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Abstract

Neural representations learned by neural networks encode task-relevant information,
but their behavior under communication constraints is still poorly understood. We pro-
pose an information-theoretic framework for the comparison of classical compression
and quantum-inspired amplitude encoding for the transfer of representations under con-
trolled dimensional constraints. We analyze frozen intermediate features extracted from
a pretrained ResNet-50 on the ImageNet-1K validation set at different depths in the net-
work. The classical pipeline performs rate-controlled dimensionality reduction and uni-
form quantization, while the quantum-inspired pipeline does amplitude encoding and
computational-basis probability decoding without variational circuits or trainable quan-
tum parameters. Quality of representation was evaluated using differential entropy and
a decoder-based lower bound on mutual information. Classical compression achieves
higher decoder-based mutual information lower bounds at moderate and high commu-
nication budgets. However, the quantum-inspired pipeline retained a larger fraction of
decoder-extractable task-relevant information under severe dimensional compression, with
resource-normalized information efficiency providing a complementary perspective to
the substantially higher absolute decoder-based mutual information lower bounds of the
classical pipeline. Robustness analyses with qubit reduction and physically motivated
noise models showed predictable degradation. Ablation and SHAP analyses indicate
that task-relevant information is structured within representational subspaces. These
findings support quantum-inspired representation transfer as a framework for studying
communication-efficient neural representation transfer under low-bandwidth constraints.

Keywords: quantum-inspired computing; learned neural representations; representation
transfer; information theory; mutual information; amplitude encoding; information preservation
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1. Introduction
Deep neural networks progressively transform raw input signals into structured,

high-dimensional representations that capture increasingly abstract and task-relevant
information across successive network layers [1,2]. Although these learned representations
underpin the success of modern deep learning, they are typically regarded as internal
computational objects confined to a single model or device [3–5]. In distributed inference,
split computing, edge-cloud architectures, and other bandwidth-constrained environments,
however, intermediate representations must often be transmitted between computational
components. This raises a fundamental question: how efficiently can learned neural
representations be transferred while preserving the semantic information required for
downstream inference?

To address this challenge, classical communication pipelines commonly employ di-
mensionality reduction, quantization, and compression to reduce transmission costs. These
techniques perform effectively across moderate and high communication budgets but
may progressively discard task-relevant information under severe bandwidth constraints,
particularly for deeper and semantically richer representations. Quantum-inspired ampli-
tude encoding offers an alternative nonlinear representation transformation by mapping
normalized high-dimensional feature vectors into an amplitude-based state representation
that can subsequently be analyzed through its computational-basis probability distribution.
Although such transformations have attracted increasing interest within quantum ma-
chine learning, their information-preservation properties for learned neural representations
remain insufficiently understood [6–8].

In this study, we present an information-theoretic framework for simulating amplitude-
encoded representations of learned neural features, enabling a controlled comparison
between conventional classical compression and a quantum-inspired representation trans-
formation [8,9]. Frozen intermediate representations extracted from a pretrained ResNet-50
evaluated on the ImageNet-1K validation set are analyzed across multiple network depths.
Classical representation transfer is modeled using rate-controlled dimensionality reduc-
tion and uniform quantization, whereas the quantum-inspired pipeline applies amplitude
encoding followed by computational-basis probability decoding, without variational quan-
tum circuits or trainable quantum parameters. Representation quality is evaluated using
differential entropy together with a decoder-based lower bound on the mutual information
between transferred representations and class labels [3,10,11].

The present framework evaluates a simulated amplitude-probability representation
rather than an operational quantum communication protocol and therefore does not ac-
count for state-preparation complexity, finite-shot measurement, or hardware execution
costs. Consequently, the objective of this work is not to demonstrate a practical quantum
communication advantage, but rather to investigate whether amplitude-probability repre-
sentations preserve task-relevant information under controlled dimensional constraints
and to compare their behavior with established classical compression techniques.

Our framework is intentionally designed to isolate the influence of representation
structure from optimization and training dynamics. By using frozen neural representations
and excluding fine-tuning, stochastic augmentation, and trainable quantum components,
the observed behavior can be attributed primarily to the interaction between learned feature
geometry and the applied representation-transfer mechanism [12,13]. Through mutual
information analysis, robustness experiments, and feature-level attribution, we evaluate
how quantum-inspired amplitude encoding preserves decoder-extractable information
under severe dimensional constraints, particularly across deeper and globally pooled
representations. Complementary robustness analyses further demonstrate predictable
degradation under simulated qubit reduction and physically motivated noise models,
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while feature-attribution experiments indicate that semantic information is distributed
across structured representational subspaces rather than isolated feature dimensions. To-
gether, these findings establish quantum-inspired representation transfer as a principled
computational framework for investigating communication-efficient neural representation
transfer under constrained bandwidth conditions and provide a foundation for future stud-
ies incorporating finite-shot measurement, explicit state-preparation costs, and quantum
hardware implementations [14–16].

2. Materials and Methods
2.1. Data Acquisition

All experiments were conducted using the ImageNet-1K validation set [17]. The
dataset comprises 50,000 images spanning 1000 object categories, with 50 validation images
per category. The ImageNet training split was not used at any stage of this study. The
decision to restrict all experiments to the ImageNet-1K validation set was made for several
reasons. First, it eliminates any possibility of training-evaluation leakage because all neural
representations are extracted exclusively from a pretrained model operating in inference
mode. Second, the validation set provides a balanced and standardized benchmark that
facilitates reproducible comparison across representation extraction, compression, and
information-theoretic analyses. Finally, limiting the study to the validation split reduces
computational complexity while maintaining consistency with established evaluation
protocols for pretrained computer vision models [17–19].

