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1 INTRODUCTION

The field of machine learning has trended towards huge architectures built for complicated and gen-
eral tasks, this is epitomized by the rise of LLMs. However, foundational challenges such as image
classification remain important benchmarks for algorithmic efficiency. Deep networks, especially
Convolutional Neural Networks (CNNs), have come to be regarded as the standard in the field. When
excluding massive models that are relying on transfer learning from external backbones, CNNs con-
sistently achieve field leading performance on benchmark datasets like MNIST and Fashion MNIST
[1]. Despite this excellence, classical CNNs are approaching an asymptote when it comes to their
capacity to efficiently capture and compute complex feature spaces [1].

Quantum Machine Learning (QML), and more specifically Quantum Convolutional Neural Net-
works (QCNNs), are offering a solution to this problem. By utilizing the huge capacity of the Hilbert
space, these representation challenges can be overcome [4] [6]. Current approaches recognize this
potential quantum advantage, however, their approaches to developing a proper hybrid network are
flawed. Many proposed architectures simply add a quantum layer to their neural network that forces
all of the features through a quantum circuit [2] [5] [6]. This practice in the Noisy Intermediate Scale
Quantum (NISQ) era, where noise is prevalent and Quantum Processing Units (QPUs) are scarce,
is suboptimal. This methodology is computationally wasteful and is prone to errors introduced by
unnecessary noise.

To address this inefficiency, we propose a novel, dynamic hybrid routing architecture. Rather than
simply forcing all of the features to be pushed through a quantum layer to the benefit of some and the
detriment of others, our model introduces a trainable router that will evaluate and actively sort the
feature representations of an image to be sent to either a classical processor or a QPU for processing.
This will safeguard the limited quantum resources from unneeded tasks and only allow the features
that will benefit from this processing to be sent to a QPU. Additionally, because the extreme costs of
quantum access have created a lack of benchmarks trained on real quantum machines, this project
will take the best designs found in simulation and evaluate them on real quantum hardware.

The rest of the paper will continue as follows: Section 2 will review related literature within the field
of image classification and QCNNs. Additionally, it will present recent hardware benchmarking and
hybrid multiclass classification studies. Section 3 will formulate the core problem and introduce
the mathematical and quantum theorems required to best understand the proposed solution. Section
4 details the methodology of the dynamic router and the hybrid pipeline. Section 5 will allow for
a better understanding of the evaluation setup and then present the results. Finally, Section 6 will
provide a cohesive conclusion for the results and their contributions to the field.

2 RELATED WORK

2.1 FOUNDATIONAL QCNN ARCHITECTURES AND FEATURE EXTRACTION

Early developments in QML established some foundational architectures for combining quantum
circuits with the more established classical deep learning tasks. Quantum circuits were focused on
especially when it came to feature extraction. A critical part of the foundation for our task was
proposed by Lu et al., which showed how parameterized quantum circuits could serve a similar role
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to a classical convolutional structure and extract features from images[4]. Yang et al. built upon this
idea and proved that QCNNs can serve as capable feature extractors across multiple domains, in their
case specifically automatic speech recognition[6]. While these studies were critical for ratifying the
viability of QCNNs, their architectures were static. They force the entire data representation to be
processed by a quantum circuit, irregardless of whether a specific component actually warranted the
complexity that quantum inherently introduces. Rather than relying on a single quantum circuit for
extraction, our pipeline uses a classical convolutional funnel followed by a dynamic router. This
ensures that only specific features that require detailed processing are sent to the QPU, therefore
minimizing the use of expensive quantum computational resources.

2.2 HYBRID DIMENSIONALITY REDUCTION FOR MULTI CLASS CLASSIFICATION

As QCNNs were being applied to ever more complex multi class datasets like Fashion MNIST, re-
searchers started to encounter scalability issues. This was especially evident in the barren plateau
problem which appears in high dimension feature spaces. Researchers have addressed this problem
within their hybrid classical quantum pipelines. Bokhan et al. demonstrated that it was neces-
sary to heavily scale down classical feature before encoding them into qubits[2]. This is because
there is a limited of qubits available. Shi et al. highlighted issues with training quantum models
on datasets like Fashion MNIST without having a classical convolutional backbone to manage the
dimensionality[5]. These works efficiently mitigated barren plateaus through classical preprocess-
ing. Our work, rather than relying on static and predetermined dimensionality reduction, couples
a classical step down projection with a dynamic router. This allows the model to learn on the fly
which of the compressed features are best suited to being mapped to quantum angle embeddings.

