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Abstract

Efficient deployment of machine learning models ultimately
requires taking hardware constraints into account. The bi-
nary logic gate is the fundamental building block of all
digital chips. Designing models that operate directly on
these units enables energy-efficient computation. Recent
work has demonstrated the feasibility of training randomly
connected networks of binary logic gates (such as OR and
NAND) using gradient-based methods. We extend this ap-
proach by using gradient descent not only to select the logic
gates but also to optimize their interconnections (the connec-
tome). Optimizing the connections allows us to substantially
reduce the number of logic gates required to fit a particular
dataset. Our implementation is efficient both at training
and inference: for instance, our LILogicNet model with only
8,000 gates can be trained on MNIST in under 5 minutes and
achieves 98.45% test accuracy, matching the performance
of state-of-the-art models that require at least two orders of
magnitude more gates. Moreover, for our largest architec-
ture with 256,000 gates, LILogicNet achieves 60.98% test
accuracy on CIFAR-10 exceeding the performance of prior
logic-gate-based models with a comparable gate budget. At
inference time, the fully binarized model operates with mini-
mal compute overhead, making it exceptionally efficient and
well suited for deployment on low-power digital hardware.

1. Introduction

In recent years, scaling up machine learning models has
driven major advances across real-world applications, en-
abled by specialized datacenter hardware [11]. In such
environments, hardware cost and energy consumption are
typically secondary concerns. As machine learning ma-
tures, however, there is growing interest in deploying models
on low-power, cost-sensitive edge devices [8], demanding
tighter co-design between model architecture and hardware
capabilities to extend AI beyond traditional datacenter set-
tings [2].
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Figure 1. Gate count vs. accuracy on the MNIST dataset. Our
models LILogic Nets achieve significantly higher accuracy for a
given gate budget compared to state-of-the-art baselines, lying well
above the Pareto front.

Up to now, machine learning models have largely relied
on matrix multiplication operations, which are efficiently
supported by high-level APIs and parallel processing on
hardware such as GPUs [6, 30]. In contrast, most compu-
tational hardware fundamentally operates on binary logical
gate operations. These binary operations are accessible in a
straightforward manner on virtually all hardware substrates,
including ASICs, FPGAs [15, 21], CPUs, and even micro-
controllers [4, 19, 28]. To exploit this dominance of binary
computation, it is desirable to design models that natively op-
erate on binary signals and logical gates, while maintaining
performance competitive with matrix-based counterparts.

One way to achieve such an evolution may be to engineer
advantageous replacements for components of state-of-the-
art machine learning models, such as dense fully connected
neuron layers (multilayer perceptrons or MLPs)[7] and con-
volution layers [16, 40]. It has already been shown that Log-
ical Gate Networks (LGNs), consisting of randomly-wired
layers of trainable two-input single-output logical gates, can
be trained end-to-end using gradient descent [22] and ap-
proach state-of-the-art results on various tasks, including
computer vision and tabular. These promising initial results
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relied on frozen connectomes, while the reported models,
e.g., used 104–105 gates for fitting MNIST [17, 22] and
104–106 for fitting CIFAR-10 [14, 22]. However, if MLP
parts of today’s deep networks are to be replaced by LGNs,
it is paramount to better understand and further optimize
these LGNs. To that end, we treat the connectome itself as a
differentiable, optimizable object.

Training of LGN connectomes has also been explored,
though only for tabular datasets and primarily from an
interpretability perspective [37, 38]. Yue and Jha con-
ducted extensive ablation studies covering input prepro-
cessing, straight-through estimators, Gumbel-softmax re-
laxation [20], and other training components. However, their
work was limited to relatively small LGNs—up to 2,000
gates—citing training slowdowns due to computational bur-
den, though without providing numerical measurements of
training time [38]. In contrast, our focus is on scaling up
LGNs and ensuring performant training at larger sizes, up to
two orders of magnitude greater in gate count. To this end,
we measure training efficiency and provide an open-source
implementation of our full framework.

We summarize our contributions as follows:
• We propose an open framework for jointly training both

the connectome and logical gate operations of a Logical
Gate Network (LGN) via gradient descent.

• Our framework includes a performant, cross-platform im-
plementation of the logical gate optimization module.

