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ABSTRACT

Miniaturizing Machine Learning (ML) models to operate accurately in resource-
constrained environments may improve the intelligence of everyday objects. Ap-
plications abound across the Internet of Things (IoT), for personal medical de-
vices, and for consumer electronics such as smartphones and augmented reality
glasses. Differentiable Weightless Neural Networks (DWNN), such as differen-
tiable Logic Gate Networks (LGN) and Look Up Table networks (LTN), represent
a class of models which accelerate ML inference by orders of magnitude while
retaining high predictive accuracy. While small-scale LGNs and LTNs already
expedite model inference and reduce resource usage, performance and robustness
benchmarks are not well reported which hinders the development of large archi-
tectures suitable for real-world applications. This paper fills this gap by comparing
LGNSs, LTNs, Multi-Layer Perceptrons (MLPs), and their convolutional counter-
parts on the basis of test accuracy, training time, and robustness to noise across
key model and training variations. We introduce the Look-Up Table Convolutional
Network (LTCNN), which reduces training time by 2—-3X compared to prior logic-
based convolutions. By benchmarking over 4,000 models, we identify critical
scaling limitations: unlike standard CNNs, increasing DWNN parameter counts
tends to exacerbate brittleness to environmental noise rather than improving gen-
eralization. Furthermore, while employing learnable interconnects improves ac-
curacy by 6-20%, it incurs a significant computational penalty. These results
quantify the distinct trade-offs of weightless architectures, highlighting the need
for training strategies to scale DWNNs for real-world applications.

1 INTRODUCTION

As the introduction of backpropagation (Rumelhart et al.| [1986) inspired a race to develop neural
network architectures like deep neural networks (Fukushima, |1980), convolutional neural networks
(CNN) (LeCun et al.| [T989), recurrent neural networks 11990), and modern-day transform-
ers (Vaswani et al.| [2017), progress in Differentiable Weightless Neural Networks (DWNN) reveal a
similar story in scaling the capabilities of available model types. For example, differentiable LGNS,
a type of WNN using networks of combinatorial logic gates, improve model inference speeds by
several orders of magnitude on Field Programmable Gate Arrays (FPGA) while maintaining high
predictive accuracy on simple benchmarks (Petersen et all, [2022). In the following years, con-
volutional (Petersen et al., [2024) and recurrent (Biihrer et al.| [2025)) LGNs were introduced, and
differentiable LTNs later improved inference speeds while reducing the circuit area of learned logic
on FPGAs (Susskind} [2024}; [Andronic & Constantinides},[2025)). These DWNNs continue to improve
power efficiency, latency, and lightweight resource usage across robotics, transportation, healthcare,
and agriculture (Abduljabbar et all, 2019} [Eli-Chukwul, 2019; [Jiang et all, [2017; [Rybczak et all
[2024), where the European Council for Nuclear Research (CERN) uses WNNs to manage petabytes
of information per second in data collection (Jia et al.} 2024} [Boggia et all,[2025).

While researchers have demonstrated that DWNNs can both achieve rapid inference and high pre-
dictive capabilities in image datasets like CIFAR10 (Petersen et all [2022} [Bacellar et al 2024}
[Krizhevsky et al) 2009b), DWNNs are not yet scalable—they struggle on tasks like CIFAR100
(Rittgers et al} [2025; [Krizhevsky et al] [2009a) and ImageNet (Bréandle et all 2025} [Deng et all
2009)) which are precursory baselines for image classification in real-world environments. Some

obstacles, like longer training times (Petersen et all, [2022), poor network gradients (Petersen et alJ
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[2024), and learning model interconnects (Bacellar et al] [2024) hinder DWNN scaling, though de-
tailed benchmarks are unavailable. Other model properties, like robustness to noise and the impact of
encoding schemes on performance, are not reported for DWNNSs and are assessed from prior studies
on alternate model architectures (Kappaun et al 2016). Benchmarking DWNN properties against
traditional Deep Neural Networks (DNN) quantifies explicit performance gaps, thereby highlight-
ing key directions for DWNN research. This work pursues such benchmarks to show directions for
continued effort which may help in scaling DWNN:Ss to real-world applications, and releases the first
open-source software with convolutional DWNNSs to help democratize scaling pursuits.

In this benchmark, we prioritize studies on DWNN training rather than model deployment. Prior
works evaluate Binary Neural Networks 2020), Quantized Neural Networks (Guol [2018)),
and the performance of models on FPGAs (Petersen et al] [2022} Bacellar et al} 2024), so we
complement existing work with novel training comparisons. Justifications include: (1) training
remains a primary bottleneck limiting DWNN scalability, (2) this study remains hardware-agnostic
and broadly applicable across devices, and (3) it complements ongoing work on LGNs and LTNs
which have only recently been evaluated beyond small-scale tasks (Yousefi et al} 2025} [Bréndle]
[2025). This perspective emphasizes that deployment constraints on edge devices (e.g. timing,
resources, model size, power) are secondary if DWNN5 cannot first be trained to perform real-world
tasks. Toward this end, our study characterizes training and performance metrics for feed forward
and convolutional variants of LGNs, LTNs, and DNNs. The goal is to inspire research toward novel
DWNN architectures and training methodologies which may scale to real-world applications. Figure
[[]overviews the work in the following sections. These sections introduce the relevant background
and study novelty (Section2), the research methodology (Section[3)), and benchmark results (Section
M) before providing concluding remarks alongside directions for future research (Section [5).

2 BACKGROUND AND NOVELTY

While DWNNs surpass traditional WNNs and prior Look-Up-Table (LUT)-based models on sev-
eral real-world benchmarks, including edge-deployed workloads and CIFAR10 image classification,
challenges in training and scaling these models remain (Bacellar et al. 2024). Traditional WNNs,
like Random Access Memory (RAM) nodes, Probabilistic Logic Neurons (PLN), and Sparse Dis-
tributed Memory (SDM) use binary interconnects (i.e. wires) between explicit hardware resources
on compute devices rather than weighting nodal connections with multiplicative factors which can be
computationally expensive for small-scale devices. Differentiable LGNs and LTNs are two DWNNSs,
which remain unique as they may be trained using backpropagation rather than reinforcement learn-
ing, adaptive resonance theory, or other statistical methods (Cudermir et al., [1999} [Kim|, 2023).
LGNs were introduced by |Petersen et al.| (2022), and LTNs (originally called Differentiable Weight-
less Neural Networks, or DWNs) were published later by [Bacellar et al| (2024). Given the pub-
lication timeline, LGNs have been demonstrated in applications ranging from music generation to
circuit synthesis, cellular automata, and efficient signal processing for ECG data
[Zhou et all, 2025}, [Feng et al., 2024} Miotti et al) [2025) while remaining uniquely interpretable
(Wormald et al., 2025} [Yue & Jhal 2025). LTNs promise to improve model latency and memory
requirements while improving accuracy, though fewer derivative works are available given their re-
cency. LGNs and LTNs are prioritized in this work for their novelty, superior inference speeds on
FPGAs, and reduced resource usage. The following model comparisons clarify this study’s novelty:

(1) Learned Hardware Components: The fundamental difference between LGNs l,

2022) and LTNs (Bacellar et al.| 2024) is the use of logic-gates and look-up-tables, respectively.
Many FPGAs use a logic fabric composed of 4-input and 6-input look-up-tables (or generally, n-
input), meaning that LTNs tailored to the appropriate look-up-table size can map directly to the hard-
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ware resources on FPGAs. Because LGNs learn two-input logic gates, the synthesis of hardware-
specific kernels may result in less efficient hardware usage compared to LTNs (Bacellar et al.,[2024)).

