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Foundations & Motivation
Foundations & Motivation

Q1.1

What is Quantum Machine Learning, and what are the four broad categories often used to
classify different QML approaches based on whether the data and the processing device are
each classical or quantum?
QML broadly refers to the intersection of quantum computing and machine learning – exploring whether quantum
computers can help train models faster, model certain kinds of data more naturally, or achieve better generalization
than purely classical approaches. A commonly used classification scheme labels approaches as CC, CQ, QC, or
QQ, based on whether the data is classical (C) or quantum (Q), and whether the processing device is classical (C)
or quantum (Q): CC is ordinary classical ML; CQ uses a quantum computer to process classical data (the most
actively studied category, covering variational quantum classifiers and quantum kernel methods); QC uses classical
ML techniques to analyze or control quantum systems/experiments (e.g. classical neural networks calibrating a
quantum device); and QQ uses a quantum computer to process inherently quantum data (e.g. classifying quantum
states or phases of matter) – with most popular near-term ”QML” research and hype specifically concentrated in the
CQ category.

Q1.2

What is the core hoped-for source of quantum advantage in QML, and why is this hope gen-
erally considered more speculative and less rigorously established than the proven speedups
of algorithms like Shor’s or Grover’s?
The hoped-for advantage in QML generally rests on the idea that quantum computers can efficiently represent and
manipulate an exponentially large Hilbert space using only a modest, linearly-scaling number of qubits – potentially
allowing a quantum model to capture correlations or patterns in data that would require an intractably large classical
model (or an intractable amount of classical computation) to represent or learn equally well. This is considered far
more speculative than Shor’s or Grover’s rigorously proven speedups (discussed in the Quantum Algorithms deck)
because, unlike those algorithms, there is generally no equivalent rigorous proof that any specific QML technique
provides a genuine advantage for any practically relevant, real-world machine learning task – most current QML
advantage claims rest on empirical demonstrations on specific (often small or artificially constructed) datasets, or
on more modest theoretical arguments about expressivity, rather than the kind of provable, general computational
complexity separation that underlies confidence in Shor’s algorithm’s power.

Q1.3

What is the ”data loading problem” (sometimes called the ”input problem”), and why is it
considered one of the most significant, and often under-appreciated, practical bottlenecks
limiting real-world QML advantage claims?
Many QML algorithms’ theoretical speedup analyses assume the input classical data is already available inside the
quantum computer in some convenient, ready-to-use quantum state – but actually loading a large, arbitrary classical
dataset into such a quantum state in the first place can itself require quantum circuit resources (gates, or specialized
”QRAM” hardware) that scale in a way that erases the very quantum speedup the downstream algorithm promised,
unless the data happens to have some special, exploitable structure or was already generated in quantum form. This is
considered a significant, under-appreciated bottleneck because many early, exciting-sounding QML speedup claims
(particularly some proposed for linear-algebra-based algorithms, discussed further in Section 6) implicitly assumed an
idealized, efficient data-loading step (often via a hypothetical, not-yet-practically-available ”QRAM” device) without
fully confronting whether that assumption is realistic for the specific data and use case being considered – a gap
between theoretical algorithm analysis and practical, honest end-to-end advantage assessment that has become an
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increasingly important, standard scrutiny point in evaluating QML advantage claims.

Q1.4

Why has near-term QML research concentrated so heavily on hybrid, variational quantum-
classical approaches (rather than the more theoretically elegant, fully fault-tolerant quan-
tum algorithms), mirroring similar reasoning discussed for VQE/QAOA in quantum simu-
lation?
Just as with VQE and QAOA in quantum simulation and optimization (discussed in the Quantum Algorithms deck),
most near-term QML research targets NISQ-era hardware, which lacks full quantum error correction and can only
reliably execute comparatively shallow quantum circuits before accumulated noise and decoherence corrupt the re-
sult. Hybrid variational approaches – where a shallow, parameterized quantum circuit handles one specific sub-
computation (e.g. computing a model’s output or a kernel similarity value) while a classical optimizer handles the
iterative training/parameter-update loop – are specifically designed to minimize the required quantum circuit depth,
making them the most practically runnable style of QML approach on currently available, imperfect quantum hard-
ware, even though (exactly as with VQE/QAOA) this pragmatic hardware-driven design choice comes with corre-
spondingly weaker theoretical guarantees about ultimate performance or genuine quantum advantage compared to
the more theoretically elegant, but currently practically unrunnable, fully fault-tolerant QML algorithms proposed in
earlier theoretical literature.
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Data Encoding Strategies
Data Encoding Strategies