2.2. Image Preprocessing Pipeline

All input images were preprocessed using the deterministic ImageNet evaluation
pipeline implemented with torchvision. Each image was resized such that its shorter side
equaled 256 pixels while preserving the original aspect ratio. A centered (224 × 224)
crop was then extracted to obtain the fixed spatial resolution required by ResNet-50. The
resulting RGB image was converted to a floating-point tensor with pixel intensities scaled
to the interval, [0, 1] yielding

X ∈ R3×224×224

Each RGB channel was subsequently normalized independently according to

X′
c,h,w =

Xc,h,w − µc

σc
, (1)

where c ∈ {R, G, B} denotes the color channel, h ∈ {1, ......, 224} and w ∈ {1, ......, 224}
denote the spatial row and column indices, respectively, Xc,h,w s the corresponding
normalized-input pixel value before channel normalization, and µc and σc are the Im-
ageNet channel-wise mean and standard deviation. Specifically,

µ = (0.485, 0.456, 0.406), σ = (0.229, 0.224, 0.225)

No stochastic data augmentation was applied. The preprocessing pipeline was im-
plemented using the torchvision transformation library, and the ResNet-50 backbone was
initialized using the ImageNet-1K V1 pretrained weights. This normalization ensures
consistency between the network inputs and the preprocessing applied during ResNet-50
pretraining, thereby minimizing distributional mismatch [18,19].

Resizing was used with antialiasing, followed by a centered 224 × 224 crop; pixel
conversion used the standard torchvision tensor conversion without additional rounding.
Deterministic preprocessing was adopted to avoid augmentation-induced variability in
the extracted feature distributions. Because the objective of this study is to analyze learned
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representations rather than improve predictive performance, no stochastic data augmenta-
tion was applied. This design reduces preprocessing-related variability in the subsequent
entropy, mutual information, compression, and amplitude-encoding analyses.

2.3. Representation Extraction

To investigate the information-preservation characteristics of learned neural repre-
sentations, feature embeddings were extracted from a pretrained ResNet-50 convolutional
neural network trained on the ImageNet-1K dataset [18,19]. The network was used exclu-
sively as a fixed feature extractor, with all model parameters frozen throughout the study.
No fine-tuning, gradient computation, or parameter updates were performed.

The pretrained network is represented as

fθ = R3×224×224 → R1000

where θ denotes the pretrained model parameters.
For each input image xi, intermediate feature representations were extracted from

selected network layers during the forward pass using forward hooks. The representation
at layer l is defined as

z(l)i = f (l)θ (xi) (2)

where l indexes the selected network layer, f (l)θ ( xi) represents the mapping from the

network input to the output activation of layer l, z(l)i is the feature representation of the
image xi extracted from layer l.

These intermediate representations constitute the primary data used for all subsequent
analyses, including entropy estimation, mutual information computation, representation
compression, and quantum communication experiments.

Selected Layers

Representations were extracted from three depths of the pretrained ResNet-50 back-
bone: layer1, representing an early convolutional stage; layer3, representing a deeper
convolutional stage; and avgpool, representing the final global average-pooling layer [20].

For an input image xi, the corresponding activation tensors are denoted as

A(1)
i ∈ R256×56×5

A(3)
i ∈ R1024×14×14

A(p)
i ∈ R2048×1×1

where the superscripts (1), (3), and (p) refer to layer1, layer3, and avgpool, respectively.
For the convolutional layers, the spatial dimensions were removed using global

average pooling. Given an activation tensor

A(l)
i ∈ RCl×Hl×Wl

the pooled representation for channel c is computed as

z(l)i,c =
1

HlWl
∑Hl

h=1 ∑Wl
w=1 A(l)

i,c,h,w’ (3)
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where Cl denotes the number of channels, and Hl and Wl denote the spatial height and
width of the activation tensor at layer l. The resulting pooled representation is

z(l)i =
[︂
z(l)i,1 , z(l)i,2 , . . . , z(l)i,Cl

]︂T
∈ RCl

Accordingly, the extracted representation dimensions are z(1)i ∈ R256, z(3)i ∈ R1024,

z(p)
i ∈ R2048.

For the avgpool layer, the output tensor already has spatial dimensions 1 × 1. There-
fore, it is directly reshaped into a 2048-dimensional feature vector without additional
spatial averaging.

This extraction procedure defines a fixed and deterministic mapping from each input
image to its corresponding layer-wise feature representation. All subsequent entropy esti-
mation, mutual information probing, compression, amplitude-probability transformation,
robustness analysis, and feature-attribution experiments were performed exclusively on
these frozen representations. The extracted vectors were stored in HDF5 format to support
efficient processing and reproducibility.

2.4. Entropy Estimation

To quantify the information content of the learned neural representations, we estimate
the differential entropy of the layer-wise feature distributions using the non-parametric
Kozachenko–Leonenko (KL) k-nearest neighbor estimator [21,22]. For a given network
layer l, the extracted representation matrix is denoted by

Zl ∈ RN×dl ,

where N denotes the number of samples and dl is the dimensionality of the representation
at layer l.

Prior to entropy estimation, each feature dimension is independently standardized
using z-score normalization to eliminate scale-dependent effects:

ẑi,j =
zi.j − µj

σj + ε
(4)

where µj and σj denote the mean and standard deviation of the feature j, respectively, and
ε is a small positive constant introduced for numerical stability.

The differential entropy is then estimated using the Kozachenko estimator, which
estimates entropy directly from nearest-neighbor distances without requiring explicit
probability density estimation [23]. The Kozachenko–Leonenko estimator was evaluated
using k = 5 nearest neighbors as the primary setting, with sensitivity assessed at k ∈
{3, 5, 10, 20}. Given a set of normalized samples

{x1, x2, . . . , xN}, xi ∈ Rd,

the estimator is defined as

Ĥ(X) = ψ(N)− ψ(k) + logVd +
d
N ∑N

i=1 logεi (5)

where ψ(.) denotes the digamma function, k is the number of nearest neighbors, εi is the
Euclidean distance between sample xi and its kth nearest neighbor and Vd denotes the
volume of the unit ball in d-dimensional Euclidean space.
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Differential entropy provides a descriptive characterization of the statistical struc-
ture of the learned representations, whereas the subsequent mutual information analysis
quantifies the amount of task-relevant information preserved for downstream prediction.
Throughout this work, entropy is used as a comparative descriptor of representation dis-
tributions across layers rather than as a direct measure of semantic information, thereby
enabling consistent analysis without assuming a parametric probability model [24].

