!


• Analog, not digital

Memristors - see Nature 453, 80–83 (2008)

Optimal for 4-bits, can be nested for higher bits


• Autoencoder

Train NN-based variational autoencoder

Distill by decision trees

Tabularize by root-to-node

Execute on cross-bar arrays

Memory

Processor

https://resources.l-p.com/knowledge-center/cpu-vs-gpu-vs-tpu-vs-npu-architecture-comparison-explained 

Introduction
The growth of data in high energy physics is exploding, mirroring the trend in industry [1]. We
describe the challenges, and our solution, of the data acquisition systems for proposed experiments
at a future lepton collider. For instance, the electron-electron version of Future Circular Collider
(FCC) called FCC-ee [2] or the Muon Collider called !C [3, 4] may need a streaming data acqui-
sition system to readout the collisions. For these and other such large-scale systems, we consider
an autoencoder (AE) from artificial intelligence (AI) that is distilled and implemented on a power-
efficient memristive analog memory device to compress analog data near the front-end. We consider
a generic scenario of compressing energy deposits measured by a three-layer calorimeter detector
system in a streaming readout setup. The setup and dataflow are shown on the top row of Figure 1;
the bottom row shows the hardware implementation, which is detailed later in Methods.
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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
of nearby sensor elements, which serves as input to the tabular AE. Bottom: Close-up of a memristor-based
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
to produce a binary output. The latent data is transmitted and decompressed.
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