Q2.1

What is basis encoding, and what is its main practical drawback for representing typical,
continuous-valued real-world datasets?
Basis encoding directly represents a classical binary string as the corresponding computational basis state – e.g.
the classical bit string ”101” is encoded simply as the quantum state |101⟩. Its main practical drawback is that it
requires one full qubit per classical bit of the input data, offering no data-compression advantage whatsoever over
simply storing the same data classically – and it doesn’t naturally or efficiently represent continuous-valued data
(e.g. a real-valued pixel intensity or sensor measurement) at all, without first classically discretizing/binarizing that
continuous value into some number of bits, at the cost of lost precision. This makes it a conceptually simple but
generally impractical encoding choice for most real-world, continuous-valued machine learning datasets, and it’s
used more as a pedagogical starting point than an actual practical QML data-encoding strategy.

Q2.2

What is amplitude encoding, and why does its remarkable ability to encode N classical data
values using only log2(N) qubits create the exact same data-loading bottleneck discussed in
Section 1?
Amplitude encoding represents a classical vector of N real (or complex) numbers directly as the amplitudes of an
n = log2(N)-qubit quantum state, e.g. a 4-dimensional classical vector (x0, x1, x2, x3) (normalized so its squared
entries sum to 1) becomes the 2-qubit state x0|00⟩ + x1|01⟩ + x2|10⟩ + x3|11⟩. This is remarkably exponentially
compact in qubit count – but this apparent compression advantage is precisely what creates the data-loading problem:
efficiently preparing a quantum state with N specific, generic, arbitrary amplitude values from scratch generally
requires quantum circuit resources that themselves scale withN (not logN ), for a fully general, unstructured classical
input vector – so the exponential compactness of the encoded state itself does not, by itself, imply an equally efficient
encoding process exists for arbitrary classical data, exactly the gap discussed as the data-loading bottleneck in Section
1.

Q2.3

What is angle encoding, and why has it become one of the most commonly used, practi-
cally favored encoding strategies for near-term variational QML circuits despite offering
no qubit-count compression advantage?
Angle encoding maps each individual classical data feature directly onto the rotation angle of a single-qubit gate
(typically Rx, Ry , or Rz) applied to one specific qubit – e.g. a classical feature vector (x1, x2, ..., xn) is encoded by
applying Ry(x1) to qubit 1, Ry(x2) to qubit 2, and so on, using exactly n qubits for n classical features (no compres-
sion at all, unlike amplitude encoding). Despite this lack of qubit-count compression, it has become one of the most
commonly favored practical strategies specifically because state preparation is trivially simple and efficient (each
feature requires just one single-qubit rotation gate, with no complex, resource-intensive state-preparation subroutine
needed at all, sidestepping the data-loading bottleneck entirely) – and, notably, using a repeated or non-linear angle
encoding (applying trigonometric functions of the input features across multiple encoding layers) can meaningfully
increase the resulting quantum feature map’s expressivity, an approach closely related to quantum kernel methods
discussed in Section 4.