(2) Learnable Parameters and Interconnects: While LGNs learn to use one of 16 logic gates per
node across a predefined network scaffold (i.e. the layer interconnects are fixed), LTNs adjust
look-up-table entries while simultaneously learning the interconnects between layers. In learning
interconnects, LTNs search across a larger set of architectures than the original LGN. This discrep-
ancy may have lead to unfair comparisons between LTNs and LGNs in the original work. While
numerous publications emerged in 2025 to efficiently learn inter-layer connections in LGN
men et al} 2025} [Kresse et all 2025} [Yousefi et al] [2023), a direct comparison between LTNs and
LGNs under comparable mapping strategies was not found by the authors until this work.

(3) Toward Larger DWNN Architectures: While LTNs improve latency and reduced memory utiliza-
tion compared to LGNS, larger architectures were not built using LTN primitives until recent years
(Jadhao et al 2025). In comparison, both recurrent (RDDLGN) and convolutionall] (LGCNN) ar-
chitectures of the LGN are demonstrated (Petersen et al., 2024} Biihrer et all, [2025). Filling this
gap, our work introduces the LTCNN and compares it against the LGCNN for the first time.

(4) Benchmarking DWNN Performance Characteristics: Both LGNs and LTNs are tested across var-
ied datasets and study types, though discrepancies between the two studies lead to inconsistent
comparisons, specifically for: (1) the difference in training time per model architecture, (2) the ro-
bustness of each model to noise, (3) the impact of data augmentation on model performance, (4)
performance changes when varying encoding schemes and bit depths. This work compares LGNs
and LTNs on these bases to identify help streamline future research efforts.

(5) Publicly Available Software: While the original LGN and LTN studies released source code (
[tersen et al.l 2022 |Bacellar et al.| [2024)), open-source implementations for convolutional architec-
tures are lacking. The LGCNN implementation remains unreleased (Petersen et all, [2024)), and the
LTCNN is a novel contribution of this work. We therefore introduce wn“Architect to democ-
ratize research into large-scale DWNN architectures for real-world applications.

3 METHODOLOGY

To realize the novelty in Section 2} this study benchmarks model performance characteristics when
varying key aspects of the training pipeline: data augmentation, input encodings, and model scale
and structure. Identifying performance gaps between DNNs and DWNNSs at each stage of training
stage helps identify weaknesses along the full pipeline. Figure [Jillustrates five studies benchmark-
ing performance gaps when varying data augmentation (A D), the bit depth and encoding scheme
(AB & AF), model type and scale (AS), and the use of learnable mappings (AM).

Each study was performed on MNIST 2012), FASHIONMNIST (Xiao et all}, 2017), and
CIFARI10 (Krizhevsky et all [2009b). These image-based datasets each contain ten classes of small

imagesﬂ The analysis was limited to image datasets as DWNN performance struggles in real-world
image classification tasks (Riittgers et al., 2025} [Krizhevsky et al} 2009a}; [Deng et all 2009), though
LGNs and LTNs have achieved state-of-the-art (SOTA) performance for MNIST and FASHIONM-
NIST (i.e. hand written characters and clothing items) while performing worse on CIFAR10. Model
training consistently used an 80,20 split across training and testing data, using 5-fold cross valida-
tion and a batch size of 64. Models were trained using the Adam optimizer with early stopping with
a patience of 10 epochs. DNN, LGN, and LTN-based models varied the learning rate per Table [T]
following the initial studies (Petersen et al.,[2022}; 2024} [Bacellar et al.} 2024). A learning scheduler
decreased the learning rate with a decay rate of v = 0.95 per epoch. The temperature 7 used in the
GroupSum for the LGN and LTN models was held constant at 7 = 10 for the feed-forward variants,
and followed the relationship 7 = \/ny/C where n is the number of nodes on the final layer, and
C = 10 is number of classes. This strategy follows recommendations from (Petersen et al. [2024)),
and resulted in values of 7 between 10-35, which is comparable to the initial works. Unless other-
wise stated, models are trained using random network interconnects, a constant bit depth (b = 2) for

"Note the LGCNN and LTCNN model types formally use a sliding window rather than convolution, though
the word “convolution” is used in this text to be consistent with existing literature (Petersen et al| [2024).

*Images from CIFARI0 are 32x32 pixels and have three color channels, while images from the other
datasets have 28x28 pixels across a single color channel.
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quantized input values, and by excluding data augmentation. While prior works use thermometer
encodings (Bacellar et al] [Kappaun et al} 2016} [Carneiro et al] [2015) we instead use standard
quantization (see Appendix [B) to explore whether DWNNs can leverage compact representation re-
quiring fewer bits per value—an important advantage for reducing bandwidth when scaling to larger
images. Data augmentation was not applied during training in order to evaluate the model’s robust-
ness to occlusions and salt-and-pepper (S&P) noise at test time. This approach isolates the model’s
inherent robustness noise and permits studies on how data augmentation changes robustness.
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Figure 2: Overview of the studies performed (i.e. AD, AB, AE, AS, AM), illustrating changes
across data augmentation, input encodings, model structural elements, and evaluation metrics

Table 1: Parameter ranges per model type, written as [ start, end; increment |, showing the layer count
(L), nodes per layer (npl), and npl decay rate (my,y;) for feed forward models. CNN architectures
use L. convolutional layers followed by a feed-forward network, use N kernels for the first convo-
lutional which increases by m,,;,; per convolution layer. The kernel size (k), pool size (Npool = 2),
padding (p = 1), and stride (N, = 1) are constant per layer. Figure 2| defines myy; and my,.
LTN-based models use n-input look-up-tables, bounded as [2,6;1] during architecture search