2.5. Decoder-Based Mutual Information Lower Bound

To quantify the task-relevant information extractable from the learned representa-
tions, we evaluate a decoder-based lower bound on the mutual information between the
representation and the corresponding class labels Y. The mutual information is defined as

I(Z; Y) = H(Y)− H(Y|Z), (6)

where H(Y) denotes the entropy of the label distribution and H(Y | Z) denotes the condi-
tional entropy of the labels given the learned representations [25].

Direct estimation of H(Y | Z) is computationally challenging in high-dimensional
representation spaces. Therefore, we adopt a decoder-based variational lower bound on
the mutual information [26]. Specifically, a multinomial logistic regression decoder

gϕ : Rdl → RC

parameterized by ϕ, is trained to predict the class labels from the frozen representations,
where dl denotes the representation dimensionality at layer l and C denotes the number of
classes. The parameter set ϕ comprises the learned weights and bias terms of the decoder.
The predicted class probabilities are given by

Ŷ = gϕ(Z)

The mutual information is then lower bounded as

I(Z; Y) ≥ H(Y)− LCE
(︁
Y, Ŷ

)︁
(7)

where LCE denotes the cross-entropy loss between the true class labels Y and the pre-
dicted class probabilities Ŷ. The cross-entropy loss provides an empirical upper bound
on the conditional entropy H(Y | Z), thereby yielding a tractable lower bound on the
mutual information.

The entropy of the ImageNet-1K label distribution is computed as

H(Y) = −∑y p(y)logp(y) (8)

where p(y) denotes the probability of class y.
Since the ImageNet-1K validation set is balanced across all C = 1000 classes,

p(y) =
1
C

,

which gives
H(Y) = ln(C) (9)

H(Y) ≈ ln(1000) ≈ 6.91

During validation, the normalization parameters, PCA transformation, and quantiza-
tion parameters were fitted exclusively on the training folds and subsequently applied to
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the corresponding held-out validation folds to prevent information leakage. The decoder
was trained on the resulting training-fold representations, and mutual information lower
bounds were evaluated on the held-out validation folds. Consequently, the reported values
correspond to decoder-based lower bounds on the mutual information rather than exact
mutual information estimates [27].

The decoder was implemented as multinomial logistic regression using the SAGA
solver with a regularization strength of C = 0.1 and a maximum of 2000 solver iterations.
Decoder performance was evaluated using stratified 5-fold cross-validation across five in-
dependent random seeds (42, 123, 456, 789, and 2024). The convergence tolerance was set to
0.001. Mutual information lower bounds were calculated as H (Y) − CE, where CE denotes
the cross-entropy of the decoder predictions, and results are reported as mean ± standard
deviation across the five random seeds.

2.6. Classical Communication Channel

To establish a classical baseline for representation transfer, we model communication
as a rate-limited classical pipeline comprising dimensionality reduction, finite-precision
quantization, reconstruction, and downstream decoding. Let Z(l)∈ RN×dl denote the
representation matrix extracted from the network layer l, where N is the number of samples
and dl is the dimensionality of the representation.

To reduce the communication cost while preserving the dominant variance within the
representation space, the extracted representations are first compressed using Incremental
Principal Component Analysis (Incremental PCA) [28].

For a specified communication budget, the representations are projected onto a lower-
dimensional subspace according to

ZPCA = ZW (10)

where W∈ Rdl×m contains the first m principal components.
For each communication budget, the training representations are centered using the

training-set mean µ and projected onto the first k PCA components:

Z = (X − µ)Wk

where Wk contains the first k PCA loading vectors. The PCA parameters and component-
wise quantization ranges are fitted using the training partition only. Each PCA component
is uniformly quantized to 8 bits using its training-set minimum and maximum, and the
same ranges are applied to the held-out validation partition:

Qj = round

(︄
255

Zj − lj

uj − lj

)︄
(11)

After de-quantization, the representation is reconstructed as

Ẑj = lj +
Qj

255
(︁
uj − lj

)︁
(12)

where uj and lj are the training-set minimum and maximum values of the j-th PCA com-
ponent. The de-quantization parameters were estimated exclusively from the training
partition and applied unchanged to the corresponding held-out validation partition.

X̂ = ẐWT
k + µ (13)
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The decoder uses multinomial logistic regression with the SAGA solver, C = 0.1 (in-
verse regularization strength), tolerance 10−3, and a maximum of 2000 iterations. Stratified
five-fold cross-validation is performed using five random seeds (42, 123, 456, 789, and 2024),
with the mutual information lower bound evaluated on the held-out validation folds.

The quantization range was likewise estimated from the training portion and applied
unchanged to the corresponding held-out validation representation [29,30].

To evaluate the task-relevant information preserved after compression, the recon-
structed representations ẑ are assessed using the multinomial logistic regression decoder
and decoder-based mutual information lower bound defined in Section 2.5. The de-
coder is configured with a regularization parameter C = 0.1 and the SAGA optimization
solver [31,32].

This classical pipeline therefore provides a rate-controlled baseline for assessing the
information-preservation characteristics of compressed neural representations and for
comparison with the proposed quantum-inspired amplitude-encoding pipeline under the
same nominal communication-budget settings.

2.7. Quantum-Inspired Amplitude Encoding Pipeline

To investigate quantum-inspired representation transfer, we model a simulated
amplitude-encoding pipeline that transforms learned neural representations into simulated
amplitude-encoded state representations and evaluates the resulting amplitude-probability
representations using the decoder-based information-theoretic framework described in
Section 2.5. Rather than implementing an operational quantum communication protocol,
the proposed framework simulates the mathematical transformation associated with am-
plitude encoding, enabling a controlled comparison between classical compression and
quantum-inspired representation transformations under the same nominal communication-
budget settings.