• As a case study, we introduce LILogic Net (Learnable
Interconnect Logic Network), a highly compact LGN
that achieves competitive accuracy on both MNIST and
CIFAR-10 while requiring minimal computational cost.
Our results demonstrate that LGNs can successfully learn

complex tasks when their connectomes are made learnable.
This suggests the potential for LGNs to serve as hardware-
native alternatives to traditional matrix-multiplication-based
models. Our LILogic Net achieves an average accuracy of
98.45% on MNIST using only 8,000 logic gates—at least
two orders of magnitude fewer operations than comparable
state-of-the-art models (see Figure 1). On CIFAR-10, our
model does not reach state-of-the-art accuracy but achieves
60.98% for the largest gate budget, outperforming other
LGNs that use roughly an order of magnitude more gates,
highlighting the effectiveness of learnable connectivity.

2. Related Work
Several key trends have emerged in related areas, partic-
ularly in sparsity-aware, binarized, and hardware-efficient
neural models. Binary Neural Networks (BNNs) [36], such
as XNOR-Net [25] and BinaryNet [9], showed that binary
weights and activations can significantly reduce memory and
computation costs with minimal accuracy loss. In parallel,
Quantized Neural Networks [10] reinforced the promise of
low-precision optimization. IR-Net [24] addressed infor-

mation loss in binary training via forward-backward tech-
niques like Libra Parameter Binarization and Error Decay
Estimators. ReActNet [18] improved binary model accuracy
through generalized activations. From a deployment perspec-
tive, FINN [31] introduced a scalable FPGA framework for
real-time BNN inference.

A related but conceptually distinct direction stems from
differentiable logic-based neural architectures, which struc-
ture computation around learnable logic gates instead of
weighted connections. Logic Gate Networks (LGNs), in-
troduced by Petersen et al. [22], demonstrated that logic
gate arrays—traditionally considered incompatible with gra-
dient descent—can be relaxed and trained using standard
deep learning methods. Even in their early form, LGNs of-
fered benefits over BNNs in terms of architectural simplicity,
interpretability, and hardware alignment. Subsequent work
explored both theoretical and practical aspects of LGNs. Yue
and Jha [37, 38] investigated interpretability in tabular data,
employing straight-through estimators, Gumbel-softmax,
and various preprocessing schemes. However, these early
LGNs were limited in size and not performance-optimized.
Recent work has addressed these limitations. Yousefi et
al. [35] improved training stability and gate utilization by
mitigating the discretization gap using Gumbel noise and
Hessian regularization. Petersen et al. [23] proposed Tree-
LogicNet, incorporating logic gates into convolutional win-
dows with logical OR pooling, achieving 99.35% accuracy
on MNIST and 86.29% accuracy on CIFAR-10—but at the
cost of using 2–4 orders of magnitude more gates than our
method. Although based on logical operations, TreeLogic-
Net retains CNN-like receptive fields and parameter sharing,
resulting in higher gate and operation counts. In contrast,
our design uses only logical gates, with gate count directly
reflecting computational effort, enabling greater efficiency.
Other contributions include the eXpLogic framework by
Wormald et al.[34], which enhances interpretability through
saliency maps and enables gate pruning with minimal accu-
racy drop. Kresse et al.[13] showed that LGNs are inherently
suitable for formal verification using SAT solvers, allowing
proofs of fairness and robustness. Clester [5] explored LGNs
for generative applications, such as music synthesis. On
the hardware side, Wang et al. [33] introduced four custom
RISC-V instructions to accelerate LGN inference. Their
design achieved 95.8% accuracy on MNIST using a compact
network of 18,000 logic gates and reduced runtime by over
87% compared to a standard RV32IM core.

3. Method

3.1. Differentiable Logical Gate Networks

Traditional Logic Gate Networks (LGNs) are sparse, weight-
less models built from binary logic gates (e.g., AND, XOR).
While highly efficient for inference, their discrete nature
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(a) Fixed Connectome (b) Fully Learnable Dense Connectome (c) Top-K Sparse Connectome (here K=2)

Figure 2. Overview of training-time interconnect strategies.