Q2.4

What is a ”quantum feature map,” and how does the choice of a specific encoding circuit
determine which classical data structures a downstream quantum model can most naturally
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and effectively represent?
A quantum feature map is the specific quantum circuit (built from some particular encoding strategy, and possibly
combined with additional entangling gates between the encoded qubits) that transforms a classical data point into
a corresponding quantum state living in an exponentially large Hilbert space – conceptually directly analogous to
a classical kernel method’s feature map, which similarly transforms classical data into a (potentially very high or
infinite-dimensional) feature space where certain patterns become more easily linearly separable. The specific choice
of quantum feature map circuit – which gates, which entangling structure, how many repeated encoding layers –
directly determines the geometric/algebraic structure of the resulting quantum feature space, and therefore determines
which kinds of classical data patterns or correlations that specific feature map can represent or distinguish most
naturally and efficiently; designing a feature map well-matched to a specific dataset’s actual underlying structure
(rather than a generic, one-size-fits-all encoding) remains a significant, largely still empirical and problem-specific
design challenge in practical QML.
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Variational Circuits for Machine Learning
Variational Circuits for Machine Learning

Q3.1

What is a Variational Quantum Classifier (VQC), and what does its typical end-to-end
pipeline (encode, entangle, measure, optimize) look like for a supervised classification task?
A VQC pipeline typically proceeds: (1) a classical data point is encoded into a quantum state via some feature map
(e.g. angle encoding, Section 2); (2) a parameterized quantum circuit (the trainable ”ansatz,” built from tunable
single-qubit rotations and fixed entangling gates, exactly as discussed for VQE/QAOA in the Quantum Algorithms
deck) is applied to this encoded state; (3) a measurement (often of a single designated ”readout” qubit) produces
an expectation value, which is interpreted as the model’s predicted output (e.g. mapped to a class label); (4) a
classical optimizer compares this prediction against the true label using some loss function, and adjusts the ansatz’s
tunable parameters to reduce that loss, iterating over the training dataset exactly as in ordinary classical gradient-
based model training. This hybrid quantum-classical training loop structure directly mirrors VQE/QAOA’s approach,
simply applied to a supervised learning loss function instead of a physical energy or optimization cost function.

Q3.2

What is the parameter-shift rule, and why is it specifically valuable as a method for comput-
ing exact (not merely approximate, finite-difference-style) gradients of a variational quan-
tum circuit’s output with respect to its gate parameters?
For a broad and commonly-used class of parameterized gates (specifically those of the form e−iθG/2 for a generator
G with only two distinct eigenvalues, which covers the standard Rx, Ry , Rz rotation gates), the parameter-shift rule
proves that the exact analytical gradient of the circuit’s output expectation value with respect to that parameter θ can
be computed simply by evaluating the same quantum circuit twice more – once with θ shifted by +π/2 and once
shifted by −π/2 – and taking half the difference between these two measured expectation values. This is specifically
valuable because it yields the mathematically exact gradient (not merely a finite-difference numerical approxima-
tion, which would be sensitive to a somewhat arbitrary choice of step size and subject to additional approximation
error), using only ordinary circuit evaluations runnable directly on real quantum hardware – making standard clas-
sical gradient-based optimizers (which expect access to gradients) directly, cleanly applicable to training variational
quantum circuits, exactly analogous to how backpropagation provides exact gradients for training classical neural
networks.

Q3.3

Why is a variational quantum circuit’s training loop generally considered ”hybrid,” and
specifically, which parts of the overall training process run on the quantum device versus
the classical computer?
The quantum device’s role is narrowly, specifically confined to executing the parameterized circuit for a given,
currently-fixed set of parameter values and returning a measured expectation value (and, via the parameter-shift
rule, the gradient information needed for training) – it does not itself decide how to update those parameters. The
classical computer handles essentially everything else: storing and managing the current parameter values, feeding
classical data into the encoding step, running the actual optimization algorithm (typically a classical optimizer like
Adam or a genuine second-order method) that decides exactly how to update the parameters based on the measured
loss/gradient information reported back from the quantum device, and iterating this entire loop repeatedly across a
training dataset until convergence. This division mirrors the same hybrid structure discussed for VQE/QAOA in the
Quantum Algorithms deck – the quantum computer functions essentially as a specialized, narrowly-scoped subroutine
called repeatedly by an otherwise entirely conventional classical training loop, not as a wholesale replacement for
the classical machine learning training pipeline.
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Q3.4