Model n L. Ny k mN, Q Ly npl Manpl

MLP 0.001 - - - - - [1,16; 1] [3,2560; 1] [0.5,1.0;0.1]
LGN 0.01 - - - - - [1,16;1] [10, 10000; 10] [0.5,1.0;0.01]
LTN 0.01 - - - - - [1,16;1] [10, 50005 10] [0.5,1.0;0.1]
CNN 0001 [1,81] [1,16;1] [2,5;1] [1.0,3.0;0.25] {-1,2,4,8}  [L,8;1] [16,256; 1] [0.1,1.0;0.01]
LGCNN 0.02 [1,8;1] [1,16;1] [2,5;1] [1.0,3.0;0.25] {-1,2,4,8} [1,8;1] [10, 10000; 10] [0.5,1.0;0.01]
LTCNN 002 [1,81] [1,16;1] [2,5;1] [1.0,3.0;0.25] {-1,2,4,8}  [1,8;1] [10,5000;10]  [0.1,1.0;0.01]

AS - Parameter Scaling Study: This study seeks to quantify how MLP, LGN, and LTN primitives
scale to more complex model types by (1) studying feed forward and convolutional architectures,
and (2) increasing the parameter count (#P). Five target model sizes were studied (i.e. #Pyqrget
=10*°, 10*?, 10°°, 10°®, and 10°-°) mirroring the parameter range from [Petersen et al.| (2022).
Twenty-five architectures were generated per model type using an evolutionary algorithm per Ap-
pendix [A] where these 750 models define P s to help study how models scale across size and form.

AD - Data Augmentation Study: This study asks whether DWNNs and DNNs benefit equally from
data augmentation. Here, LGNs, LTNs, and MLPs from Pag for # Piarger € {10%5,10%9} were
retrained with data augmentation (i.e. 0-10% of pixels have salt-and-pepper noise; 4-8 pixel rect-
angular occlusions are inserted) to measure changes in accuracy and robustness to noise. These
additional 150 models, combined with the 150 without augmentation, constitute Pa p.

AB & AFE - Input Encoding Studies: The AB study determines which model primitives more ef-
fectively learn from additional information given by increasing bit-depth or b, and complements the
AF study on quantization and temperature encodings. AB and AFE retrain five MLPs, LGNs, and
LTNs from each #P;q,gc Using temperature and quantized encoding methods for b € {1,2,4} to
compare the resulting test accuracy. These 450 models define Pap and Pag.
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AM - Learnable Mapping Study: This study seeks to benchmark the gap between model accuracy,
parameter count, and training time for LGNs and LTNs when learning network interconnects. The
LGN and LTN networks from Pag where #Piorget € {10*°,10%5} were trained with learnable
mappings. These 100 models and variations with random mappings from Pa g are called Pa ;.

Each study was evaluated using a subset of the following metrics focused on model training and
performance: (1) training time per epoch, (2) test accuracy, (3) parameter count, (4) robustness, and
(5) bit-depth sensitivity. Here, robustness defines the decay rate of test accuracy, or 3, in response to
noise as defined in Appendix [B| The bit-depth sensitivity characterizes the change in test accuracy
when increasing the bit depth, or A Accuracy/A b, as defined in Appendix@

The full study represents 1450 architectural variations trained per dataset, resulting in 4350 saved
models. Experiments were conducted on NVIDIA L4 GPU nodes, each with a cyclic allocation
of 128GB CPU and 24GB GPU for processing. In total, it took >67 days CPU time to run all
experiments, run across a 35-node parallel system.

4 RESULTS AND DISCUSSION

A series of performance gaps are identified in analysis which illustrate key directions for improving
DWNN:G. Studies first confirm generally understood principles regarding DWNNSs — there are gaps in
test accuracy and training time when comparing DNN and DWNNs with the same parameter count.
However, more subtle observations arise upon closer inspection, as per the following discussion:

AS - Improved LTCNN Scalability: The LTCNN introduced in this work reduces the training time
by 2-3X compared to the LGCNN while generally improving model accuracy. These outcomes
are expected given the higher accuracy and reduced training times for LTNs (Bacellar et al} [2024)),
though provides novel empirical evidence that certain DWNN primitives scale better to convolu-
tional architectures while revealing the benefits of continued research on efficient DWNN primitives.

AS - Gap in LGCNN and LTCNN Scalability Compared to CNNs: One benefit of CNNs is their
ability to achieve higher performance than MLPs in a comparable training time, though these ben-
efits are not realized when scaling to LGCNNs and LTCNNs. For example, Table 2] compares the
difference between the mean and maximum test accuracy per model type, shown as Api<moder>
and Amax < modelr>, respectively. Here, CNN's generally increase the mean test accuracy compared
to MLPﬂ especially for CIFAR10. In comparison, LGCNNs and LTCNNs tend to increase the
maximum test accuracy compared to LGN and LTN networks, but often decrease the mean accu-
racy. Considering model architectures were designed using a semi-random search (see Appendix
[A), these observations indicate that the probability of performant LGCNNs and LTCNNs is lower
than for CNNs under the current architecture design (see Appendix [E)). Another key gap is in train-
ing time (see Table[3), which shows that LGCNN and LTCNN networks can increase training times
by 2.8-10X, respectively, when compared against CNNs where # Piq;c¢ = 10°. While the training
time is understood to be lower for DWNNSs, a deeper issue arises from kernel designed using LGNs
and LTNs. LGCNNSs use deep logic gate tree convolution (Petersen et all, [2024). In this design,
each kernel passes (k  k * channels * b) inputs through a sequence of layers that decrease in width
by [nplp;—1/n], where nplr;_; is the number of nodes on the previous layer and n is the number
of logic gate (n = 2) or look-up-table (2 < n < 6) inputs. Each convolutional layer can have 2-7
LGN or LTN layers depending on the dataset, encoding scheme, and DWNN properties, where the
number of convolutional layers generally increases with model size. These detrimental scaling traits
are exacerbated by the loss functions of LGNs and LTNs, which are noisy and show low gradients
(Figure[d). This result highlights the need for efficient kernel designs for DWNN CNNs.

AS - Gap in Model Robustness Properties: While noise-robust DWNNs hold value in real-world
applications where sensor anomalies shift observations away from training distributions, study re-
sults indicate that DWNNSs are generally less robust than their DNN counterparts and realize fewer
robustness traits when scaling. Figure[d] compares the decay rate of model accuracy when injecting
S&P noise and occlusion of increasing degree (see Appendix [B). Generally, MLP and CNN models
can learn to obtain robustness against S&P and occlusion noise (e.g. smaller J3) at scale, though
LGNs and LTNs are often more robust on simple datasets for small parameter counts.