Figure 3. Inference pipeline: all logic gates and connections are
fully binarized, yielding a compact, deterministic circuit.

prevents gradient-based training, thus limiting scalability.
The Differentiable LGN framework introduced by Petersen
et al. [22] solves this by: (i) relaxing binary inputs to contin-
uous values in [0, 1], (ii) using probabilistic interpretations
of logic gates (e.g., A ∧B ≈ A ·B [32, 39]), and (iii) repre-
senting each node as a soft combination over all 16 2-input
Boolean functions, enabling learning via gradient descent.

This makes LGNs trainable with standard optimizers (e.g.,
Adam [12]), and—after training—easily discretizable to ef-
ficient, purely combinatorial LGNs, which means that they
have no ”memory” or ”state”.

We design an LGN architecture that jointly learns the
logic gate behavior and the structure of connections between
them (the connectome), enabling both efficient training and
inference. Our key methodological contributions are twofold:
(i) a more GPU-efficient gate representation, and (ii) a sys-
tematic comparison of several strategies for interconnect
optimization.

3.2. Model Architecture
Our models have 1–4 logic gate layers, each con-
taining a fixed number of gates selected from
{2K, 4K, 8K, 16K, 32K, 64K, 128K}. Each node re-
ceives two relaxed binary inputs and implements one of the
16 Boolean functions [26]. All layers share the same width
and interconnect strategy. We consider three strategies for
wiring between layers (Figure 2):
• (F) Fixed connectome: Each gate receives inputs from

a random subset of the previous layer. This mirrors the
original Differentiable LGN [22] and serves as a base-

line, typically requiring deeper or wider layers to match
accuracy.

• (L) Fully learnable dense connectome: For each node,
both of its two inputs are connected to all outputs of the
previous layer (or to the input vector for the first layer).
The connection weights for each input are parameterized
separately via a differentiable softmax.

• (Top-K) Sparse connectome: For each node, both of its
two inputs independently select K candidate connections
from the previous layer (or the input vector for the first
layer). During training, a softmax over the K candidates
produces a weighted combination for each input. We
experiment with K ∈ {2, 4, 8, 16, 32, 64, 128} to trade
off sparsity and expressiveness.
After training, all models are fully binarized. Each gate

selects its most probable logic gate and inputs (for L and
Top-K connectomes), yielding a fixed-size, deterministic
binary circuit suitable for efficient inference (Figure 3).

3.3. Dataset and Preprocessing
We evaluated our models on the MNIST and CIFAR-
10 datasets. The MNIST dataset consists of 60,000
training and 10,000 test images of handwritten dig-
its [17]. Each grayscale image of size 28 × 28 was flat-
tened into a 784-dimensional input vector and binarized
by applying a fixed intensity threshold of 0.25. The
CIFAR-10 dataset contains 50,000 training and 10,000 test
color images of 32 × 32 pixels across ten object cate-
gories [14]. For CIFAR-10, each RGB channel was pro-
cessed independently and binarized using fixed thresholds
[0.125, 0.25, 0.375, 0.5, 0.625, 0.75, 0.875]. The result-
ing binary maps from all channels were concatenated into
a single flattened vector, yielding an effective input dimen-
sionality of 21,504.

For data augmentation, we applied dataset-specific trans-
formations to improve generalization [29]. For MNIST, we
used the torchvision.transforms.v2 interface to
apply random rotation (±10◦), shear (up to 10◦), scaling (by
±10%), and elastic deformations with α = 64 and σ = 6.
Each augmented transformation was applied independently
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to generate 10 distinct copies of the training dataset, leading
to a 10× expanded training set. For CIFAR-10, we applied
standard natural image augmentations [27], including ran-
dom cropping to 32 × 32 with 4-pixel reflection padding
and random horizontal flips with 50% probability, expanding
the training set 8×. We note that the original DiffLogic Net
baseline [22] does not use augmentations. To enable a fair
comparison and isolate the effect of learnable connectivity,
we additionally perform evaluations of our models against
versions with fixed connectomes under the same augmenta-
tion settings.

The validation set was constructed by applying only re-
sizing and binarization (i.e., no augmentation) to the original
training images, and the same preprocessing was used for
the test set. A fixed random seed ensured reproducibility of
the dataset splits and augmentation pipeline.

3.4. Training and Inference
All models were trained for 200 epochs using the Adam opti-
mizer [12] with a learning rate of 0.075, a batch size of 256,
and no additional regularization such as dropout or weight
decay. Our experiments focus purely on the architectural
and interconnect design choices, especially different sparsity
regimes, and aim to isolate their effect without the influence
of external regularizers. Top-K interconnect variants act
implicitly as a form of regularization by constraining the
connectivity space.