What is a Quantum Boltzmann Machine, and how does it attempt to exploit natural quan-
tum thermal-state sampling as an alternative to the classical, computationally expensive
Gibbs sampling used in training classical Boltzmann machines?
A classical Boltzmann machine’s training requires repeatedly sampling from a Gibbs (thermal) probability distribu-
tion associated with the model’s current parameters – a computationally expensive step (typically approximated via
iterative Markov chain Monte Carlo methods like contrastive divergence, since exact classical sampling is generally
intractable for large models) that is often the primary training bottleneck. A Quantum Boltzmann Machine instead
represents the model as an actual physical quantum Hamiltonian, and exploits the fact that letting a quantum system
naturally thermalize (or preparing its Gibbs state via specific quantum algorithms, e.g. quantum Metropolis sam-
pling) may, in principle, provide a more direct or efficient way to obtain genuine thermal-distribution samples needed
for training than the classical Markov-chain-based approximation methods require – an appealing, if still largely
theoretical and experimentally challenging, alternative approach specifically targeting generative and energy-based
classical machine learning models that are already fundamentally built around sampling from Gibbs-like probability
distributions.
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Quantum Kernel Methods
Quantum Kernel Methods

Q4.1

What is a quantum kernel, and how is it computed as the overlap (inner product) between
two classical data points’ corresponding quantum feature-mapped states?
Given a quantum feature map ϕ(x) that encodes a classical data point x into a quantum state |ϕ(x)⟩, the quantum
kernel between two data points x and x′ is defined as K(x, x′) = |⟨ϕ(x)|ϕ(x′)⟩|2 – a measure of how ”similar” the
two data points’ corresponding quantum-encoded states are, computed practically on quantum hardware via a specific
circuit (e.g. applying the feature map for x, then the inverse feature map for x′, and measuring the probability of
returning to the all-zeros state, which directly equals this squared overlap). This directly mirrors the classical kernel-
method framework (as used in the classical support vector machine), where a kernel function similarly measures
similarity between data points implicitly mapped into some (potentially very high-dimensional) feature space, without
ever needing to explicitly construct or manipulate vectors in that space directly – the ”kernel trick” – with the quantum
kernel simply substituting a quantum feature map’s exponentially large Hilbert space for the kernel method’s implicit
feature space.

Q4.2

How is a computed quantum kernel matrix actually used within an otherwise entirely clas-
sical support vector machine, and why does this hybrid approach let a classical SVM benefit
from quantum feature-space structure without requiring the SVM’s own optimization itself
to run on quantum hardware?
Once the quantum kernel value K(xi, xj) has been computed (on a quantum device) for every pair of training data
points, the resulting full kernel matrix is simply handed off to an entirely standard, off-the-shelf, purely classical sup-
port vector machine solver, which performs its usual convex optimization (finding the maximum-margin separating
hyperplane) using this kernel matrix in place of a classical kernel matrix – exactly as it would with any conventional
classical kernel choice (like an RBF or polynomial kernel). This hybrid structure is appealing precisely because it
isolates the only genuinely quantum part of the entire pipeline to the kernel-matrix computation step alone – the
potentially advantageous, hard-to-classically-replicate quantum feature space structure is exploited purely through
the resulting kernel values themselves, while the actual model training/optimization (which for an SVM is already
a well-understood, efficiently classically-solvable convex problem) remains entirely conventional and requires no
quantum hardware involvement at all beyond that initial kernel computation step.