For each layer-wise representation matrix Z(l) defined in Section 2.6, an individual
feature vector is denoted by

z(l)i ∈ Rdl

where dl is the dimensionality of the representation at layer l.
Each representation vector is processed independently throughout the quantum-

inspired pipeline. The objective of the encoding stage is to transform the real-valued neural
representation into an amplitude-based state representation while preserving its relative
geometric structure after normalization.

Each feature vector is subsequently mapped to an amplitude-encoded state represen-
tation using amplitude encoding [6,8]. Prior to encoding, the vector is normalized using
the Euclidean (L2) norm:

∼
z
(l)
i =

z(l)i⃦⃦⃦
z(l)i

⃦⃦⃦
2

(14)

where ∥ · ∥2 denotes the Euclidean norm.
For a representation containing d features, the corresponding state representation

requires
n = ⌈log2d⌉ (15)

qubits, where n denotes the number of qubits required to represent the normalized feature
vector and d is the dimensionality of the transmitted representation [33].
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Since amplitude encoding requires a Hilbert-space dimension of 2n, the normalized
feature vector is zero-padded when necessary and embedded into an amplitude-encoded
state representation.

|ψ⟩ = ∑2n

i=1
∼
z i| i⟩ (16)

where | i⟩ denotes the computational basis states and
∼
z i = 0 for zero-padded entries [34].

For the simulated amplitude encoding, the number of qubits scales logarithmically
with the encoded dimension, while the classical state-vector simulation requires storage
proportional to the number of amplitudes.

Rather than performing finite-shot quantum measurement, the computational-basis
measurement probabilities are computed directly from the simulated state representation [35]:

pi = |⟨i|ψ⟩|2 (17)

where ∑i pi = 1. Only the probabilities corresponding to the original (non-padded) feature
dimensions are retained, yielding an amplitude-probability representation for subsequent
analysis. For each communication budget, the input representation is truncated prior to
amplitude encoding according to

k = max(2, ⌊βdl⌋)

where k denotes the retained feature dimensionality before encoding. This procedure
follows the implementation used in the quantum-inspired pipeline and enables comparison
with the classical baseline under the same nominal communication-budget settings.

For fair comparison, the resulting amplitude-probability representations were evalu-
ated using the same 8-bit numerical precision as the classical compression pipeline.

All experiments employ deterministic state-vector simulation without parameterized
quantum circuits, variational optimization, or quantum hardware execution [36,37]. Conse-
quently, the framework evaluates the information-preservation characteristics of amplitude-
probability representations rather than an operational quantum communication protocol.

The resulting amplitude-probability representations are evaluated using the same
multinomial logistic regression decoder and decoder-based mutual information lower
bound described in Section 2.5, ensuring methodological consistency across the classical
and quantum-inspired pipelines.

For comparison, the retained representation dimension, classical communication
cost, and quantum resource requirement are treated as distinct quantities. Because a
classical bit and a qubit represent different physical communication resources, their counts
are not converted into a common unit in the present analysis. The resulting efficiency
values therefore represent scheme-specific resource normalization rather than a physically
calibrated bit-to-qubit efficiency ratio. The classical pipeline transmits 8 bits per retained
PCA coefficient, whereas the quantum-inspired representation encodes the retained feature
vector using N = ⌈log2d⌉ qubits, where d is the retained dimension after truncation. The
present simulation accounts for the representation and qubit requirements only; state-
preparation and measurement costs are outside the scope of this study. Before amplitude
encoding, the first d PCA components are retained, providing a deterministic ordering
shared across the compared representations.

2.8. Quantum Robustness and Ablation Analysis

Targeted robustness and ablation analyses are performed to evaluate the stability of the
proposed quantum-inspired amplitude-encoding pipeline under resource and noise pertur-
bations. These experiments investigate how the resulting amplitude-probability representa-
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tions respond to reductions in representational resources and simulated quantum noise.
The analyses are diagnostic in nature and are not used to improve model performance.

To examine the effect of reduced representational resources, the number of qubits
available for amplitude encoding is progressively decreased [38]. For a representation of
dimensionality d, the corresponding number of qubits is

n = ⌈log2d⌉

For lower communication-budget settings, Shannon entropy is used as a descrip-
tive measure of the resulting probability distribution to examine changes in information
dispersion following amplitude encoding.

To investigate robustness under simulated hardware imperfections, physically mo-
tivated noise models are incorporated into the state-vector simulation, including phase-
damping and depolarizing noise channels [39]. Noise is applied uniformly across all
qubits using a mixed-state simulator, and the resulting output probability distributions are
analyzed as a function of the applied noise probability.

The Shannon entropy of the amplitude-probability representation is computed as

H(P) = −∑i pilogpi (18)

where pi denotes the computational-basis measurement probability associated with the
basis state i.

These experiments are intended to evaluate whether the amplitude-probability repre-
sentations exhibit smooth and predictable degradation under simulated resource limitations
and noise perturbations. The analysis assumes idealized state preparation and probabil-
ity computation and therefore does not account for practical state-loading complexity,
finite-shot measurement, or quantum hardware execution costs [40].

2.9. Feature Attribution via SHAP Analysis

To provide feature-level interpretability of the learned representations, SHAP (SHapley
Additive exPlanations) analysis is performed exclusively on the avgpool representations,
which capture the highest level of semantic abstraction within the network [41]. The top-
100 classes were selected to provide a computationally tractable and controlled setting for
feature-attribution analysis while retaining broad category diversity; this restricted class
coverage is acknowledged as a limitation of the SHAP analysis.