3.4.1. Timing measurements
Reported training times include the full training procedure
with validation but exclude the initial data loading and the
online generation of augmented samples. This ensures that
the reported times reflect only the model’s forward and back-
ward passes during training.

3.4.2. Differentiable Relaxation
To enable gradient-based training of logic gate selection,
each node is parameterized by a vector of 16 real-valued
weights, w ∈ R16, representing logits over the space of
all 16 possible binary logic gates. These logits are trans-
formed into a probability distribution via the softmax func-
tion, scaled by a temperature parameter τg [1], which we
kept fixed at τg = 1 in all our experiments:

p = softmax(τg ·w), pi =
exp(τg · wi)∑
j exp(τg · wj)

. (1)

The resulting probability vector p ∈ ∆15 lies in the 15-
dimensional probability simplex, meaning that all entries
are non-negative and sum to 1:

∑16
i=1 pi = 1, pi ≥ 0. This

formulation treats gate selection as a categorical distribution
that can be trained end-to-end using standard backpropaga-
tion. Instead of evaluating each of the 16 gates individually
(e.g., A ·B for A ∧B), we project this softmax-normalized

gate distribution into a lower-dimensional functional basis
space, enabling more efficient computation and improved in-
terpretability. Specifically, the vector p is linearly projected
via a fixed matrix W16→4 ∈ R4×16, yielding:

c = W16→4 · p, where c = [c1, c2, c3, c4]
⊤ (2)

are the coefficients for the basis {1, A,B,A ·B}.
The gate’s continuous output is then computed as:

outputg = c1 + c2A+ c3B + c4(A ·B). (3)

The fixed projection matrix W16→4 is given by:

W⊤
16→4 =



Operator 1 A B A ·B
False 0 0 0 0

A ∧B 0 0 0 1
¬(A ⇒ B) 0 1 0 −1

A 0 1 0 0
¬(A ⇐ B) 0 0 1 −1

B 0 0 1 0
A⊕B 0 1 1 −2
A ∨B 0 1 1 −1

¬(A ∨B) 1 −1 −1 1
¬(A⊕B) 1 −1 −1 2

¬B 1 0 −1 0
A ⇐ B 1 0 −1 1

¬A 1 −1 0 0
A ⇒ B 1 −1 0 1

¬(A ∧B) 1 0 0 −1
True 1 0 0 0



(4)

This formulation offers several advantages. First, it al-
lows efficient parallel computation using dense matrix oper-
ations, leveraging GPU acceleration. Implementation does
not require platform specific (CUDA) code thus it is more
portable. Second, it avoids evaluating 16 separate Boolean
functions for each gate, improving training speed and re-
ducing memory usage. Third, the decomposition into basis
functions enhances interpretability by exposing the contribu-
tion of each term (e.g., A vs. A · B). Finally, it provides a
flexible foundation for extending the logical expressivity to
higher-order gates in future work.

3.4.3. Learnable Interconnections
For the learnable interconnect strategies (Top-K and L), we
similarly employ a softmax distribution over input weights
to determine input pairings for each gate. For Top-K, a
fixed number of candidates K are preselected per gate at
initialization, and only the softmax weights over those con-
nections are trained. For the Fully Learnable strategy, the
softmax is applied across all possible inputs, resulting in
higher memory and computation costs.

To control the softness of this selection process, we in-
troduce a separate temperature parameter τc for connections.
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However, in our experiments we kept τc = 1 and varied
sparsity directly using the K value, which provides more
explicit control.

3.4.4. Binarization
After training, we convert the network into a discrete,
inference-efficient form by binarizing both gate selection and
interconnections. This is done by selecting the maximum
probability option (the mode) from the softmax distributions.
In practice, this means that each logic gate uses a fixed pair
of binary inputs and computes a single Boolean function.
Regardless of the training strategy, every node uses exactly
two binary inputs at inference time, allowing the model to
operate entirely in Boolean logic without any floating-point
computation. This discretization ensures that the model be-
comes extremely fast and memory-efficient during inference,
benefiting applications in embedded or hardware-constrained
environments.