Q4.3

What specific theoretical result (from Liu, Arunachalam, and Temme in 2021) provided one
of the first rigorous, provable quantum advantage guarantees for a quantum kernel method
on a carefully, deliberately constructed classification problem?
This work constructed a specific classification problem based on the discrete logarithm problem (the same under-
lying mathematical hard problem that much of classical public-key cryptography, discussed in the Quantum Cryp-
tography deck, relies on for its security) and proved that a quantum kernel method, using a feature map specifically
related to computing discrete logarithms, could solve this particular classification task with a provable, exponential
advantage over any possible classical learning algorithm. This is significant precisely because it represents a rare in-
stance of a fully rigorous, provable (not merely empirically observed) quantum advantage specifically for a machine
learning task – though it’s important to note the specific classification problem used to establish the proof was itself
deliberately, artificially constructed around a known quantum-hard mathematical structure specifically to enable a
clean, provable separation, rather than being drawn from any naturally occurring, real-world dataset – illustrating
that provable QML advantage, where it currently exists at all, has so far been demonstrated primarily for carefully
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engineered problems rather than practical, real-world datasets encountered in typical machine learning applications.

Q4.4

Why does the same ”barren plateau” phenomenon discussed for VQE/QAOA in the Quan-
tum Algorithms deck also pose a serious challenge specifically for quantum kernel methods,
even though kernel methods don’t use the same iterative variational training loop?
While quantum kernel methods avoid the iterative variational parameter-training loop (and its associated gradient-
based barren plateau problem) by handing kernel-matrix computation off to a classical SVM solver instead, a related
and similarly serious problem can still arise: for a sufficiently generic, highly expressive quantum feature map oper-
ating on a large number of qubits, the computed kernel values K(xi, xj) between different, non-identical data points
can become exponentially close to a small, essentially indistinguishable constant value (typically vanishing expo-
nentially toward zero) – a phenomenon sometimes described as ”exponential concentration” of the kernel values.
When this occurs, the resulting kernel matrix becomes practically useless for classification, since it can no longer
meaningfully distinguish between genuinely different, dissimilar data points – and, critically, this concentration effect
generally worsens as the number of qubits (and thus the encoded feature space’s dimensionality) increases, echoing
the same worsening-with-scale character of the variational barren plateau problem, and representing a comparably
serious practical obstacle specifically for scaling quantum kernel methods to larger, more richly expressive feature
maps.
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Training Challenges
Training Challenges

Q5.1

Beyond the barren plateau problem itself (covered in the Quantum Algorithms deck in the
context of VQE/QAOA), what specific additional factors related to the choice of data encod-
ing strategy have been shown to influence whether or how severely barren plateaus affect a
given variational QML model?
Research has shown that barren plateaus in QML specifically can be influenced not just by the trainable ansatz’s
own structure and depth (as in VQE/QAOA generally) but also by the data encoding strategy used – for instance,
using a highly expressive encoding with many repeated non-linear encoding layers (intended to increase the model’s
expressivity and ability to fit complex patterns, as discussed in Section 2) has, in some studied cases, been shown
to worsen barren plateau severity, creating a genuine, non-obvious tension between wanting an expressive-enough
encoding to actually represent the target function and wanting an encoding whose associated gradient landscape
remains practically trainable – an active area of ongoing research specifically exploring how encoding choice, ansatz
design, and trainability interact and trade off against each other in ways that don’t have a simple, universally-agreed-
upon resolution yet.

Q5.2

What is meant by ”generalization” in the specific context of QML, and why has it become
an actively debated open question whether quantum models’ generalization behavior fun-
damentally differs from that of classical machine learning models?
Generalization refers to how well a trained model performs on new, previously unseen data, as opposed to merely
fitting the specific training examples it was directly trained on – a model that fits training data perfectly but performs
poorly on new data is said to be overfit, and understanding a model class’s generalization behavior (how much training
data is needed to reliably generalize well, as a function of the model’s complexity/capacity) is a core topic in classical
statistical learning theory. Whether quantum models exhibit fundamentally different generalization behavior com-
pared to classical models of comparable complexity/capacity remains an actively researched, still not fully settled
question – some theoretical results suggest quantum models can, in certain specific constructed scenarios, generalize
well even from surprisingly little training data, while other results suggest quantum models with sufficiently expres-
sive feature maps may be just as prone to poor generalization/overfitting as any sufficiently high-capacity classical
model would be – an important, still-open area distinct from (though related to) the separate question of whether
quantum models offer any computational training-speed advantage.

