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ABSTRACT
The information bottleneck view of deep learning holds that hidden-layer representations first fit the training data
and then compress, discarding task-irrelevant information as training proceeds, but direct estimates of
representation entropy across layers and training time remain scarce for networks of realistic depth. We trained 24
feedforward and convolutional network configurations, varying depth (4 to 16 layers), width, and an explicit
entropy-regularization coefficient (0 to 0.05), on an image-classification benchmark, and estimated layer-wise
representation entropy at 15 checkpoints across training using a k-nearest-neighbor differential-entropy estimator
applied to 5,000 held-out activation vectors per layer per checkpoint. Across unregularized networks, mean
representation entropy in the penultimate hidden layer fell by 18.4% between the training-accuracy-saturation
checkpoint and the final checkpoint, consistent with a compression phase, while entropy in the first hidden layer
changed by only 2.1% over the same interval, a significant difference (p < 0.001, paired t-test across 12
unregularized configurations). Test accuracy and final-layer entropy reduction were positively correlated across the
24 configurations (Pearson r = 0.68, p = 0.0002), and networks in the top tercile of entropy reduction showed a
mean generalization gap (train minus test accuracy) of 3.8 percentage points, compared with 9.1 percentage points
for the bottom tercile, a difference of 5.3 points. Explicit entropy regularization accelerated the compression phase:
at regularization coefficient 0.03, penultimate-layer entropy reduction reached its post-saturation value 34% earlier
in training (measured in epochs) than in unregularized matched-architecture networks, and final test accuracy
improved by 1.9 percentage points on average, though regularization beyond coefficient 0.03 produced diminishing
and eventually negative returns, with coefficient 0.05 networks losing 2.4 points of test accuracy relative to the 0.03
optimum. Layer-depth analysis showed that the compression effect strengthened monotonically with layer depth,
with entropy reduction in the deepest quartile of layers averaging 21.7% versus 4.3% in the shallowest quartile
across all 24 configurations. These results provide quantitative support for a depth-dependent compression phase
linked to generalization performance and identify a moderate explicit entropy-regularization coefficient as a practical
lever for inducing beneficial compression earlier in training without the accuracy cost associated with excessive
regularization.
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1. INTRODUCTION

Deep neural networks achieve strong generalization
performance despite having enough parameters to
memorize their training data many times over, a puzzle
that information-theoretic accounts of learning have
sought to explain by examining how the statistical
structure of hidden-layer representations evolves during
training [1,2]. The information bottleneck framework
proposes that training proceeds through two qualitatively
distinct phases, an initial fitting phase in which
representations rapidly increase their mutual information
with the training labels, followed by a slower
compression phase in which representations discard
information not predictive of the labels, and that this
compression is causally linked to good generalization
[3,4].
Direct empirical tests of the information bottleneck
picture have produced mixed results, with some studies
reporting clear evidence of a compression phase using
mutual-information estimates based on binned or
discretized activations, and others finding that the
apparent compression is sensitive to the choice of
nonlinearity, estimator, or binning scheme, and can
disappear or reverse under different measurement
choices [5,6,7]. Much of this disagreement traces to the
practical difficulty of estimating mutual information or
differential entropy in the high-dimensional, continuous
activation spaces typical of deep networks, particularly
for networks deeper than the small, illustrative
architectures used in early information bottleneck studies
[8,9,10].
This measurement difficulty matters because it leaves
open a practically important question: whether
representation-entropy reduction during training is
reliably associated with better generalization across a
range of realistic network depths and widths, and
whether explicit entropy regularization, rather than
relying on it to emerge implicitly from standard training,
can be used as a direct lever to improve generalization
without excessive accuracy cost. Existing work has
explored entropy or information-based regularizers in
isolated settings, but systematic comparison across
depth, width, and regularization strength using a
consistent, high-dimensional-capable entropy estimator
remains limited [11,12,13].
The present study addresses this gap by training 24
feedforward and convolutional network configurations
spanning a range of depths, widths, and explicit
entropy-regularization strengths, and estimating
layer-wise representation entropy throughout training
using a k-nearest-neighbor differential-entropy estimator
suited to continuous, high-dimensional activations. We
quantify the relationship between post-saturation entropy
reduction and generalization gap across configurations,
test whether explicit entropy regularization accelerates
beneficial compression and at what cost, and
characterize how the strength of the compression effect

varies with layer depth.

2. MATERIALS AND METHODS

We trained 24 feedforward and convolutional network
configurations, varying depth, width, and an explicit
entropy-regularization coefficient, on an
image-classification benchmark, and estimated
layer-wise representation entropy at 15 checkpoints
across training using a k-nearest-neighbor
differential-entropy estimator applied to held-out
activation vectors.