3.4.5. Classification Strategy
We adopt a probabilistic majority-voting scheme for classi-
fication. The output layer consists of n binary logic gates
(e.g., 1,000), evenly divided into k groups corresponding
to the k output classes (e.g., 10). During inference, each
group counts the number of ‘1’ activations, and the predicted
class is the one with the highest count. During training, soft
outputs are aggregated per group, and the model is optimized
using softmax cross-entropy loss. The sharpness of the soft
logic activations is controlled by a global temperature pa-
rameter τ , which was empirically tuned for each layer width.
The parameter τ affects both convergence and final accuracy,
and was selected based on the results of a parameter sweep
(see Sec. 4.2.4). We use classification accuracy as the eval-
uation metric, as MNIST and CIFAR-10 are balanced and
accuracy effectively captures model performance.

4. Experiments
4.1. Training Time Comparison: Full Gate Evalu-

ation vs. Basis Projection
To assess the computational benefits of the proposed
projection-based gate evaluation, we compare the total train-
ing time on the MNIST dataset (for an NVIDIA A4000
GPU) between two strategies:
• Full Gate Evaluation (FullEval): Each of the 16 logic

gates is evaluated individually per node.
• Basis Projection (BasisProj): A single projection into

the {1, A,B,A · B} basis using a fixed matrix W16→4

replaces per-gate evaluation.
We evaluate six configurations, defined by the number of

fixed connectome layers (1F, 2F, 3F) and layer width (8,000
and 32,000 nodes).

As shown in Table 1, using basis projection significantly
reduces total training time across all tested configurations.

Width Type FullEval BasisProj Speed-Up

1F 2.13 1.13 1.89×
8,000 2F 4.75 1.60 2.96×

3F 7.47 2.21 3.38×
1F 9.97 2.92 3.41×

32,000 2F 20.78 5.44 3.82×
3F 31.63 7.99 3.96×

Table 1. Full training time (in minutes) and speed-up using basis
projection over full gate evaluation. Results are shown for the
MNIST and averaged over 10 runs with ≤ 0.1 min variability.

The benefit becomes increasingly pronounced with deeper
and wider architectures. For instance, in the 32,000 / 3F con-
figuration, the projection-based approach completes training
nearly 4× faster than the full gate evaluation. This speed-up
stems from avoiding 16 separate logic gate computations
per node in favor of a single dense matrix-vector multiplica-
tion—an operation highly optimized for modern accelerators.
Overall, these results demonstrate that our differentiable
projection-based formulation is not only interpretable and
expressive but also scalable and efficient for large models.

4.2. Interconnect Strategy Analysis
We performed extensive experiments on the MNIST dataset
using architectures with 1–4 layers and widths ranging from
2K to 32K, exploring various connectome variants. MNIST’s
low computational cost allowed us to thoroughly analyze
these designs, providing insights that informed the selection
of a reduced set of architectures for CIFAR-10 experiments.
Test accuracy was measured at binarized inference, averaged
over 10 runs for 1–2 layer models and 5 runs for 3–4 layer
models, with per-run statistics and training times reported in
the appendix. All MNIST experiments were conducted on
an NVIDIA A4000 GPU.

4.2.1. Empirical Comparison Across Layer Widths and
Depths on MNIST

As shown in Table 2, random and non-trainable F intercon-
nects, consistently perform the worst. Their inflexibility re-
quires significantly wider or deeper networks to achieve mod-
erate accuracy, illustrating the limitations of static wiring.
Top-K sparse interconnects, on the other hand, deliver strong
results across nearly all configurations. Even under extreme
sparsity (e.g., Top8), models reach over 98.6% accuracy
when wide or deep enough, outperforming L interconnects
in many regimes. The best-performing configuration over-
all—a Top32 model with two 16K-wide layers (2Top32-
16K)—achieves 98.95% accuracy. Notably, Top-K models
continue to improve with additional depth, unlike L-type ar-
chitectures, whose performance tends to saturate or decline
beyond two layers due to overfitting or training instability.
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Layer
Width

Layer
Type 1 2 3 4

2,000

F 87.09 90.82 93.69 95.38
Top8 94.29 96.97 97.47 97.59
Top32 96.38 97.50 97.83 97.71
Top128 97.02 97.66 97.67 96.92
L 97.25 97.37 96.13 92.00