2.3 HARDWARE BENCHMARKING AND HYBRID TRAINING IN THE NISQ ERA

The final area of related literature covers both the critical transition from ideal simulations to the
noisy physical hardware and the advanced techniques required to train the complex hybrid systems
we have today. The study by Lakhdar-Hamina et al. showed the decisive performance differences
between simulated quantum environments and noisy QPUs[3]. Additionally, our proposed archi-
tecture builds upon their contributions by adapting their Straight-Through Estimator (STE) method-
ology. Our dynamic router must make discrete, binary decisions. It can only route a feature to
a classical or quantum path. Therefore, the gate would normally be non-differentiable and stan-
dard backpropagation would fail. Instead, by using STE, we are able to approximate the gradients
through the step function, and this unlocks training of the router, and therefore, the entire pipeline.
Their benchmarking studies provide important insights into hardware specific noise consequences,
but these are done on unrouted quantum circuits. They have developed the closest concept to our
router in a parameter that can tune between quantum and classical modes, yet falls short in creating
a truly dynamic architecture.

3 PROBLEM FORMULATION

This section will clearly define the multi class image classification problem and introduces the math-
ematical algorithms and theoretical frameworks that support the proposed hybrid architecture

3.1 IMAGE CLASSIFICATION TASK

We consider a supervised multi class image classification problem defined over a dataset D =
{(xi, yi)}Ni=1, where xi ∈ R1×28×28 represents a two dimensional grayscale image input and
yi ∈ {1, 2, . . . , C} represent the corresponding class label. In the context of this project, the in-
put space corresponds to the Fashion MNIST dataset. The problem is evaluated under two target
spaces. The first is C = 10 which represents the entire dataset, and the second is C = 5 where the
5 classes that represent the subset are the most similar.
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The overall goal is to learn a function FΘ : R1×28×28 → RC that outputs a vector of classes z. The
network is optimized by minimizing the standard cross-entropy loss function L:

L(Θ) = −
N∑
i=1

C∑
c=1

yi,c log

(
exp(zi,c)∑C
j=1 exp(zi,j)

)
(1)

where yi,c is the indicator of whether class c is the correct label for observation i.

3.2 CLASSICAL FEATURE EXTRACTION

A core component of the project involves evaluating the dynamic routing behavior across differ-
ent feature space dimensions. We define a classical convolutional funnel as Eθe parameterized by
classical weights θe. This maps the high dimensional image to a dense 1D vector v ∈ Rd

v = Eθe(x) (2)

We evaluate the architecture under two distinct extraction methods:

• Uncompressed Baseline (d = 128): This more standard feature extractor creates a high
dimensional space. In this environment, mapping R128 to a quantum circuit introduces a
plethora of scalability issues. This often leads to the router to bypass the quantum path to
avoid barren plateaus.

• Compressed Architecture (d = 8): To mitigate information loss while also attempting to
establish a computational baseline, we apply a step down project layer. By constraining the
dimension to d = 8, both the quantum and the classical path are forced to operate on an
information dense feature space

3.3 DYNAMIC FEATURE WISE ROUTING AND THE STE

The novel part of the proposed architecture is a dynamic, trainable routing mechanism. Rather than
routing an entire image, the router evaluates the extracted vector v and makes feature wise deci-
sions. It assigns specific components to either a classical feed forward network, Cθc , or a quantum
variational circuit, Qθq .

Let the router be defined as a parameterized gating function Rθr (v) that outputs a continuous vector
g ∈ Rd. To enforce a hard routing decision, we use a sign function to generate a binary mask vector
m ∈ {−1, 1}d.

m = sgn(g) (3)

Using this mask, the features are split into purely classical and purely quantum subsets, which are
processed independently, then unified after:

FΘ(x) = Uθu

(
Qθq

(
v ⊙ 1 +m

2

)
+ Cθc

(
v ⊙ 1−m

2

))
(4)

where Uθu : Rd → RC represents the final unified classifier. Because the derivative of the sign
function is zero almost everywhere, standard backpropagation would fail. This would make the
router θr untrainable. Therefore, the STE is used. During the forward pass, the discrete mask m is
applied as defined above. During the backward pass, the STE approximates the gradient of the sign
function as a Hard Tanh function:

∇gL ≈ ∇mL (5)

This modification allows gradients to flow back into the routing layer and this enables optimization
of the attention gate.

3.4 QUANTUM ANGLE ENCODING AND VARIATIONAL ANSATZ

When features are routed to the quantum path, mj = 1, the masked vector needs to be translated
into a quantum state. We define a quantum system of n = 4 qubits.