3The relatively low accuracy on CIFARI0 results from using sparse CNN architectures while excluding
batch normalization and dropout to ensure architectural consistency to the LGCNN and LTCNN architectures
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Table 2: Test accuracy of the models in Pang. The top, middle, and bottom values in each cell
represent the maximum, mean, and standard deviation of the test accuracy, respectively. Color scales
are unique per dataset to highlight the mean performance. The second row represents #Pget

Model MNIST FASHIONMNIST CIFAR10
010 05 1050 1055 000 010 05 050 1055 000 0o 0 050 1055 000
90.5% 95.0% 969% 97.8% 98.0% 83.0% 84.8% 859% 87.1% 87.1% 26.1% 334% 39.7% 43.1% 45.3%
MLP 66.7% [92:9% [96N% S7E% 66.1% [83.3% 852% 864% [86.3% 169% 24.0% 349% 402% |42.2%
+22.6% +1.4% +0.4% +0.3% +0.5% +20.5% +1.0% +0.4% +0.4% +0.7% +5.0% +4.6% +23% +1.9% +2.0%
722% 839% 90.7% 959% 96.8% 70.5% 783% 82.8% 852% 85.3% 323% 358% 384% 41.0% 41.4%
LGN 69.7% 80.8% 872% [980% 75.6% 68.7% 163% 81.7% 83.7% 68.3% 312% 349% 374% 38.6% 31.2%
*1.2% *1.5% *1.7% +3.7% +35.7% +0.7% +0.9% +0.7% +2.8% +29.2% +0.5% +0.5% +0.6% +6.8% *11.8%
85.6% 922% 964% 97.0% 969% 79.7% 83.1% 852% 854% 85.7% 374% 402% 412% 422% 39.6%
LIN 83.1% 90.3% [94.6% 775% 822% 843% 84.3% 80.7% 35.0% 388% 39.9% 38.6% 32.7%
*2.0% *1.2% *1.4% +0.8% *15.8% *1.3% +0.8% +0.6% +0.9% *13.7% +1.0% +0.8% +0.7% +2.0% +7.6%
98.6% 98.8% 99.0% 993% 98.7% 874% 88.8% 89.6% 89.7% 88.9% 573% 59.6% 604% 62.4% 54.8%
CNN 88.7% 87.7% 788% 83.7% 86.0% 882% 783% 40.6% 45.8% |488% |55Mi%l |43.8%
+18.4% *17.0% *18.1% +0.3% +28.2% +16.6% *15.1% +5.9% +0.9% +25.3% +11.0% +9.5% +9.6% +4.3% *15.0%
758% 869% 93.1% 949% 97.2% 712.0% 7192% 83.0% 86.3% 87.4% 312% 40.8% 456% 469% 44.6%
LGCNN 700% 757% 814% 76.9% [85.0% 63.9% 69.0% 748% T1.4% T41% 27.8% 31.6% 36.6% 33.5% 35.8%
+8.1% +17.6% +19.6% +23.4% +22.9% +7.6% +15.3% +14.0% *17.5% +19.9% +2.8% +6.9% +8.1% +9.3% +7.4%
86.5% 940% 95.0% 972% 97.8% 803% 84.0% 85.7% 814% 871.7% 432% 474% 504% 522% 48.9%
LTCNN 717% 16.6% 885% 82.5% [851% 71.9% 71.4% 79.8% 754% 164% 342% 36.5% |41.6% [41.1% 35.3%
+14.8% *#21.1% *11.5% +24.0% +22.8% +14.0% +13.5% +10.2% *17.3% +15.3% +7.1% +9.5% +6.5% +11.8% +11.6%
Amaxpyy  81%  37%  2.1%  15% 07%  44%  41% 37% 26% 18% 312% 262% 207% 193% 9.5%
Appyy 20% 13% 29% 12% 97% 126% 03% 07% 17% -80% 242% 215% 140% 155%  1.6%
Amaxioy  264% 149%  83%  34%  19% 169% 105% 6.8%  45%  3.6% 250% 239% 220% 214% 13.4%
Aprey 19.0% 135% 60% 49% 121% 101% 73% 42% 45% 100% 94% 109% 11.5% 17.1% 12.6%
Amaxiry  13.0%  65%  26%  23% 18% 1% 51% 45%  42% 32% 199% 194% 19.0% 202% 152%
N 56%  39% -14% 29% -48% 13% 15% 17% 39% -24% 56% 10% 89% 17.1% 11.1%

Table 3: Training time of the models in Pang. The top, middle, and bottom values in each cell
represent the maximum, mean, and standard deviation of the training time, respectively. Color
scales are unique per dataset to highlight the mean times. The second row represents # Py get

MNIST FASHIONMNIST CIFAR10
1040 1045 1050 1055 1060 1040 1045 1050 1055 1060 1040 1015 1050 1055 106-0

43 42 43 69 84 43 42 45 69 19 44 48 46 55 96
MLP 34 36 38 47 41 35 36 38 47 41 37 38 39 45 [66
+0.4 +0.3 +0.4 +1.1 *1.6 +0.4 +0.3 +0.4 +1.1 +1.6 +0.3 +0.4 +0.3 +0.6 +1.9
37 39 37 50 67 38 39 37 50 710 42 41 41 49 68
LGN 33 32 33 37 49 33 33 33 38 50 36 35 35 39 49
+0.2 +0.3 +0.2 +0.4 +0.6 +0.2 +0.3 +0.2 +0.4 +0.6 +0.3 +0.3 +0.2 +0.4 +0.6
37 36 42 53 53 37 37 43 54 52 39 40 46 52 54
LTN 32 33 35 40 45 32 33 36 40 45 35 35 38 41 45
+0.2 +0.2 +0.3 +0.6 +0.4 +0.2 +0.2 +0.3 +0.6 +0.4 +0.2 +0.3 +0.4 +0.5 +0.4
63 47 42 50 51 64 45 41 49 53 74 50 46 50 53
CNN 39 37 34 37 38 39 36 34 36 37 43 39 37 39 41
+0.8 +0.4 +0.3 +0.4 +0.6 +0.8 +0.3 +0.3 +0.4 +0.6 +1.0 +0.4 +0.4 +0.3 +0.6
127 333 809 1320 88.1 131 334 816 1408 877 127 361 787 1213 858
LGCNN 7.1 125 [B2B B9@ BO0S 72 127 (325 [399 1316 75 [137
+2.1 +8.9 +20.1 +33.0 +29.5 +22 9.1 +20.7 +36.2 +32.8 +2.0 +10.3 +20.0 +33.9 +29.0
119.1 821 100. 580 557 1189 71.1 1070 643 433 998 50.8 1165 525 36.6

LTCNN 80 [17.7 11.8 129 120 7.8 150 105 125 11.1 82 (154 108 126 10.6
£152 179 %170 99 114 51 134 £162 99 93  £127 123 xI7.0 83 79