4,000

F 90.16 93.28 95.77 96.90
Top8 96.27 97.91 98.13 98.22
Top32 97.54 98.17 98.38 98.29
Top128 97.94 98.28 98.30 97.56
L 97.96 98.11 97.02 94.41

8,000

F 91.48 94.83 96.83 97.69
Top8 97.17 98.43 98.60 98.63
Top32 98.15 98.63 98.77 98.72
Top128 98.39 98.67 98.72 97.94
L 98.45 98.62 97.87 96.81

16,000

F 93.16 96.43 97.82 98.34
Top8 98.15 98.74 98.80 98.87
Top32 98.50 98.95 98.86 98.73
Top128 98.55 98.89 98.84 98.23
L 98.58 98.82 - -

32,000

F 94.74 97.41 98.27 98.52
Top8 98.41 98.75 98.78 98.76
Top32 98.58 98.83 98.84 98.89
Top128 98.51 98.91 98.83 97.77
L 98.52 - - -

Table 2. Test accuracy results on MNIST across different layer
widths and number of layers for various gating methods. The
results are averaged over 10 runs for 1-2 layer models and 5 runs
for 3-4 layer models, all with ≤ 0.1% variation. Bolded values
indicate the best performance per block.

Figure 4 illustrates how test accuracy scales with depth for
different interconnect strategies and layer widths. Notably,
even under aggressive sparsity (Top8), models consistently
outperform F interconnects across all depths—even with re-
duced layer width. For instance, a 2Top8-2K model achieves
96.97%, surpassing the 2F-8K model (94.83%). L inter-
connects attain slightly higher accuracy at shallow depths
(e.g., 98.45% for 1L-8K), but their gains saturate quickly.
In contrast, Top8 models continue to improve with added
depth, highlighting that sparse, learnable connectivity not
only generalizes well but also scales more effectively than
static or dense alternatives.

4.2.2. Convergence of Top-K to Fully Learnable Connec-
tivity

Figure 5 presents a representative case on the MNIST dataset
of a 1-layer model with 2K gates, illustrating how Top-K
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Figure 5. Convergence of 2K-width Top-K test accuracy to L-type
connectivity as K increases.

sparse interconnect performance improves with K, approach-
ing that of the fully learnable (L) connectome. Accuracy
rises quickly for small K and saturates as K increases; a lo-
gistic fit in log2(K) space captures this trend. For K ≥ 128,
performance nearly reaches the fully learnable ceiling, re-
flecting the general trade-off between sparsity and accuracy.

4.2.3. Sparse Interconnects as Compositional Depth

Sparse interconnect strategies such as Top-K restrict each
logic gate to operate on only a small subset of input pairs
(e.g., 8 for Top8). While this limits the expressivity of a
single layer, stacking layers expands the effective receptive
field. In principle, an N -layer Top-K network can access
up to KN input paths—an upper bound that reflects the
combinatorial breadth introduced by depth, even though
each gate receives only two inputs at inference. Thus, depth
enables sparse LGNs to recover some of the flexibility of
denser interconnects at much lower cost. For example, two
Top8 layers can, in the best case, reach up to 64 input paths,
though the learned wiring may cover only part of this space.
Depth therefore serves as an effective way to capture richer
dependencies while maintaining hardware-efficient sparse
connectivity.
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Figure 6. Test accuracy as a function of τ for 2K-width models.
Used as a reference for choosing temperature values.

4.2.4. Sensitivity to Temperature Parameters
We explored the impact of the global softmax temperature τ
and observed that it needs to scale with layer width. Based
on trends exemplified in Figure 6 (for 2K-width architectures
on MNIST), we selected τ = 4 for 2K layers, τ = 5 for
4K layers, and τ = 10 for 8K, 16K, and 32K layers. For
the more complex CIFAR-10 dataset, higher values were
required, with τ = 20 for 8K layers, τ = 90 for 64K and
τ = 100 for 128K layers. These values were empirically
chosen to balance smooth gradient flow during training and
confident gate assignments post-binarization. Lower values
caused overly sharp distributions too early, leading to van-
ishing gradients, while excessively high values resulted in
unstable training due to overly flat distributions.

