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Abstract.

Dropout is a widely used stochastic regularization technique, yet it over-
looks structural dependencies within feature maps. We introduce PB-
EDropout, an energy-based approach that preserves low-energy spatial
patches within each channel while suppressing the rest. During training,
candidate masks are sampled from Gibbs distributions and refined us-
ing genetic operators, and a running exponential moving average yields
deterministic masks for inference. Experiments on shallow CNNs demon-
strate that PB-EDropout consistently improves test accuracy over stan-
dard dropout, remains effective even with frozen masks, generates inter-
pretable visualizations of discriminative features and are available here
https://github.com/Tom-Dvk/PB-EDropout/tree/main.

1 Introduction

Deep learning architectures achieve remarkable performance across tasks but of-
ten suffer from redundancy and overfitting. Traditional dropout [I] mitigates
overfitting by randomly omitting neurons, weights, or activations, reducing co-
adaptation and improving generalization [2]. Beyond this, dropout has connec-
tions to ensemble learning and Bayesian inference [2], and structured variants
such as Spatial Dropout [3] and Stochastic Depth [4] introduce randomness at
the feature map or layer level. Adaptive schemes like Variational and Concrete
Dropout [B] enable the network to learn data-dependent dropout probabilities.
These ideas extend to Vision Transformers, where selectively dropping redundant
visual tokens improves efficiency and generalization [6]. In CNNs, structured,
data-driven methods such as DropCluster [7] enforce adaptive regularization by
dropping correlated activations. Energy-based Dropout (EDropout) [§] further
reframes dropout and pruning as an energy minimization problem, optimizing
low-energy subnetworks.

Contributions. Building on the NeuroGame framework [9], which mod-
els neuronal cooperation via game theory and statistical physics, we introduce
PB-EDropout, a topology-aware regularization method that bridges stochastic
dropout with energy-based selection. Unlike EDropout [§], which computes en-
ergy from individual weights, PB-EDropout defines localized energy fields over
neighboring neurons or patches, capturing spatially correlated activations and
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emphasizing local structure. Additionally, unlike conventional dropout that only
deactivates neurons during training, PB-EDropout preserves the pruning effect
at inference, ensuring consistency while reducing the active network size.

2 Method

Algorithm 1: Energy-based patch dropout with population evolution

Input: batch x € RVXEXHXW satch size k, keep rate p, population size S,
mutation rate p, feedback rate n. Init G

1 foreach channel c € 1..C' do

2 Extract patches: X, <— P(x.) with kernel and stride k

3 Compute energies F; , and oy

4 Convert to Gibbs scores Pr(X; ,, | Tt)

5 for candidate s € 1..5 do

6 Add small noise from a Gaussian N (u, o2) to Pr, select top-K
patches, form m(® € {0,1}V*F

7 Compute S(m(s))

my < argmin, & (m*))
foreach mask m® do
10 Flip bits with probability p to obtain m/

11 | Set T?LESZZ =1[(1 = p)mi,, + pmu,ip > 0.5]

12 Update global proxy G: and .
13 Update EMA of best mask for channel ¢ from my,
14 Apply my to reconstruct masked activations: . = .F(mb ® "P(:cc))

15 Concatenate channels: T = concat. Ze.
Output: masked feature maps 7.

We reinterpret dropout as a structured, energy-based selection acting on spa-
tial patches of neurons rather than on individual units. Given a batch of con-
volutional feature maps 2 € RVXCXHXW "where N, C, H and W denote batch
size, channels, height and width, respectively, our module processes each chan-
nel independently and applies a patch-wise masking layer prior to max-pooling.
This section first introduces the NeuroGame-inspired energy model and local se-
lection, followed by the population-based evolution mechanism. The procedure
follows consists of six steps:

1- Patch extraction. For each channel ¢ € 1..C', we extract non-overlapping
patches X of size k x k with stride k. Let P denote the patch extraction operator

applied to feature map z.: P(z.) = [Xen,...,Xep] € REXFF [ = HI
where L is the number of patches per channel B After selection, the retained
patches are folded back into the original spatial grid, producing a masked feature
map of size H x W.