3
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Dimensional Translation The masked d-dimensional vector, where d ∈ {8, 128}, is first projected
down to match the qubit count via a linear weight matrixWdown. This creates h ∈ Rn. The features
are then normalized using a scaled hyperbolic tangent activation to ensure validity for rotation gates.

ϕ = tanh(h) · π (6)

Angle Embedding and VQC: The normalized features are then encoded into a quantum state
using Rx rotation gates. The state is processed by the Variational Quantum Circuit (VQC) on
which we employ a data re-uploading strategy. The feature encoding state preparation, defined
as Sx(ϕ) =

⊗n
j=1Rx(ϕj), is interleaved with trainable unitary layers Ul(θl). These unitary layers

are comprised of single qubit rotations, and multi qubit entangling gates. For a circuit with L layers,
the final state would be given by:

|ψout⟩ = Sx(ϕ)

(
L∏

l=1

Ul(θl)Sx(ϕ)

)
|0⟩ (7)

Measurement: Then, to extract classical predictions from the quantum system, we need to measure
the values of the Pauli-Z observables Ok across the qubits. This results in a quantum output vector
zq ∈ Rn:

zq,k = ⟨ψout|Ok|ψout⟩ (8)

Finally, zq is projected back up to the d-dimensional space using a up project matrix Wup. This
completes the quantum pipeline and prepares the features for a unification with the classical path.

4 METHOD

To best evaluate the proposed routing architecture, a highly modular five stage pipeline was designed
using PyTorch and PennyLane. The modularity allowed for an extremely rigorous ablation study in
which the effects of feature dimensionality, dataset complexity, routing strategies, and hardware
usages were analyzed.

4.1 DATASET PREPARATION

The experiment utilized the Fashion MNIST dataset. This dataset is comprised of 28× 28 grayscale
images. To test how well the architecture could separate very similar classes, two classification tasks
were created:

• Full Dataset (C = 10): This was the standard benchmark using all ten of the distinct
clothing classes (denoted as c10).

• Restricted Subset (C = 5): This was a highly specific subset consisting of garments that
were all visually similar. T-shirt/top, Pullover, Dress, Coat, and Shirt comprised this subset
(denoted as c5) and they forced the feature extractor to rely on specific details, rather than
overall shape, because of their similarity.

4.2 ARCHITECTURAL MODULARITY

The network was divided into interchangeable classes to allow for controlled testing across several
different experimental states.

• Feature Dimensionality (d ∈ {8, 128}): The initial CNN feature extractor used 32 → 64
convolutional channels mapping to a fully connected output of d = 128. To implement
the compressed architecture, we deployed a thinner funnel. This funnel used 16 → 16
convolutional channels with a step down layer in order to map to d = 8.

• Routing Strategies: We implemented three distinct routing modules. The Static Classi-
cal Router (q0) forced a strict −1.0 mask across all features. The Static Quantum Router
(q100) forced a strict 1.0 mask. Finally, the Dynamic Router (qD) utilized the STE to dy-
namically route features based on learned weights. To ensure training stability, the dynamic
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router’s bias was initialized to conservatively favor the classical path during early epochs,
and gradients flowing through the STE were scaled by a factor of 0.1 to prevent erratic
routing oscillations.

Algorithm 1 Dynamic Feature Routing with Straight-Through Estimator (STE)
1: Input: Extracted classical feature vector v ∈ Rd

2: Forward Pass:
3: Calculate pre-activation weights: g← Rθr (v)
4: Apply hard step function: m← sgn(g) ∈ {−1, 1}d
5: Route features via masking:
6: vquantum ← v ⊙ 1+m

2

7: vclassical ← v ⊙ 1−m
2

8: Backward Pass:
9: Approximate gradient: ∇gL ≈ ∇mL ▷ Bypasses zero-gradient of sign function

10: Update router weights θr via backpropagation

• Preprocessing and Unification: Depending on the router’s mask, features were either
processed through a classical Feed Forward Network (Cθc ) or a 4 qubit, 2 layer Variational
Quantum Circuit (Qθq ). The outputs were then summed and passed through a final linear
classifier.

4.3 ABLATION MATRIX AND TRAINING PROTOCOL

By combining all the aforementioned modules, we generated a thorough experimental matrix. Mod-
els are denoted by their configuration, for example, compressed c5qD represents the 8 feature, 5
class, dynamically routed model.