4.3. Trade-offs Between Depth and Top-K Sparsity
Under Gate Budget Constraints

To assess architectural efficiency under realistic hard-
ware constraints, we evaluate models with equal total
gate counts—a key factor when logic-level resources and
inference-time connectivity are fixed. Table 3 presents a
comparison of the top-performing Top-K against L connec-
tome (selected from Table 2) , across gate budgets ranging
from 2K to 32K. We analyze the impact of depth, width, and
interconnect strategy on test accuracy and training time.

A similar comparison for the CIFAR-10 dataset is in-
cluded in the appendix, focusing on a more selective set of
architectures informed by insights derived from the compre-
hensive MNIST experiments.

4.3.1. Effect of Layer Configuration at Fixed Budgets on
MNIST

At small budgets (2K–8K gates), L architectures perform
surprisingly well. For example, the 1L–4K model achieves
97.96% accuracy, outperforming deeper or sparser Top-K
variants of the same size (e.g., 2Top128–2K with 97.66%).
These results suggest that at limited scale, increasing width
offers more gain than depth, and dense optimization helps

#gates Model Layer
Width

Test
Acc.[%]

Train
Time [min]

2,000 1Top128 2,000 97.02 5.6
1L 2,000 97.25 5.0

4,000

2Top128 2,000 97.66 17.6
2L 2,000 97.37 4.1
1Top128 4,000 97.94 8.0
1L 4,000 97.96 2.5

8,000

4Top32 2,000 97.71 10.8
4L 2,000 92.00 8.5
2Top128 4,000 98.28 33.1
2L 4,000 98.11 10.8
1Top128 8,000 98.39 16.2
1L 8,000 98.45 4.3

16,000

4Top32 4,000 98.29 19.4
4L 4,000 94.41 27.4
2Top128 8,000 98.67 82.4
2L 8,000 98.62 4.4
1Top128 16,000 98.55 42.3
1L 16,000 98.58 7.8

32,000

4Top32 8,000 98.72 55.5
4L 8,000 96.81 101.4
2Top32 16,000 98.95 57.1
2L 16,000 98.82 154.9
1Top32 32,000 98.58 24.2
1L 32,000 98.52 15.0

Table 3. Test accuracy for different total gates counts. Bold indi-
cates best in each block.

make better use of constrained capacity. However, as gate
budgets grow, Top-K models begin to dominate. For in-
stance, the 2Top128–8K configuration reaches 98.67%, out-
performing both 2L–8K (98.62%) and 1L–16K (98.58%).

A key observation is that 1-layer and 2-layer models
frequently outperform 4-layer ones of the same gate count
(e.g., 2Top128–8K vs. 4Top32–4K), indicating diminishing
returns from excessive depth when width and sparsity are
appropriately balanced. However, 1-layer wide models often
underperform their 2-layer equivalents at higher budgets,
indicating that once sufficient gates are available, added
depth becomes beneficial.

Interestingly, denser L-type models often train faster than
sparse Top-K counterparts (e.g., 1L–8K takes 4.3 min vs.
1Top128–8K at 16.2 min). Although fully learnable intercon-
nects are theoretically more memory- and compute-intensive,
this runtime difference likely arises from more efficient GPU
support for dense matrix operations compared to sparse,
index-heavy patterns.
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Method Acc [%] #Gates ∆Acc/G
[×10−5]

FINN LFC [31] 98.40 5.28 M 0.16
DiffLogic Net-S [22] 97.69 48 K 16.02
DiffLogic Net [22] 98.47 384 K 2.21
LogicTreeNet-S [23] 98.46 147 K 5.76
LogicTreeNet-M [23] 99.23 566 K 1.63
LogicTreeNet-L [23] 99.35 1.27 M 0.74
TTNet-S [3] 97.44 34 K 21.88
TTNet-L [3] 98.32 188 K 4.43
RV-LGN [33] 95.80 18 K 32.22
eXpLogic [34] 91.20 5 K 24.00

LILogicNet-S (ours) 97.96 4 K 199.00
LILogicNet-M (ours) 98.45 8 K 105.63
LILogicNet-L (ours) 98.95 32 K 27.97

(a) MNIST

Method Acc [%] #Gates ∆Acc/G
[×10−5]