Model

However, LGN, LTN, LGCNN, and LTCNN architectures tend to become more brittle (e.g. /3 in-
creases or remains constant) when model size increases. Note one exception is observed for LGNs
and LTNs, where models become more robust to occlusions for FASHIONMNIST. As these results
represent models trained without data augmentation, it is noteworthy that robustness improvves for
MLPs and CNNs but declines for LGN and LTN-based models at scale. This observation confirms
established findings by |Aleksander et al|(2009) which observe that generalization in WNNs tends
to decline with increase model size. Despite the value in letting DWNNs learn using backpropaga-
tion, this trait fails to achieve scaling-robustness properties of DNNs. While methods like “bleach-
ing” exist to mitigate such issues (Susskind et al.| 2022)), continued research could improve model
architectures and training strategies for discrete manifolds. While current research mimics DNN
architectures (e.g. LGCNN & LTCNN), focusing future work on developing noise-aware learning
mechanisms may fundamentally improve network robustness.
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Figure 3: MLP, LGN, and LTN loss surfaces # P;qrget = 10°, following work from (2018)
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Figure 4: Decay rate of models’ test accuracy when injecting S&P (top) and occlusions (bottom)

AD - Gap in Augmentation-Based Generalization: —Data augmentation generally increases a
model’s learned robustness by altering the training distribution to overlap with noisy samples, though
the AD study reveals a gap in the robustness gains realized for DWNNs. Table [d] shows baseline
accuracy and robustness measures (i.e. %ABase, SOce. Bases Bs&PBase) alongside changes realized
when training with data augmentation (i.e. A%A, ABoce., ABsep). Here, data augmentation gen-
erally has a minimal impact on test accuracy for the studied size range (e.g. -1.0% =+ 1.4% across all
variations) though shows varied impacts for robustness. Augmentation generally improves robust-
ness for MLPs, letting them surpass the performance of LGNs and LTNs across all size scales and
datasets excluding an anomaly on CIFAR10 when # P4y ger = 10°9. As MLPs generally benefit
the most from data augmentation and achieve the best robustness, it remains noteworthy that LGNs
retain the best S&P robustness both prior to and after data augmentation. Prior work developed
specialized salience maps for explaining LGNs, showing that LGNs generally learn to look for input
patterns which represent the class average for MNIST and FASHIONMNIST (Wormald et al} 2023])
rather than memorizing noisy samples. This observation may explain why LGNs are robust to S&P
and sensitive to occlusions - while S&P alters individual pixels that less frequently corrupt important
image regions, occlusions are more likely to cover sensitive regions learned from the class average.
Continued research could target the inefficiency gap in training DWNNs with data augmentation.
Comparing these results with prior findings may reveal an opportunity to use salience maps as an
indicator for brittle features and thereby inform training to improve robustness.
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Table 4: Testing accuracy and model robustness to occlusions and S&P noise for two target sizes.
“Base” indicates a parameter baseline when trained without augmentation, when “A” indicates the
change in a given metric when the same models are trained using data augmentation

MNIST FASHIONMNIST CIFAR10

Metric #Piarget  MLP LGN LTN MLP LGN LTN MLP LGN LTN

Y% ABase 10*° 93.5% 80.8% 90.3% 837% 763% 822% 24.0% 349% 38.8%

A%A 10%° 45% 20% -1.0% -04% -16% -2.6% +07% +0.6% -0.3%
%ABase 1050 963% 872% 949% 854% 81.7% 844% 349% 374% 39.9%
A%A 1050 -1.0%  -16% -25% -03% -17% -03% -13% -02% +1.2%
Boce. Base 105 0.080 0.068 0.069 0.037 0056 0.043 0.082 0.035 0.031
ABoce. 10%° -0.027  +0.001 -0.000 -0.009 -0.002 -0.002 -0.064 -0.005 -0.005
Boce. Base 10°° 0.077 0069 0.070 0.037 0.045 0.040 0.025 0.035 +0.036
Afoce. 1050 -0.028 -0.001 -0.004 -0.008 -0.002 -0.003 +0.053 -0.006 -0.008

Bs&p Base 10*? 4.073 1.766  3.259  3.186  1.661  2.671 3937  0.927 1.091
ABsap 10*? -2415 -0456 -2.046 -1.842 -0.574 -1470 -3408 -0.092 -0.238

Bs&p Base 1050 2879 2122 4768 3150 1941  3.168 0727  1.122  1.293
ABsep 10%° -1.639  -0.924 3344 -1.848 -0.809 -1.868 +6.682 -0.214 -0.324

AB&AFE - Gap in b-Sensitivity under Varied Encodings: While LGNs and LTNs derive less ben-
efit from data augmentation than MLPs, they can be more sensitive to encoding schemes and bit
depth. Figure [f]illustrates the improvement in model accuracy with increasing bit depth, expressed
as the b-sensitivity (A%A/Ab; Appendix EI) for both quantization and thermometer encodings.
Our findings show that thermometer encodings often improve A%A/Ab, which agrees with prior
work (Carneiro et al} 2013). However, the magnitude of improvement varies per model type. Quan-
tization improves accuracy only in certain regimes (e.g., b-sensitivity > 0 when # Piq;ger > 1072
for FASHIONMNIST), and tends to perform worse on average, though its disadvantages diminish
at larger model scales. While thermometer encodings provide consistent performance gains, they
introduce substantial bandwidth costs: for example, a 256x256 RGB image requires 196.6kB in
8-bit quantized form but 6.27MB using an uncompressed thermometer encoding. Even for smaller
datasets like CIFAR10 (32x32 RGB pixels), the required storage for thermometer encodings grows
from 3.1 kB/image (quantization) to 97.9 kB/image. These comparisons highlight a gap between
the practical data-handling efficiency of DNNs and DWNNs. While DWNNSs have achieved near-
SOTA performance on CIFAR10 with b = 5 (~1.9 kB/image), it is unclear whether such levels of
compression will scale to larger datasets with more classes, especially given the increasing repre-
sentational demands of real-world tasks. To lessen these gaps, future works may explore embedding
layers (e.g. n-input LTNs could adaptively learn encodings per pixel, where each pixel represents
an n-bit quantized value) and methods which improve performance while using smaller bit depths.

Aside from the gap in data efficiency, some attention may be drawn to DWNN performance on
CIFAR10, where LGNs and LTNs generally outperform their MLP counterparts regardless of bit
depth and encoding scheme. Hypothetically, MLPs may be expected to leverage the information
from larger b more effectively as each neuron holds the full input in its receptive field. Conversely,
each gate in LGNs and LTNs have significantly lower receptive fields (e.g. the state of a logic gate
two layers into an LGN depends only on 4 inputs). When pixels are encoded to multiple bits (i.e.
b > 1), information from each pixel may be split between independent sub networks in LGNs and
LTNs. It may be expected that splitting information between sub-networks and reducing a network’s
receptive field would reduce model performance for more complex datasets, though the opposite is
observed. These benefits may highlight value in researching ensembles of small DWNNs which
independently perform well on subsets of classes. While ensemble methods exist for classical RAM-

based WNNs (Lusquino Filho| 2021), systematic studies on DWNN ensembles remain limited.