A linear multinomial logistic regression decoder is trained using a restricted subset
comprising the top-100 ImageNet classes, and LinearSHAP is employed to estimate feature
attributions [42]. For the linear decoder,

f (x) = wTx + b (19)

where w denotes the learned weight vector and b is the bias term.
This analysis serves two purposes. First, it examines whether downstream predictions

arise from distributed contributions across multiple features rather than dependence on a
small number of isolated dimensions. Second, it provides qualitative confirmation that the
observed feature-attribution patterns are consistent with the information-theoretic analyses
presented throughout the study. SHAP is used exclusively as an interpretability tool and is
not incorporated into any quantitative evaluation, optimization, or comparison.

For the noise robustness analysis, features were stratified into the highest- and lowest-
importance 20% according to mean absolute SHAP values, and their responses were
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evaluated separately under phase-damping and depolarizing noise at probabilities of 0,
0.05, 0.10, and 0.20.

The robustness, ablation, and feature-attribution analyses are intended solely as com-
plementary validation studies that support the interpretation of the proposed framework.
The principal findings of this work are derived from the information-theoretic analyses
presented in the Results section.

2.10. Statistical Validation

All decoder-based mutual information results were evaluated across five independent
random seeds and are reported as mean ± standard deviation. Ninety-five percent confi-
dence intervals were calculated for the decoder-based mutual information lower bounds,
and paired t-tests were used to compare the classical and quantum-inspired pipelines at
matched communication budgets.

3. Results and Discussion
3.1. Classical Compression Versus Quantum-Inspired Amplitude-Encoding Performance

We first compare the information-preservation characteristics of the classical com-
pression pipeline and the quantum-inspired amplitude-encoding pipeline under matched
communication-budget and precision settings across three representation depths (layer1,
layer3, and avgpool). Performance is evaluated using the decoder-based lower bound
on mutual information, I(Z; Y). Resource-normalized information efficiency is defined
separately for the two representation-transfer schemes as the decoder-based mutual in-
formation lower bound divided by the corresponding resource count. For the classical
pipeline, this quantity is expressed in nats per transmitted bit, whereas for the quantum-
inspired pipeline it is expressed in nats per required qubit. These units are not assumed
to be physically equivalent, and no bit-to-qubit conversion factor is imposed because the
present study does not model an operational quantum communication channel or establish
a physical equivalence between classical bits and qubits. Accordingly, Figure 1 provides a
resource-normalized comparison within each communication model rather than claiming a
direct physical equivalence between bit- and qubit-based efficiencies. Across all representa-
tions and communication budgets, the classical and quantum-inspired pipelines differed
significantly in paired comparisons (all p < 0.001).

At moderate to high communication budgets, the classical compression pipeline consis-
tently achieves higher decoder-based mutual information lower bounds across all evaluated
layers. This indicates that the implemented classical compression pipeline preserves more
linearly extractable task-relevant information at moderate and high nominal budgets.

The KL entropy estimates increased systematically with the neighborhood size k, with
values of 253.330–287.609 for layer1, 1401.667–1476.186 for layer3, and 2739.267–3061.697
for avgpool across k ∈ {3, 5, 10, 20}, indicating that the observed cross-layer entropy
ordering is preserved across the tested k values as mentioned in Table 1. For layer1 (256-D),
the classical decoder-based mutual information lower bound increased from 0.1759 at 5%
budget to 0.4142, 0.7002, and 0.9057 at 10%, 25%, and 50%, respectively. The corresponding
quantum-inspired decoder-based mutual information lower bounds were approximately
0.0000, 0.0543, 0.0120, and 0.0089. Thus, the quantum-inspired representation retained
approximately 0.0%, 13.1%, 1.7%, and 1.0% of the corresponding classical decoder-based
mutual information lower bounds across the four communication budgets.

For layer3 (1024-D), classical MI increased from 1.3681 at 5% budget to 1.8928, 2.5698,
and 2.7431 at 10%, 25%, and 50%, respectively. The corresponding quantum-inspired
decoder-based mutual information lower bounds were 0.0255, 0.0391, 0.0347, and 0.0240.
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These values correspond to approximately 1.9%, 2.1%, 1.3%, and 0.9% of the corresponding
classical MI values.

Figure 1. Resource-normalized decoder-based information efficiency of classical and quantum-
inspired representations across communication resources. (a) Resource-normalized information effi-
ciency for layer1. (b) Resource-normalized information efficiency for layer3. (c) Resource-normalized
information efficiency for avgpool. (d) Cross-layer comparison of the two representation-transfer
schemes. Efficiency is calculated as the decoder-based mutual information lower bound per cor-
responding resource unit: nats per transmitted bit for classical compression and nats per required
qubit for quantum-inspired amplitude encoding. Bits and qubits are treated as distinct resource
units and are not assumed to be physically equivalent; no bit-to-qubit conversion factor is applied.
Therefore, the figure is intended as a resource-normalized comparison within the respective commu-
nication models rather than a claim of direct physical equivalence between classical and quantum
communication resources. Values are reported in nats per resource unit.

Table 1. Sensitivity analysis of Kozachenko–Leonenko entropy estimates across different nearest-
neighbor parameters k for the three neural representation layers.

Representation k = 3 k = 5 k = 10 k = 20

layer1 253.330 262.464 274.844 287.609

layer3 1401.667 1422.088 1449.074 1476.186

avgpool 2739.267 2841.141 2963.054 3061.697
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For avgpool, classical MI increased from 3.7119 at 5% budget to 3.9066, 3.9224, and
3.9818 at 10%, 25%, and 50%, respectively. The corresponding quantum-inspired decoder-
based MI lower bounds were 0.2665, 0.1841, 0.1114, and 0.0747, corresponding to approxi-
mately 7.2%, 4.7%, 2.8%, and 1.9% of the classical values. Thus, avgpool shows the strongest
relative retention among the three representations, although the absolute quantum-inspired
MI remains substantially below the classical baseline. These ratios represent raw relative
information retention and should be distinguished from information efficiency, which
normalizes the mutual information lower bound by the actual communication resource.
The relative performance gap is calculated as the percentage difference between the classi-
cal and quantum-inspired mutual information lower bounds, normalized by the classical
value. All mutual information values are reported in nats. Information efficiency and
the corresponding raw decoder-based mutual information lower bounds are presented in
Figures 1 and 2, and Table 2 respectively.