FINN CNV [31] 80.10 901 M 0.003
DiffLogic Net-S [22] 51.27 48 K 2.65
DiffLogic Net-M [22] 57.39 512 K 1.44
DiffLogic Net-L [22] 60.78 1.28 M 0.84
DiffLogic Net-largest [22] 62.14 5.12 M 0.24
LogicTreeNet-S [23] 60.38 400 K 2.60
LogicTreeNet-L [23] 80.17 61 M 0.05
TTNet-S [3] 50.10 565 K 0.02
TTNet-L [3] 70.75 189 M 0.01
RV-LGN [33] 51.30 36 K 3.61

LILogicNet-S (ours) 55.11 8 K 63.88
LILogicNet-M (ours) 57.66 64 K 11.97
LILogicNet-L (ours) 60.98 256 K 4.29

(b) CIFAR-10

Table 4. Accuracy vs. gate count comparison for (a) MNIST and (b) CIFAR-10. ∆Acc/G indicates the accuracy gain per gate: for MNIST
over a 90% baseline; for CIFAR-10 over a 50% baseline. LILogicNet models achieve higher ∆Acc/G compared to prior work.

4.3.2. LILogic Net: Accuracy-Efficiency Pareto Front
Based on accuracy, gate count, and training time, we identify
three efficient design points. For the MNIST dataset:
• LILogicNet-S: 1L–4K (97.96%, 2.5 min),
• LILogicNet-M: 1L–8K (98.45%, 4.3 min),
• LILogicNet-L: 2Top32–16K (98.95%, 57.1 min).
For the CIFAR-10 dataset:
• LILogicNet-S: 1L–8K (55.11%, 45 min),
• LILogicNet-M: 1L–64K (57.66%, 2 h 20 min),
• LILogicNet-L: 2Top32–128K (60.98%, 4 h 57 min).
These configurations offer strong performance at minimal
hardware and time cost, making them ideal candidates for
practical deployment.

4.4. Comparison with previous work
Table 4 compares LILogicNet with prior logic-based mod-
els on MNIST and CIFAR-10. On MNIST, LILogicNet-S
achieves 97.96% with 4K gates, outperforming DiffLogic
Net-S (97.69%, 48K gates). LILogicNet-M reaches 98.45%
with 8K gates, matching larger models such as LogicTreeNet-
S (147K) and DiffLogic Net (384K). LILogicNet-L at-
tains 98.95% with 32K gates, approaching LogicTreeNet-
M/L (566K/1.27M). RV-LGN and eXpLogic use few gates
(18K/5K) but achieve lower accuracy (95.80%, 91.20%),
highlighting the challenge of compact high-performance
designs. Overall, LILogicNet extends the Pareto frontier,
offering competitive accuracy at minimal hardware cost.

For CIFAR-10, all LILogicNet variants—S, M, and
L—outperform their corresponding DiffLogic Net baselines
(S, M, and L) while using an order of magnitude fewer
gates. The largest variant, LILogicNet-L, also surpasses
LogicTreeNet-S in accuracy, despite being much smaller.

Although the largest DiffLogic Net and LogicTreeNet-L
models achieve higher accuracy, they rely on much larger
architectures. In this work, we limited our exploration to
models of up to 256K gates due to hardware memory con-
straints, which we plan to address in future extensions to
evaluate larger configurations.

5. Conclusion

We introduced LILogic Net, an efficient logic gate network
that jointly learns gate functions and their interconnections.
By optimizing the connectome during training and employ-
ing a projection-based gate evaluation, our models achieve
fast, stable convergence without compromising accuracy.
For instance, the 8K-gate LILogicNet-M reaches 98.45% on
MNIST in only 4.3 minutes, outperforming prior logic-based
models that use up to two orders of magnitude more gates.

Our design favors simplicity over heavy regularization or
handcrafted initialization, yet the models generalize strongly,
indicating substantial untapped optimization potential. Fu-
ture extensions—such as dropout, weight decay, alternative
scaling, or custom normalization—could further enhance
robustness and training efficiency.

Although CIFAR-10 experiments were limited by hard-
ware, they already demonstrate scalability to more complex
data. Planned improvements with custom-optimized kernels
will enable larger models and deeper architectures.

Overall, LILogic Net lays a strong foundation for effi-
cient, interpretable, and hardware-friendly logic networks,
bridging symbolic computation and modern neural design.
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