AM - Gap in Model Performance when Using Learnable Mappings: Learnable mappings improve
model performance by enabling adaptive inter-layer connections in LGN and LTN architectures, but
can increase parameter counts and training times by an order of magnitude. Table 5] summarizes
the effects of learnable mappings across datasets, highlighting changes in test accuracy, training
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Figure 5: Mean test accuracy of LGNs, LTNs, and MLPs trained with varied bit depths across a
range of target sizes. The top row shows the bit depth sensitivity, where the bottom row show the
baseline accuracy when b=1

time, and model size. The impact on test accuracy depends on whether baseline models are close to
saturating model performance for a given dataset. Test accuracy increases across most model con-
figurations (6-20% depending on dataset and architecture), where LGNs benefit more consistently
than LTNs. Note the distribution of A%A for LTNs sometimes reduces the accuracy beneath base-
line performance (FASHIONMNIST and CIFAR10 when # Pi4;e+ = 10%-9) which is not observed
for LGNs. The marginal benefit of learnable mappings may be lower for LTNs as their baseline
accuracy is higher, perhaps because n > 2, so networks with randomly initialized interconnects
have a higher chance of routing information to improve performance compared to LGNs. However,
increasing n is costly. Learnable mapping introduce (npl; * npl;_1 * n) additional parameters per
layer, so the number of parameters tends to increase significantly more for LTNs. This growth in
parameters translates to longer training times, where smaller models experience a ~1.25X increase
and larger models may require up to 3X more time (e.g., LGN CIFAR10, size 10*-%). LGNs achieve
larger gains with smaller training-time penalties as n = 2, though the final accuracy tends to be
lower on average. Despite the performance improvement, there is a significant gap between the
number of parameters needed by DNNs and DWNNs to achieve comparable model accuracy on
simple datasets. MLPs can obtain comparable accuracies for MNIST and FASHIONMNIST while
using 2.9-48.4% of the parameters count (%#Pﬁin Table, though require 67-337% the number of
parameters to achieve comparable accuracies for CIFAR10. These observations show that learnable
mappings may improve or hinder the “parameter efficiency” (or the number of parameters needed to
reach a baseline performance) for certain problems, where there is a higher advantage for complex
datasets. Considering the complexity of real-world datasets, future research may explore model ar-
chitectures and training strategies which improve the parameter efficiency of learnable mappings to
simultaneously improving model accuracy while minimizing training times for complex datasets.

5 CONCLUSIONS

This work provides the first comprehensive benchmark comparing differentiable Logic Gate Net-
works (LGNs) and Look-Up Table Networks (LTNs) against traditional MLPs and CNNs across

4%(#13) is calculated as (#Puyp/# Pran, o) where # Pasrp is the number of parameters needed for
an MLP to achieve the test accuracy of DWNNSs trained using learnable mappings, as determined using linear
interpolation and extrapolation from entries in Table # Prcan and # P are determined from TableEl
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Table 5: Impact of learnable mappings on test accuracy, training time, and the number of parame-
ters. “B.” indicates baseline values, “A” represents how the baseline changed when using learnable
mappings. “M”, “F”, and “C” represent MNIST, FASHIONMNIST, and CIFAR10, respectively

Accuracy (%) Time (s) Logio(# Parameters)
B. A B. A B. A % (#P)

LGN  10*° 69.7 +(19.7+13) 328  +(2.14+0.6) 4.1 +(5.3+£0.00) 13.3%
M LGN 10*°% 812  +(13.8422) 326  +(4.5+2.0) 45 +(53x0.0) 347%
LTN 10%°  83.1  +(12.5£1.9) 324  +234+07) 42  +(6.7+0.0) 4.2%
LTN 104°  91.1  +(43£5.0) 3.33  +(11.9+10.9) 4.7 +(6.8+0.2) 3.9%

LGN  10*° 687 +(12.0£0.8) 330  +(2240.6) 41 +(534+0.0) 11.8%
LGN  10*° 76.6 +(84+12) 328 +(44+2.0) 45 +(53+0.0) 48.4%
LTN 104° 775 #(79+14) 326  +24+07) 42  +6.7+0.0) 5.4%
LTN 10%°  82.6  +(1.8+£3.8) 337 +(11.9+11.0) 4.7 +(6.840.2) 2.9%

LGN  10*° 313  +(9.6+0.6) 3.56 +(5.8£0.6) 4.1 +(5.9+0.0) 67.8%
c LGN 1045 351  +4(9.3£1.2) 3.53  +(12.6£1.3) 4.5  +(5.840.0) 337.4%
LTN 10*° 350 +(9.6+1.3) 348 +(11.8+1.4) 42  +(63+0.1) 159.2%
LTN 10%°  39.0 +(4.5+5.6) 3.62 +(22.8+9.7) 47 +(6.1£02) 1437%

Model Size

axes of scalability, robustness, and training efficiency. By introducing the LTCNN architecture
and the open-source wn?Architect library, we confirm that convolutional DWNNs can achieve
test accuracies competitive with standard DNNs on small-scale datasets. However, our systematic
evaluation across 4,350 model variations quantifies performance gaps that hinder the scalability of
DWNN:Ss to real-world applications. Key findings are summarized below:

The Scalability Gap: While the proposed LTCNN reduces training time by 2-4X compared to LGC-
NNs, both architectures scale poorly compared to standard CNNs. Large-scale DWNNSs suffer from
a 2.8-10X training time penalty and diminishing returns in accuracy, largely due to the depth of
logic-gate kernels and inefficient gradient propagation (Table2).

The Robustness Gap: Contrary to the behavior of MLPs and CNNgs, increasing the scale of DWNN5s
does not generally improve robustness. Our results confirm that scaled-up LGNs and LTNs tend to
become more brittle rather than learning generalized features. While LGNs demonstrate superior
intrinsic resistance to Salt-and-Pepper noise, they struggle significantly with occlusions (Figure [).

The Bandwidth Gap: Findings confirm that thermometer encodings improve performance (e.g.

A%A/Ab,) but this scheme imposes a memory bandwidth tax (increasing data size by ~32X for
8-bit images). Quantization avoids this cost but yields sub-optimal accuracy (Figure ).

Parameter Efficiency Gap: While learnable DWNN interconnects consistently improve maximum
accuracy (by 6-20%), they increase computational costs significantly (Table[5).