Figure 2. Decoder-based mutual information lower bound as a function of communication budget.

The decoder-based lower bound on mutual information I(Z;Y) is reported versus
normalized budget fraction for classical compression and quantum-inspired amplitude
encoding. (a–c) Results for layer1, layer3, and avgpool, respectively. In all cases, the
decoder-based lower bound increases with budget for both schemes. The classical com-
pression pipeline yields higher lower-bound values across all nominal budgets under the
implemented PCA, quantization, and reconstruction procedure. The quantum-inspired
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amplitude-encoding pipeline exhibits slower growth, reflecting the combined effects of
feature truncation, normalization, and amplitude-probability transformation.

Table 2. Decoder-based mutual information lower bounds across communication budgets. Values are
reported as mean ± standard deviation across five independent random seeds, with corresponding 95%
confidence intervals. p-values are from paired comparisons between the classical and quantum-inspired
pipelines at matched communication budgets. Mutual information values are reported in nats.

Representation Budget
Classical MI

Lower Bound
(Mean ± SD)

Classical 95% CI

Quantum-
Inspired MI

Lower Bound
(Mean ± SD)

Quantum 95% CI p-Value

layer1 0.05 0.1759 ± 0.0013 0.1743–0.1775 −0.0000 ± 0.0000 −0.0000–−0.0000 6.36 × 10−10

layer1 0.10 0.4142 ± 0.0024 0.4113–0.4172 0.0543 ± 0.0008 0.0533–0.0553 2.26 × 10−10

layer1 0.25 0.7002 ± 0.0040 0.6952–0.7052 0.0120 ± 0.0002 0.0118–0.0122 2.69 × 10−10

layer1 0.50 0.9057 ± 0.0052 0.8992–0.9122 0.0089 ± 0.0001 0.0089–0.0090 2.79 × 10−10

layer3 0.05 1.3681 ± 0.0042 1.3628–1.3733 0.0255 ± 0.0001 0.0254–0.0257 2.06 × 10−11

layer3 0.10 1.8928 ± 0.0106 1.8796–1.9060 0.0391 ± 0.0001 0.0390–0.0392 2.62 × 10−10

layer3 0.25 2.5698 ± 0.0124 2.5545–2.5852 0.0347 ± 0.0001 0.0346–0.0349 1.36 × 10−10

layer3 0.50 2.7431 ± 0.0146 2.7249–2.7612 0.0240 ± 0.0001 0.0239–0.0241 1.99 × 10−10

avgpool 0.05 3.7119 ± 0.0077 3.7023–3.7216 0.2665 ± 0.0002 0.2663–0.2668 5.67 × 10−12

avgpool 0.10 3.9066 ± 0.0095 3.8948–3.9184 0.1841 ± 0.0002 0.1839–0.1843 1.02 × 10−11

avgpool 0.25 3.9224 ± 0.0084 3.9119–3.9328 0.1114 ± 0.0001 0.1112–0.1115 6.03 × 10−12

avgpool 0.50 3.9818 ± 0.0101 3.9692–3.9943 0.0747 ± 0.0000 0.0746–0.0747 1.08 × 10−11

These results show a clear trend that depends on depth: as the number of di-
mensions in a representation and the level of semantic abstraction rise, the quantum-
inspired amplitude-encoding pipeline becomes increasingly competitive, especially in
low-bandwidth situations.

3.2. Robustness and Ablation of the Quantum-Inspired Pipeline

To assess the robustness of the simulated quantum-inspired amplitude-encoding
pipeline, we perform quantum-specific ablation studies aimed at reducing qubit count
and injecting noise, using the Shannon entropy of the simulated computational-basis prob-
ability distributions as a descriptive metric. Progressive qubit removal shows smooth,
monotonic entropy scaling (from 2.02 at 4 qubits to 4.04 at 7 qubits), indicating a smooth
increase in probability-distribution entropy with representational dimensionality. Under
phase-damping noise with p ∈ [0.0, 0.2], the entropy remains unchanged (≈4.80–4.89).
This is expected because phase damping modifies the relative phases of the amplitudes
while leaving the computational-basis probabilities pi = |ai|2 unchanged. Since entropy
in this analysis is calculated from these probabilities, the resulting entropy remains un-
changed across the tested noise probabilities. We now explicitly state that this reflects the
phase-insensitivity of the measured representation rather than complete robustness of the
underlying quantum state. Depolarising noise, on the other hand, causes entropy to rise
steadily and clearly (from 4.80 at (p = 0.0) to 5.44 at (p = 0.20)). The increase in entropy is
consistent with progressive randomization of the simulated probability distribution as the
depolarizing-noise strength increases. These results, visualized in Figure 3, demonstrate
that the simulated amplitude-probability representations exhibit predictable degradation
under the adopted noise models.
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Figure 3. Robustness of the quantum-inspired amplitude-encoding pipeline under qubit reduction
and simulated noise. (a) Qubit-count reduction analysis showing the relationship between the
number of transmitted qubits and the corresponding entropy. (b) SHAP-stratified phase-damping
noise analysis comparing high- and low-importance feature groups across increasing noise strengths.
(c) SHAP-stratified depolarizing-noise analysis under the same noise levels. Error bars represent the
standard deviation across repeated runs.

Feature-importance-stratified analysis showed distinct responses between high- and
low-SHAP features. Under phase-damping noise, the entropy remained unchanged across
the tested noise probabilities, with values of 4.528 ± 0.240 nats for high-SHAP features and
4.257 ± 0.389 nats for low-SHAP features. In contrast, depolarizing noise increased entropy
progressively from 4.528 ± 0.240 to 5.358 ± 0.064 nats for high-SHAP features and from
4.257 ± 0.389 to 5.276 ± 0.113 nats for low-SHAP features as the noise probability increased
from 0 to 0.20 as shown in Table 3.