2.1 Network architectures and training data

Twenty-four network configurations were trained on a
standard 10-class image-classification benchmark,
spanning depths of 4, 8, 12, and 16 layers, two width
settings (base and 2x channel/unit count), and three
entropy-regularization coefficients (0, 0.03, 0.05) applied
as an additive penalty on estimated representation
entropy during training, giving 4 depths x 2 widths x 3
regularization levels = 24 configurations. All networks
used ReLU activations, batch normalization, and were
trained with Adam optimizer for a fixed budget of 120
epochs.

2.2 Entropy regularization term

For regularized configurations, an entropy penalty term
was added to the standard cross-entropy training loss,
computed as a differentiable k-nearest-neighbor entropy
estimate over each training minibatch's penultimate-layer
activations, weighted by the configuration's regularization
coefficient (0.03 or 0.05) and scheduled to ramp linearly
from zero to full weight over the first 20 training epochs to
avoid destabilizing early optimization.

2.3 Representation entropy estimation

Layer-wise differential entropy was estimated at 15
checkpoints spaced across the 120-epoch training run
(denser near the expected fitting-to-compression
transition), using a k-nearest-neighbor
(Kozachenko-Leonenko) differential-entropy estimator
with k = 5, applied to 5,000 held-out activation vectors
per layer per checkpoint, drawn from a validation split not
used for training or regularization.

2.4 Compression-phase and generalization-gap metrics

The training-accuracy-saturation checkpoint was defined,
per configuration, as the first checkpoint at which training
accuracy exceeded 99% of its final value. Post-saturation
entropy reduction was computed as the percentage
change in penultimate-layer entropy between the
saturation checkpoint and the final checkpoint.
Generalization gap was computed as final training
accuracy minus final test accuracy, expressed in
percentage points.

2.5 Layer-depth analysis

For each configuration, layers were grouped into depth
quartiles (shallowest to deepest), and entropy reduction
between the saturation and final checkpoints was
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averaged within each quartile across all 24
configurations to characterize how compression strength
varied with layer depth.

2.6 Statistical analysis

Correlation between post-saturation final-layer entropy
reduction and test accuracy across the 24 configurations
was assessed using Pearson correlation. Differences in
entropy reduction between the first and penultimate
hidden layers, and between entropy-reduction terciles'
generalization gaps, were assessed using paired and
unpaired t-tests respectively, with significance threshold
p < 0.05.

2.7 Numerical implementation

All models were implemented and trained using PyTorch
on a single-GPU cluster node per run; the
k-nearest-neighbor entropy estimator was implemented
in NumPy/SciPy and validated against known analytic
entropy values for multivariate Gaussian test
distributions of matched dimensionality, with estimator
bias below 1.5% in all validation cases.

3. RESULTS

Across the 12 unregularized network configurations,
mean representation entropy in the penultimate hidden
layer fell by 18.4% between the
training-accuracy-saturation checkpoint and the final
training checkpoint, consistent with a post-saturation
compression phase. Entropy in the first hidden layer, by
contrast, changed by only 2.1% over the same interval, a
significant difference between layers (p < 0.001, paired
t-test), indicating that compression was concentrated in
deeper representations rather than distributed uniformly
across the network. Table 1 summarizes entropy
reduction and generalization gap for representative
configurations at each tested depth.
Table 1. Post-saturation entropy reduction and
generalization gap for representative network depths
(unregularized configurations).

Depth
(layers)

Penultimate-layer
entropy reduction
(%)

First-layer
entropy
reduction (%)

Generalization
gap (pp)

4 9.7 1.4 8.6

8 16.2 1.9 6.3

12 20.8 2.3 4.9

16 24.1 2.8 4.1

Values are means across width settings (base and 2x) at each
depth for unregularized configurations only. Generalization gap
(pp) is training minus test accuracy in percentage points.

Post-saturation entropy reduction in the final hidden layer
was positively correlated with test accuracy across all 24
configurations (Pearson r = 0.68, p = 0.0002).
Configurations in the top tercile of entropy reduction (8
configurations) showed a mean generalization gap of 3.8
percentage points, compared with 9.1 percentage points
for the bottom tercile, a difference of 5.3 percentage
points, indicating that networks whose representations
compressed more after reaching training-accuracy

saturation generalized systematically better (Figure 1).

Figure 1. Post-saturation penultimate-layer entropy reduction
plotted against test accuracy across the 24 network
configurations, with the top and bottom entropy-reduction terciles
highlighted to show the associated gap in generalization
performance.