Future work should target the specific gaps in training efficiency, robustness, and parameter effi-
ciency quantified in this study. While developing optimized CUDA kernels for bit-wise operations
remains a practical necessity to replace heavy floating-point simulations (Petersen et al [2024),
fundamentally improving gradient stability requires architectural innovations, such as reducing the
depth of logic-gate kernels for LGCNNs and LTCNNs. Furthermore, to address the observed brit-
tleness in scaled models, the field must move beyond mimicking CNN architectures and instead
develop regularization techniques tailored to discrete manifolds. Promising research directions in-
clude: (1) investigating sparse initialization strategies to mitigate the computational costs of learn-
able interconnects; (2) replacing bandwidth-heavy thermometer encodings with learnable, adaptive
embedding layers which learn pixel-specific encodings; and (3) exploring how network saliency
maps could expose brittle feature to inform network training methods and improve robustness.

By resolving these fundamental gaps in training dynamics and representation, the field can move
closer to realizing the promise of DWNNSs: deep, robust, and interpretable logic networks capable
of operating efficiently in resource-constrained environments.

10
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A DETAILS ON THE MODEL ARCHITECTURE SEARCH

Architecture variations for Pag were selected by parameterizing each model type and using an
elitist evolutionary algorithm for neural-architecture search targeting selected model sizes. Figure
visualizes the high-level network architectures. The feed forward networks vary the number of
layers (L) and the nodes per layer (npl), where nply (the first layer) is permitted to decrease by
a factor of my; per layer (i.e. npliy1 = [npl; * mnpl]). Convolutional architectures use a set
of convolution blocks followed by a feed-forward network. The convolution block constrains the
number of convolutional layers (L), the number of kernels (/Ny) per L., and the kernel size, k.
While k is held constant across all kernels per architecture, N is increased per L. according to
Ni,i+1 = [Nk * mpy, | where 7 is the current layer, Ny o is selected by the search algorithm as
Ny, and my, is the kernel increase factor. The downstream forward network sets the initial nply
equal to the number of output features, where m;; adjusts the follower layers as before. Here, the
npl on the final layer is constrained to be divisible by 10 for LGN and LTN networks. Outputs are
passed into GroupSum and Argmax operations for the LGCNN and LTCNN networks, and to 10
output nodes for the CNN. Ranges for these parameters are defined to constrain the search space
S as defined in Table[I} where another parameter n defines the number of inputs per LTN, which
is held constant per LTN-based variant. Note the original LGCNN paper constrains the number of
input channels per kernel () to reduce the model size and improve training efficiency, which is
applied to the CNN, LGCNN and LTCNN networks and selected from the set {-, 1, 2, 4, 8}, where
“-” indicates all channels were used. Finally, each kernel in the LGCNN and LTCNN networks are
constructed as complete n-ary trees, or complete binary trees for LGCNN kernels, where inputs are
randomly mapped to the receptive field upon initialization.

Algorithm I| performs a constrained elitist guided random search over the parameter space .S to pro-
duce architectures Pscq1e = {A1, Aa, ..., Ay} where predicted parameter counts #P = size(A,)
are within a tolerance «y of the size target #P;,rgc¢. Each iteration draws a candidate either by
uniform random sampling or by mutating an elite from the pool E using a mutation operator M
with a linearly decaying noise o(...). If the error e = [size(Ay) — #Piarget| is less than +, the
candidate is added to the solution set 2. An elite pool E of up to B candidates is maintained with an
associated set of errors € which guides future sampling. When the pool is not full, new candidates
are appended, otherwise the worst elite is replaced if a newer candidate yields a smaller error. Sam-
pling balances exploration and exploitation via a fixed probability p = 0.25 to sample uniformly or
via elitist mutation with parent selection weighted by exp(—e/«). Feasibility is enforced through
explicit constraint checks and grid snapping for discrete parameters to ensure the number of outputs
is divisible by ten. The resulting distribution of parameters is displayed in Figure
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Algorithm 1 Size-constrained guided random search with elitist selection

Require: #P;,,qct, v, S, feasible set C' C 5, size(A,) : A, — N, p € [0, 1], max iterations M,
B, o, mutation operator M(A,,; o), projection Il : S — C
Ensure: set Q C C with |s(c) — #Prarget| <7
1L E<+0,e<0,Q+0
2: fort =0to M — 1do

3: if |©2] = N then

4: break

5: end if

6:  if E = () or Bernoulli(p) = 1 then

7: ¢ + ¢ (Uniform(S))

8: else

9: a < max{1l, median(e), #Piarger/ max(2, #Piarget) }
10 choose ¢ with P(i) o exp(—¢;/a); P < E;

11: ¢+ e (M(P;a(t)))
12: end if

13: e < |s(¢) — #Piarget |
14: if e < 7 then

15: Q<+ Qu{c}
16: end if
17: if |E| < B then
18: append c to F; append e to €
19: else
20: J ¢ argmax; €;
21: if e < ¢; then
22: E;«cej+ce
23: end if
24: end if
25: end for
26: return )
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Figure 6: Distribution of parameter counts for model architectures generated by the evolutionary
search algorithm
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B QUANTIZATION AND THERMOMETER ENCODING

All images were uniformly quantized prior to training in every study except the AF experiment.
Let = denote an input pixel value and b the number of quantization bits. The uniform quantizer is
defined as

Tquant = round(q}_xrnin . (2b _ 1)) ,

Tmax — Lmin

where xy,, and .5 are the minimum and maximum pixel values observed across the dataset.
The resulting integer code Tquant € {0, ...,2° — 1} is subsequently converted to a binary vector
representation and used as input for all model types.

For thermometer encoding with b bits per pixel, we use b thresholds fitted to the training data range.
Given a training dataset with pixel values in [Zin, Zmax], We define uniformly-spaced thresholds as

Ti:xmin"i‘lw%'(mmax_xmin)a (RS {1a2aab}
For normalized images where z.,;, = 0 and z,,x = 1, this simplifies to 7; = ﬁ for
i € {1,...,b}. The thermometer encoding T(x) € {0,1}" is defined element-wise as
T(x) = (1 > 7], 1z > 1), ..., [z > 7)),

This produces a monotonic encoding where higher input values yield longer contiguous runs of ones.
For example, with b = 2, we have 2 thresholds at {0.33,0.67}, yielding a 2-bit code, where a pixel
value x = 0.5 encodes as (1,0).
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C DECAY RATE ANALYSIS

To characterize robustness, denoted as 3, we introduce two forms of input perturbations: (i) rect-
angular occlusions with widths and heights ranging from 0 to 20 pixels, and (ii) salt-and-pepper
(S&P) noise occupying between 0% and 50% of image pixels. Figure illustrates the correspond-
ing degradation in test accuracy for the top five models targeting the 10° parameter scale. The top
row shows accuracy decay under increasing degrees of S&P noise, while the bottom row shows ac-
curacy decay as occlusion size increases. Each subplot corresponds to a different dataset, and each
curve represents one of the evaluated model classes (MLP, LGN, LTN, CNN, LGCNN, LTCNN).