All of the models were trained using the Adam optimizer with a learning rate of 0.001, a Step LR
scheduler (step size 5, gamma 0.5) and Cross Entropy Loss. To track the evolution of the router’s
results, behavior was run for 45 epochs. Additionally, checkpoints for model weights and metric
logs containing loss, accuracy, and quantum routing percentages were saved at 15, 30, and 45 epoch
intervals.

5 EVALUATION

To assess the proposed architecture, the evaluations were split into a simulated benchmarking phase,
and a physical hardware execution phase.

5.1 SIMULATED ENVIRONMENT

All of the simulated experiments were run on PennyLane’s default.qubit state vector simula-
tor that easily integrated with PyTorch. The environment allowed for a quick and noiseless training
of the ablation matrix. During simulation, 3 metrics were logged per epoch: standard Cross En-
tropy Loss, validation accuracy, and the Quantum Routing Percentage, the proportion of features
actively being sent down the quantum pipeline by the attention gate. Additionally, to visualize the
dynamic router’s decision making, Captum’s Occlusion tool was used to create spatial heatmaps.
This allowed a visualization of which pixels were triggering a quantum execution.

5.2 INFERENCE TESTING ON HARDWARE

To validate our simulated findings on machine with real quantum noise, the highest performing mod-
els were deployed to physical quantum hardware. Using the qiskit-ibm-runtime service, the
trained PyTorch weights were loaded and evaluated on the IBM Quantum System One at Rensselaer
Polytechnic Institute (RPI). This physical benchmarking tested how well the learned angle embed-
dings and the Variational Quantum Circuit hold up against the noise that comes along with any real
quantum hardware.
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Figure 1: Evaluation accuracy for all 18 evaluation points of the uncompressed feature space

5.3 INITIAL HYPOTHESIS AND THE UNCOMPRESSED BASELINE

The initial thought when it came to this experiment was that in the high dimensional feature space
(d = 128), the dynamic router would be able to identify the more complex features and send it to
the QPU to leverage its abilities. In this original ideation, the thought was that this behavior would
be visible in the different routing behaviors on the c5 subset versus c10. This was imagined because
the c5 subset features more correlated images that would require more complex features, therefore,
its q100 would perform better compared to that of c10 and the percentage routed to quantum of the
dynamic runs (qD) would also be higher.

Empirical results completely contradicted this hypothesis. When evaluating uncompressed c10q100
and c5q100 models, the networks suffered complete failure only being able to achieve 10% and
20% accuracy. This is simply the accuracy of choosing the same class each time. This indicated the
models’ inability to navigate the Hilbert space, likely because of severe barren plateaus.

Despite this, the dynamically routed models still achieved modest success on their own with over
92% and 86% accuracy for c10qD and c5qD respectively. However, when visualizing their routing
behaviors via a Captum heatmap, it was found that unimportant pixels were simply being jettisoned
to the QPU, as to not affect the overall score as seen in Figure 2.

5.4 MITIGATING THE BARREN PLATEAU

To establish a fair computation baseline and force the router the evaluate based on actual quantum
utility, the compressed architecture was introduced. This bottle necked the spatial features down to
d = 8.

As can be seen in Figure 3, this pivot successfully mitigated the high dimensional scaling issue. One
pure quantum model, c5q100, was finally able to converge achieving a peak accuracy of 80.58%.
The pure quantum model for c10 still was unable to converge.

Additionally, this fix was further proven when analyzing the new heatmaps of c5qD. Rather than
the pixels that were being routed to quantum being the edges of the image with little impact on
classification, important segments of the image, like sleeves, were being sent to the QPU, like seen
in Figure 4.

Therefore, from all this, we have found that the quantum architecture performed best on the restricted
c5 subset and required compressed features to be effective. When presented with distinguishing
between very highly correlated classes, both the compressed distributed quantum model (c5qD and
the compressed pure quantum model (c5q100) showed highly competitive and robust performance.
This confirmed, alongside the heatmaps, that when constrained into a dense, localized feature space,
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Figure 2: c10qDte45 coat heatmap showing quantum routing being use on nonessential pixels (-1
completely quantum, 1 completely classical)

Figure 3: Evaluation accuracy for evaluation points of the compressed feature space (compressed
c10q100 is too low and out of frame)
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Figure 4: Uncompressed c5qDte45 coat heatmap showing quantum routing being used on important
pixels

the Variational Quantum Circuit is adept at capturing the minuscule differences that are required to
successfully distinguish complex classes.

5.5 HARDWARE BENCHMARKING

To validate the findings on a real QPU and better understand the noise realities of a NISQ era
machine, the best performing compressed c5 models were tested on the physical hardware.