2- Patch energy (Ising-inspired local consistency). For each channel,
a feature map is divided into patches X € R¥** We assign an Ising-inspired

1In all experiments, H and W are multiples of k. For example, on MNIST, feature maps
of size 24 X 24 with k = 2 yield L = 12 x 12 patches.
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energy:

E(X;at,ﬁ):atZ— + B Z

pex P pacx TPT ‘

(1)

where p indexes spatial locations and (p,¢) denotes all 8-neighbor pairs inside
the patch. Large activations and coherent products x,z, yield low energy, so
low-energy patches correspond to strong, locally consistent responses. For each
channel, this produces a per-sample, per-patch energy matrix £ € RV*L. The
single-site weight «; is adapted during training. Let G; be an exponential moving
average (EMA) of a loss proxy (defined later); with feedback rate n > 0 we set

= 0.1(1 + 77Gt). When patches are harder to remove (larger proxy), Gy
increases, raising a; and tightening the selection pressure.

3- Gibbs probabilities and te Berature schedule. For each channel, we
obtain an energy matrix E € RV*E where E;, is the energy of patch p for

sample 7. To enable stochastic exploration, these per-sample patch energies are
converted into Gibbs probabilities with a temperature T; that decreases during

training:
exp(—F; /T, c
Pr(X,, | T) = 2 E/T) e
Zj:l exp(—E; ;/T) In(1 + 1)

Initial population (top-p% sampling). A population of S candidate masks is
generated from the Gibbs probabilities. For each candidate s € 1..5, small noise
is added to the probabilities, and the top-p% lowest-energy patches are retained,
(s) 1, if patch p belongs to the noisy top-p%,
producing binary masks: m; ;5 = .
0, otherwise,

4- Population evolution: mutation, crossover, and selection. Energy-
based ranking alone can be unstable, as small variations may shift which patches
are selected. To stabilize selection, we refine the S noisy candidates through a
lightweight evolutionary step operating in the discrete mask space {0,1}V*L.
Each mask m is scored using the proxy

L

N
1 L1
= 5 27 2 MXip = mapXiplh,
i=1 p

=1

which measures the amount of activation mass removed. The best candidate
over s € 1..S is my, = argmin, £(m ).

Mutation and crossover. Masks are perturbed by random bit flips with rate
p, and the mutated mask m’ is blended with the best mask to produce the next
generation: 7, = 1[(1 — p)m) pTPMbip > 0. 5] . The feedback variable is up-
dated via an EMA of the population’s average proxy, Gi+1 = (1 — )Gy + n €&,
where £ = & Zle £(m®), which in turn modulates the single-site weight c;.

5- EMA and inference masks. For each channel, we maintain an EMA
tracking how frequently each patch is selected by the best training mask. At
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Table 1: Comparison of models by best validation accuracy and loss. Mask% is
the patch-masking ratio.

MNIST CIFAR-10 CIFAR-100
Model Acct Loss| Mask% Acct Loss| Mask% Acc? Loss| Mask%
Baseline / No Dropout 99.290 0.0227 0% 77.230 1.1954 0% 47.050 3.2010 0%
Classic Dropout 99.270  0.0240 0% 77.350 0.7808 0% 45.140 2.3475 0%

PB-EDropout-Mask (ours) 99.380 0.0189 15.28 77.530 1.1944 15.31 47.240 3.1711 15.31
PB-EDropout-Full (ours) 99.450 0.0189 0% 77.620 1.2349 0%  47.450 3.1187 0%

inference, this EMA is binarized by retaining the top-p% entries, yielding a fixed
deterministic mask (MASK mode). Disabling this mask restores the full, un-
pruned feature map (FULL mode).

6- Training and inference modes. During training, the best mask m;
is applied patchwise, and gradients flow only through the retained patches. At
inference, we either apply the frozen EMA-based mask (MASK) or keep all ac-
tivations intact (FULL).