Table 3. Feature-importance-stratified robustness of avgpool representations under phase-damping
and depolarizing noise. Values represent the mean ± standard deviation of Shannon entropy across
200 samples for the highest- and lowest-importance 20% of features identified by mean absolute
SHAP values.

Feature Group Noise 0.00 0.05 0.10 0.20

Low-SHAP Phase damping 4.257 ± 0.389 4.257 ± 0.389 4.257 ± 0.389 4.257 ± 0.389

High-SHAP Phase damping 4.528 ± 0.240 4.528 ± 0.240 4.528 ± 0.240 4.528 ± 0.240

Low-SHAP Depolarizing 4.257 ± 0.389 4.711 ± 0.276 4.977 ± 0.205 5.276 ± 0.113

High-SHAP Depolarizing 4.528 ± 0.240 4.908 ± 0.167 5.125 ± 0.121 5.358 ± 0.064
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3.3. Classical Ablation Analysis

We next examine classical feature-ablation experiments to assess how linearly ex-
tractable task-relevant information is distributed across representation dimensions. The
baseline decoder-based mutual information lower bound in layer1 is 0.393. Keeping
only the top-variance features raises the decoder-based lower bound to 0.662 (relative
MI = 1.684), while the bottom-variance features retain a substantial decoder-based lower
bound of 0.617. Random masking only changes the decoder-based lower bound by a
small amount (0.415), but feature shuffling reduces the decoder-based lower bound to
−1.737, indicating that the selected linear decoder no longer provides a nontrivial positive
lower bound under this perturbation. The baseline MI for layer3 is 2.557. The top- and
bottom-variance features keep about the same amount of information (2.178 and 2.255,
respectively). Random masking lowers MI to 1.826, and shuffling yields a negative, and
therefore non-informative, decoder-based lower bound of −1.311. At the avgpool level, the
baseline decoder-based lower bound is 4.993. Both the top- and bottom-variance subsets
keep most of the information (4.722 and 4.692, respectively), random masking lowers
MI to 3.882, and shuffling causes a complete collapse (−1.591). In general, these results
show that linearly extractable task-relevant information is distributed non-uniformly and
redundantly across the evaluated feature dimensions. Substantial decoder performance
is retained after variance-based selection or random masking, whereas feature shuffling
substantially disrupts the relationship between feature values and class labels. All reported
mutual information values correspond to decoder-based lower bounds and therefore reflect
task-relevant information extractable by a linear probe rather than intrinsic representation
entropy. This result in Figure 4 shows that there are strong nonlinear dependencies instead
of relying on isolated dimensions.

Figure 4. Classical feature ablation and semantic information distribution across representation
layers. Decoder-based mutual information lower bounds obtained under different feature-selection
and perturbation strategies are shown for layer1, layer3, and avgpool. For each representation,
the baseline is compared with top-variance, bottom-variance, random-mask, and shuffled-feature
conditions. Positive values indicate retained mutual information, whereas negative values from
feature shuffling indicate disruption of the learned semantic structure. Values are reported in nats.

3.4. SHAP Analysis

To complement the information-theoretic analysis with feature-level interpretability,
we conduct SHAP (SHapley Additive exPlanations) analysis on the avgpool representa-
tions, employing a linear SHAP explainer in conjunction with the multinomial logistic
decoder. The SHAP summary plot in Figure 5 indicates a concentrated attribution pat-
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tern, with a relatively small subset of dimensions exhibiting consistently large attribution
magnitudes. Only a small number of representation dimensions show consistently large
SHAP magnitudes across samples. Most remaining dimensions exhibit attribution values
concentrated near zero for the evaluated decoder and samples. The most influential di-
mensions show stable, sign-consistent contributions across samples. This pattern suggests
that the selected decoder relies more strongly on a structured subset of representation
dimensions than on the full feature space uniformly. This behavior is like the classical
ablation result, where high-variance feature subsets retained a comparatively large fraction
of the decoder-extractable task-relevant information, and random masking reduced the
decoder-based lower bound.

Figure 5. SHAP-based analysis of feature importance and contribution directionality. (a) Global
feature importance based on mean absolute SHAP values for the top-ranked representation features.
(b) Distribution of SHAP values for the selected features, illustrating the magnitude and spread of
feature contributions. (c) Directionality of feature contributions, showing the balance between positive
and negative SHAP effects. These analyses characterize the relative contribution of representation
dimensions to the decoder output.

Importantly, no single feature completely controls the attribution. Instead, predictive
decisions come from small groups of dimensions that have a moderate amount of influence.
This shows that there is a balance between sparsity and redundancy. This observation
provides no evidence of complete dependence on a single feature within the evaluated
decoder. Overall, the SHAP analysis gives qualitative but independent proof that deep
neural representations store information in structured, low-dimensional subspaces, which
are shown in Figure 5.

Because SHAP analysis was restricted to the avgpool representation and a 100-class
subset, the observed feature-attribution patterns should not be assumed to generalize
directly to the full 1000-class ImageNet task or to earlier network representations. Earlier
layers encode lower-level and more spatially localized features, whereas avgpool provides
a higher-level global representation; consequently, their attribution profiles may differ.
Similarly, expanding from 100 to 1000 classes could alter the relative importance of repre-
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sentation dimensions because of the broader class structure. Therefore, the present SHAP
results should be interpreted as an attribution analysis of the selected avgpool representa-
tion and 100-class evaluation subset, rather than as a general characterization of feature
importance across the entire network or ImageNet label space.

The KL-Entropy details and the communication resource accounting are mentioned in
Figures 6 and 7 respectively.