This would transition the model from running in an idealized simulation, to a physical environment
that contains systemic gate errors, readout errors, and qubit decoherence. In the noiseless simulation
at Epoch 30, both models performed well. c5qD had 81.58% accuracy while c5q100 had a slightly
lower 80.58% accuracy.

Despite this competitive performance on the simulator, the c5q100 suffered a huge drop in perfor-
mance when run on the quantum computer to 40.34%. From this, it is plain to see that simply
pushing all of one’s features through the quantum computer is a flawed strategy as the model’s
capabilities were completely overwhelmed by noise.

Conversely, the c5qD performed very well on the quantum hardware. It demonstrated a strong
resilience to the physical transition as it not only achieved a stellar accuracy of 82.95%, but by
doing so it also outperformed the noiselessly simulated baseline of 81.58%. Because the model
learned to only route a specific and highly appropriate subset of features to the quantum circuit, the
architecture was insulated from quantum decoherence.

However, we cannot fully trust this metric. This performance boost is likely at least partially driven
by a high variance. In the noiseless simulation, the model struggled most with the Shirt class and
performed less on the Coat class which had accuracies of 62.4% and 85.7% respectively. On the
IBM System One, these values essentially reversed where Shirt accuracy jumped to 78.8% and the
Coat accuracy dove to 70.6%. The other classes also shifted, but nowhere near as dramatically.

This extreme change in class accuracy highlights the issues that arise with a small subsample. With
all of the limitations of the quantum computer, only 176 images were able to be evaluated. This
is far less than the 5000 test images available. This smaller test set meant that minor classification
shifts had overstated impacts on the final percentage metrics. Therefore, while the physical metrics
are promising and definitively demonstrate the noise mitigating ability of the dynamic router, the
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Figure 5: IBM System One results

specific 82.95% accuracy achieved by the physical hardware cannot yet be viewed as a definitive
superiority over the simulation.

These hardware results have backed the core claim of the project: in the NISQ era, dynamic hybrid
routing is not only necessary for the effective usage of quantum, but it also serves also as an effective
noise mitigation strategy. It does so by ensuring that finicky quantum resources are only used on the
specific features that justify the risks of physical quantum processing.

6 CONCLUSION

This paper presented a dynamically routed hybrid quantum-classical architecture that was designed
to optimize resource usage and minimize noise effects in the NISQ era. By diagnosing the router as
ineffective in the high dimensional feature space, we were then able to demonstrate the combining
a classical step down compression funnel with the Straight Through Estimator (STE) attention gate
effectively mitigated the barren plateau problem. This pivot forced the network to better utilize the
Variational Quantum Circuit for complex features rather than bypassing it. Physical execution on the
IBM Quantum System One validated the architecture by demonstrating its resilience to real world
quantum decoherence. While the quantum baseline suffered from noise, the dynamically routed
model achieved a high accuracy of 82.95%. This work establishes a dynamic feature wise routing
not only as a tool for mere efficiency, but as an important noise mitigation strategy for modern day
quantum machine learning endeavors.

Future work will focus on expanding the boundaries and the stability of this hybrid pipeline. A
critical task will be finding the upper ceiling of the dimensionality of the extracted feature space,
determining how high the dimensions can be scaled before the quantum pipeline starts suffering
from never ending barren plateaus. Complementing this, we plan to see if other more qubit effi-
cient encodings, like amplitude encoding, can also raise the dimensionality ceiling. Finally, minor
overfitting was observed during the simulated 5-class tasks, suggesting that implementing some
regularization techniques into the hybrid training loop could further boost the model’s overall per-
formance.
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7 USE OF AI

7.1 GENERATING IDEAS

I used LLMs for finding additional papers that could be relevant to my project. I inserted the original
two papers [6] and [3] and queried it to find similar papers. After I had picked the direction for my
project, I also asked it for relevant papers there so I could ensure the idea was novel.

7.2 WRITING

The biggest thing that I used the LLM for here was formatting. I am awful in latex so I would write
things in google docs, then have the LLM format it for latex. Additionally, I had LLMs format all
of the latex equations. Finally, I had a final spell and grammar check from the LLM.

7.3 DESIGN AND IMPLEMENTING EXPERIMENTS

I coded most of the original model on my own with assistance from the LLM for qiskit and pennylane
syntax. Then, once I had that model up and running, I used the LLM to create almost the entirety of
the adjacent scripts. Because they were so similar (changing from 5 to 10 classes or manipulating
the routing mask) it seemed like a good use of the LLM.

7.4 FIGURES

I gave the LLM my results data, described the pyplots I wanted to make, and it generated the code
for me.
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