The complete procedure is summarized in Algorithm [1] which reflects the
implementation’s control flow helper methods.

3 Experiments

We evaluate the proposed PB-EDropout mechanism on image classification using
a shallow CNN composed of five convolutional layers. Two variants are exam-
ined: PB-EDropout-Full, which applies stochastic patch masking during training
but uses no masking at inference, and PB-EDropout-Mask, which derives a de-
terministic inference mask by binarizing the exponential moving average of the
best training masks. We compare these variants against a baseline CNN with-
out regularization (No Dropout) and a model using standard random dropout
(Classic Dropout). For all dropout-based methods, dropout is applied exclu-
sively to the first convolutional layer. Experiments are conducted on MNIST,
CIFAR-10, and CIFAR-100 [I0], covering datasets of increasing complexity and
resolution. The drop rate is fixed at 15%, meaning that at each forward pass,
15% of the spatial patches in the layer are masked. Regarding the initialization
of the PB-EDropout hyperparameters, we set the population size to S = 4 and
the mutation rate to p = 0.1. The global energy proxy G is initialized to 1.0,
and the feedback rate is set to 7 = 0.05. For the deterministic inference mask in
PB-EDropout-Mask, the exponential moving average decay is set to 0.9.
Overall, the results in Table [I| show that PB-EDropout consistently improves
generalization across datasets of increasing difficulty. On MNIST, both PB-
EDropout variants outperform the Baseline and Classic Dropout, achieving the
highest accuracy and lowest loss, demonstrating that patch-based regulariza-
tion does not hinder performance on simple tasks and can stabilize training
from early epochs. On CIFAR-10 and CIFAR-100, where feature maps exhibit
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Fig. 1: Training and validation accuracy for a 5-layer CNN using PB-EDropout-
Full, PB-EDropout-Mask, Classic Dropout, and Baseline.

stronger local correlations, PB-EDropout yields clearer performance gains: PB-
EDropout-Full achieves the best accuracy on both datasets, while PB-EDropout-
Mask attains the lowest test loss on CIFAR-10. These results indicate that
population-based patch selection enhances the retention of informative features
and that the two inference modes provide a controllable trade-off between prob-
abilistic exploration (Full) and deterministic sparsity (Mask). Compared to
Classic Dropout, which applies unstructured random omission, PB-EDropout
selects spatially coherent patches based on the consistency of local activations.
In our setup, approximately 15% of the patches in the dropout layer are masked,
and the corresponding neurons remain unused during inference, a behavior not
shared by standard dropout methods, which rely on the full network at test
time. Even when numerical improvements are moderate, the learned masks are
stable, human-interpretable, and aligned with visually discriminative regions of
the input. This interpretability property distinguishes PB-EDropout from tra-
ditional dropout mechanisms, which cannot reveal the structural relevance of
retained activations. Figure |l| strengthens these findings: although all mod-
els fit the training data comparably, PB-EDropout-Full sustains a consistently
higher validation accuracy across epochs. This behavior indicates reduced over-
fitting and confirms that energy-based patch selection yields a more targeted and
structurally meaningful regularization than random neuron suppression. Over-
all, PB-EDropout enhances generalization while providing interpretable spatial
support maps that expose the subsets of features most consistently retained by
the network, introducing a principled spatial sparsity that reveals which regions
of the feature maps can be safely discarded without harming predictive perfor-
mance.
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4 Conclusion

We introduced PB-EDropout, a topology-aware regularization method that se-
lects low-energy spatial patches instead of dropping units at random. This
patch-level strategy preserves coherent features, suppresses redundancy, and
provides two complementary inference modes: PB-EDropout-Full for strong
stochastic regularization and PB-EDropout-Mask for deterministic sparsity with
interpretable activation maps. Across the experiment PB-EDropout consistently
matches or exceeds classical dropout, yielding improved validation performance
and robustness. These findings show that structured patch selection is an effec-
tive alternative to standard dropout in convolutional networks.
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