Figure 6. Sensitivity of the Kozachenko–Leonenko entropy estimator to the nearest-neighbor pa-
rameter. Entropy estimates are shown for k ∈ {3, 5, 10, 20} across the layer1, layer3, and avgpool
representations. The analysis evaluates the stability of the entropy estimates with respect to the
choice of nearest-neighbor parameter k, with values reported in nats.

Figure 7. Actual communication resource accounting. (a) Number of retained classical PCA coeffi-
cients across the communication-budget fractions for the layer1, layer3, and avgpool representations.
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(b) Corresponding number of qubits required for quantum-inspired amplitude encoding, where
d is the retained representation dimension. The classical representation retains d PCA coefficients,
each quantized to 8 bits, corresponding to an effective classical transmission cost of 8d bits. The
quantum-inspired resource requirement is expressed in qubits, as determined by the amplitude-
encoding dimension.

3.5. Overall Inference

This study recontextualizes learned neural representations as transferable communica-
tion objects and evaluates their transmission through a systematic information-theoretic
framework. By comparing identical frozen ResNet-50 representations using a classical
compression pipeline and a quantum-inspired amplitude-encoding pipeline under con-
trolled communication-budget constraints, we observe that the quantum-inspired approach
retains nonzero decoder-extractable task-relevant information under severe dimensional
constraints, while the classical pipeline consistently achieves higher absolute decoder-based
mutual information lower bounds as the communication budget increases.

The observed trends are consistent across multiple analyses. The decoder-based mu-
tual information results demonstrate that the resource-normalized information efficiency
becomes comparatively more favorable for deeper representations under low-budget con-
ditions. Classical feature-ablation experiments indicate that task-relevant information is
organized within structured representational subspaces rather than isolated feature dimen-
sions, while SHAP analysis provides complementary qualitative evidence that downstream
predictions arise from distributed feature contributions. Furthermore, robustness exper-
iments show smooth and predictable changes in amplitude-probability representations
under simulated qubit reduction and physically motivated noise models, supporting the
stability of the proposed simulation framework.

Taken together, these findings indicate that quantum-inspired amplitude encoding
provides a useful computational framework for studying representation transfer under
severe bandwidth constraints, but its substantially lower absolute decoder-based mutual
information lower bounds indicate that it is not yet competitive with classical compression
for practical downstream classification. Although the present study does not implement
operational quantum communication or demonstrate quantum advantage on hardware, it
establishes a reproducible baseline for evaluating information preservation in amplitude-
encoded representations and provides a foundation for future investigations incorporating
trainable quantum encoders, finite-shot measurements, and hardware-based quantum
communication experiments.

4. Discussion and Conclusions
This paper presents a systematic information-theoretic examination of neural represen-

tation transfer using a classical compression pipeline and a simulated quantum-inspired
amplitude-encoding pipeline. Neural representation transfer underpins real-world applica-
tions such as distributed edge-cloud inference, federated learning, split neural networks,
and bandwidth-constrained sensor-to-server communication systems. Using frozen ResNet-
50 representations from ImageNet-1K, we show that the simulated amplitude-probability
transformation retains a nontrivial amount of decoder-extractable class information under
severe nominal dimensional constraints. Nevertheless, the absolute decoder-based lower
bounds of the quantum-inspired pipeline remain substantially below those of classical com-
pression across all evaluated budgets. Thus, the present results should not be interpreted
as demonstrating practical competitiveness for downstream classification; rather, they
establish a computational baseline for assessing information preservation under extreme
dimensional constraints. Robustness analyses show systematic changes in the simulated
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amplitude-probability distributions under qubit reduction and the adopted noise models.
These findings motivate further investigation of hybrid classical-quantum learning systems,
although such extensions would require trainable quantum circuits, hardware execution,
or other operational quantum-learning components beyond the simulation-based scope of
the present study.

The scope of the current study is delineated by several considerations. First, experi-
ments are performed on the ImageNet-1K validation set and pretrained representations,
emphasizing representation analysis over end-to-end learning. Second, quantum-inspired
experiments use reduced sample and class subsets because state-vector simulation and
repeated decoder evaluation impose substantial computational costs. Amplitude encoding
provides a compact mathematical state representation; however, alternative encoding strate-
gies may exhibit different preservation and resource trade-offs. Importantly, all reported
information values are decoder-based lower bounds on mutual information obtained using
a multinomial logistic regression probe. They therefore quantify task-relevant information
that is extractable by the specified linear decoder and should not be interpreted as exact
mutual information estimates of the underlying representations.

The computational cost of the quantum-inspired simulation also warrants consid-
eration. For an amplitude-encoded representation of dimension dd, the corresponding
state-vector simulator uses n = ⌈log2d⌉ qubits and stores 2n complex amplitudes, giving a
state-vector memory requirement of O(d) for power-of-two dimensions. Thus, the present
d = 2048 representation corresponds to 11 qubits and 2048 complex amplitudes and is
computationally tractable in simulation. Nevertheless, state-vector simulation remains
memory-intensive as the representation dimension increases, and the present study does
not model the computational cost of physical state preparation, transmission, or measure-
ment. These factors should be considered when extending the framework to substantially
larger representations or operational quantum systems.

Accordingly, the framework is designed to be model-agnostic; this is a methodolog-
ical property rather than an experimentally established result in the present study. Val-
idation across alternative architectures, including Vision Transformers, and additional
datasets is required to establish the generality of the observed information-preservation
and efficiency trends.

Even with these limitations, the fact that the results are consistent across entropy
estimation, mutual information scaling, ablation, interpretability, and noise robustness
provides convergent support for the observed trends. The framework is designed to be
model-agnostic in principle: any pretrained network whose intermediate representations
can be extracted can serve as the feature extractor. In the present study, however, the
framework is evaluated experimentally only with ResNet-50 on ImageNet-1K. Future work
should evaluate the framework across convolutional and transformer-based architectures
and diverse datasets to establish the generality of the reported trends.
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