In both perturbation settings, accuracy decreases smoothly and approximately exponentially as noise
severity increases. Following this empirical behavior, exponential functions of the form

y=Ae P* 4+ C
are fit to the decaying accuracy curves for each model. The parameter 5 quantifies the rate at which
test accuracy deteriorates with increasing perturbation strength: smaller values of /3 indicate higher
robustness, while larger values correspond to rapid degradation. These 3 values are then compared

across model families and parameter counts to characterize how robustness varies with model size
and architecture.
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Figure 7: Degradation of test accuracy in response to occlusion noise and S&P noise (top and
bottom rows, respectively) for the top 5 models targeting the size 10°, as ranked by test accuracy.
The occlusion range represents the maximum x and y dimensions of a given occlusion, sampled
randomly and independently. The occlusion is placed randomly in an image and replaces included
values with zeros. The degree of S&P noise represents the percentage of pixels replaced with either
salt or pepper noise, where masked pixels are randomly transitioned to salt or pepper noise with
50% probability

D BIT DEPTH SENSITIVITY ANALYSIS

To characterize bit-depth sensitivity, we evaluate how test accuracy changes as the bit depth ()
of the input encoding increases, where sensitivity is defined as A Accuracy/A b, representing the
slope of the lines observed in Figure [D] These trends illustrate how quantization (top rows) and
thermometer encoding (bottom rows) alter model performance when increasing the model scale
across MNIST, FASHIONMNIST, CIFAR10. Each subplot reports mean test accuracy over five
model architectures. Here, the bit depth represents the number of bits used to encode pixel values in
the respective encoding scheme (Appendix [B), where larger values of b make numerical values more
precise. The trends in Figure[D]fit with a linear equation of the form y = ma + ¢, where results are
summarized in Figure ] from the main discussion.
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Figure 8: Test accuracy as a function of bit depth for quantization (top) and thermometer (bot-
tom) encoding methods across three datasets (MNIST, FASHIONMNIST, CIFAR10) and five target
model sizes (# Piarget = 10% to 108 parameters). Each subplot shows results for MLPs, LGNs, and
LTNs. Plots show the mean accuracies across five runs
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E LGCNN AND LTCNN ARCHITECTURES

In this work, we benchmark two distinct classes of convolutional Differentiable Weightless Neu-
ral Networks (DWNNs): the Logic Gate Convolutional Network (LGCNN) and the Look-Up Ta-
ble Convolutional Network (LTCNN). Both architectures replace the affine transformations (dot-
products) characteristic of standard Deep Neural Networks (DNNs) with learnable, hierarchical
Boolean function approximators. Formally, for an input patch x € R" extracted from a local
receptive field, both architectures define a mapping K : RN — R composed of differentiable logic
units arranged in a tree topology. Table |[E] summarizes the structural and mathematical differences
between the two architectures. The primary distinction lies in the trade-off between node com-
plexity and graph depth: LGCNNs utilize simple nodes in deep graphs, whereas LTCNNS utilize
high-capacity nodes in shallow graphs.

Table 6: Mathematical Comparison of LGCNN and LTCNN Kernel Topologies

Feature LGCNN (Logic Gate Tree) LTCNN (Look-Up Table Tree)
Basis Function Expectation over 16 Boolean Operators ~ Continuous Relaxation of Truth Table
Graph Topology Complete Binary Tree (Arity 2) Complete n-ary Tree (Arity n)
Kernel Depth O(log, N) O(log,, N)

#Parameters per Node 16 (Weights for Softmax) 2™ (Table Entries)

The LGCNN extends the LGN to the convolutional domain, as introduced by [Petersen et al (2024).
The kernel is structured as a deep binary tree of learnable 2-input logic gates.

LGCNN Mathematical Structure: Let the receptive field of the kernel contain N = k x k x Cj,
inputs. The LGCNN approximates the local function via a complete binary tree of depth D =~
[logy N. The leaves of the tree are the input features, and internal nodes are differentiable binary
operators. Each node f; computes a function f; : [0, 1] — [0, 1]. During training, the operation is
relaxed probabilistically. Let B be the set of all 16 possible Boolean functions for two inputs. The
output of a node is defined as the expectation over B:

16
y=> pj-gilab) )
J=1

where a, b are inputs from child nodes, g; € B, and p; is a learned probability mass derived from a
softmax over learnable weights.

LGCNN Complexity and Gradient Flow: Because the tree is binary (arity n = 2), the path
length from the root to any input leaf scales logarithmically with base 2. For high-dimensional
inputs, this results in a deep computational graph, potentially subjecting the model to vanishing
gradient phenomena typical of deep architectures, as the error signal must traverse log, N non-
linear transformations to update the input layer weights.

The LTCNN generalizes the Boolean convolution introduced by [Petersen et al| (2024) by replac-
ing the binary tree with a hierarchical n-ary tree of differentiable Look-Up Tables (LUTs). This
architecture leverages the higher capacity of n-input LUTs (n > 2) to construct shallower, more
expressive kernels.

LTCNN Mathematical Structure: The LTCNN kernel is defined as a tree of differentiable LUTsS,
each with arity n. For a receptive field of size N, the topology is constructed recursively by reducing
the dimensionality by a factor of n at each layer. Consequently, the depth of the kernel is D ~
[log,, N|. Each node is parameterized by a real-valued truth table T € R2". For binary inputs
x € {0, 1}", the node acts as a direct indexing operation. During training, inputs are continuous,
and the lookup is relaxed via a multilinear interpolation or similar continuous extension, allowing
gradients to flow into the table entries T.

LTCNN Complexity and Gradient Flow: By increasing the arity of the nodes (typically n &
{3,...,6}), the LTCNN reduces the graph depth significantly compared to the LGCNN. For exam-
ple, with n = 4, the path length is halved compared to the binary case (log, N = 0.5log, IV). This
topological difference theoretically improves gradient signal preservation and reduces the number
of sequential non-linearities required to approximate complex Boolean functions over the receptive
field.
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F STATEMENT ON THE USE OF LARGE LANGUAGE MODELS

When producing the text in this publication, Large Language Models (LLMs) were used as a writing
tool to clean and refine the authors’ original text. Specifically, while the text was written primarily
by the lead author, LLMs were used to condense the verbiage of author-written figure captions,
identify grammatical errors, and check the clarity of mathematical notation.
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