Explicit entropy regularization accelerated the
compression phase relative to matched-architecture
unregularized networks: at regularization coefficient 0.03,
penultimate-layer entropy reached its post-saturation
reduction value 34% earlier in training, measured in
epochs elapsed after the saturation checkpoint, than in
unregularized networks of the same depth and width.
Final test accuracy for coefficient-0.03 networks
improved by 1.9 percentage points on average relative to
unregularized matched configurations.
Table 2. Effect of entropy-regularization coefficient on
compression timing and test accuracy.

Regularization
coefficient

Epochs to po
st-saturation
entropy value
(relative)

Mean test
accuracy
(%)

Change from
unregularized (pp)

0.00 (unregularized) baseline 87.3 0.0

0.03 -34% 89.2 +1.9

0.05 -41% 86.8 -0.5

Regularization strength beyond coefficient 0.03 produced
diminishing and eventually negative returns: networks
trained with coefficient 0.05 lost 2.4 percentage points of
test accuracy relative to the coefficient-0.03 optimum,
despite showing the largest raw entropy reduction of any
tested configuration, suggesting that excessive entropy
penalty began to discard task-relevant information
alongside task-irrelevant information. Table 2 details the
regularization-coefficient sweep and its associated
accuracy and entropy-reduction outcomes.

4. DISCUSSION

The clear post-saturation compression observed in
deeper layers, together with its positive correlation with
test accuracy, provides support for the information
bottleneck account of generalization in networks
substantially deeper than those used in earlier, often
contested, empirical tests of the framework [3,4,5,6]. The
use of a k-nearest-neighbor estimator on continuous,
held-out activations, rather than binned
mutual-information estimates on training-set activations,
addresses a specific methodological criticism raised
against earlier compression-phase findings [7,8], and the
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consistency of the depth gradient in compression
strength across 24 independently trained configurations
strengthens the case that the effect is a genuine property
of training dynamics rather than an estimator artifact.
The secondary finding that explicit entropy regularization
can accelerate beneficial compression, improving test
accuracy by 1.9 percentage points at a moderate
coefficient, but that stronger regularization becomes
counterproductive, suggests that the relationship
between representation entropy and generalization is not
monotonic in the way a naive reading of the information
bottleneck framework might imply: some minimum level
of representation entropy appears necessary to retain
task-relevant information, and regularization strength
must be tuned rather than maximized [11,12,13,14].
More broadly, the finding that compression concentrates
in deeper layers has a practical implication for where
architectural or regularization interventions aimed at
improving generalization might be most productively
targeted: shallow layers, which showed minimal entropy
change throughout training, appear to serve primarily as
low-level feature extractors whose representations are
largely fixed early in training, while deeper layers
continue reorganizing their representations well after
training accuracy has saturated, a pattern broadly
consistent with layer-wise analyses of feature
transferability in the wider deep learning literature
[15,16,17].
Several limitations should be considered. First, the
k-nearest-neighbor entropy estimator, while validated
against analytic Gaussian benchmarks, can still be
biased in very high-dimensional activation spaces, and
the absolute entropy-reduction percentages reported
here should be interpreted with this in mind, even though
the relative comparisons across configurations used a
consistent estimator and are less sensitive to a fixed
estimator bias. Second, all networks were trained on a
single image-classification benchmark, and the
compression-generalization relationship could differ for
other data modalities or task types. Third, the fixed
120-epoch training budget and specific optimizer and
learning-rate schedule used may have influenced the
timing and magnitude of the observed compression
phase. Fourth, the entropy-regularization coefficients
tested (0, 0.03, 0.05) were coarsely spaced, and the true
optimum for a given architecture could lie at an
intermediate or somewhat different value not directly
sampled here.

5. CONCLUSION

Layer-wise representation entropy estimated across 24
network configurations of varying depth, width, and
explicit entropy regularization showed a clear
post-saturation compression phase concentrated in
deeper layers (21.7% entropy reduction in the deepest
quartile versus 4.3% in the shallowest), positively
correlated with test accuracy (r = 0.68) and associated
with a 5.3-percentage-point smaller generalization gap

for the most-compressing networks. Moderate explicit
entropy regularization (coefficient 0.03) accelerated this
compression and improved test accuracy by 1.9
percentage points, while stronger regularization (0.05)
reduced accuracy by 2.4 points relative to that optimum.
These results support a depth-dependent compression
account of generalization in deep networks and identify
moderate entropy regularization as a practical, if
bounded, tool for improving generalization performance.
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