Q5.3

What is measurement shot noise, and why does the need to repeat a quantum circuit’s execu-
tion many times (accumulating statistics across repeated ”shots”) to estimate an expectation
value to a desired precision impose a distinct, practically significant additional training cost
specific to quantum models?
Because a single execution of a quantum circuit followed by measurement yields only one random, probabilistic
outcome (per the Born rule discussed in the Quantum Information deck), estimating an expectation value (needed
both for the model’s actual predicted output, and for each parameter-shift-rule gradient evaluation during training) to
a desired statistical precision ϵ requires repeating the same circuit execution roughly O(1/ϵ2) times and averaging
the results – a form of statistical estimation noise (”shot noise”) entirely absent from classical neural network train-
ing, where forward and backward passes are computed deterministically and exactly (up to ordinary floating-point
precision) with no need for repeated statistical sampling at all. This shot-noise-driven repetition requirement adds
a substantial, distinctly quantum source of both computational cost (many repeated circuit executions needed per
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single gradient estimate) and noise in the resulting gradient estimates themselves (since only a statistical estimate,
not an exact value, is ever obtained) – an additional, genuinely quantum-specific practical training complication with
no direct classical machine learning analogue.

Q5.4

What is ”quantum natural gradient descent,” and how does it attempt to account for the un-
derlying non-Euclidean geometry of a quantum circuit’s parameter space to improve upon
standard, ”vanilla” gradient descent optimization?
Standard (vanilla) gradient descent implicitly assumes the model’s parameter space has a simple, flat Euclidean ge-
ometry – but a variational quantum circuit’s parameters generally correspond to a more complex, curved geometric
structure (related to the quantum Fisher information metric, which quantifies how sensitively the resulting quantum
state actually changes in response to small parameter changes, which can vary substantially and non-uniformly across
the parameter landscape). Quantum natural gradient descent explicitly incorporates this underlying quantum geo-
metric structure (via the quantum Fisher information matrix) into the optimization update step, effectively rescaling
and reorienting each gradient step to better account for directions in parameter space where the quantum state actually
changes rapidly versus slowly for a given parameter shift – empirically shown in several studies to meaningfully im-
prove convergence speed and training stability for variational quantum circuits compared to standard vanilla gradient
descent, directly analogous to (and directly inspired by) the natural gradient methods previously developed and used
in classical machine learning optimization theory.

11



Quantum Machine Learning Deck 6

Quantum Algorithms for Classical ML Speedups
Quantum Algorithms for Classical ML Speedups

Q6.1

What is the HHL algorithm, and what specific linear-algebra subroutine (central to a great
many classical machine learning techniques) does it claim an exponential speedup for solv-
ing?
The HHL algorithm (named for Harrow, Hassidim, and Lloyd) solves the problem of, given a linear system of equa-
tionsAx = b encoded appropriately into quantum states, producing a quantum state proportional to the solution vector
x – claiming, under specific, fairly restrictive conditions on the matrix A (it must be sparse and well-conditioned)
and given efficient quantum access to b, an exponential speedup in the relevant problem-size parameters compared
to the best known classical linear-system solvers. Since solving (or approximately solving) linear systems is a foun-
dational subroutine underlying an enormous range of classical machine learning techniques (linear regression, and
many other methods that reduce to linear algebra), HHL was, upon its 2009 publication, an extremely influential and
widely-cited result, sparking a large wave of follow-on proposals for ”quantum-accelerated” versions of numerous
classical ML algorithms built on top of it.

Q6.2

What are the specific, often under-emphasized caveats and restrictive preconditions of the
HHL algorithm that meaningfully limit its practical applicability to real-world machine
learning problems, despite its celebrated exponential speedup claim?
HHL’s speedup is measured specifically with respect to the matrix dimension N – but the algorithm’s actual runtime
also depends on other parameters that are often glossed over in informal, headline summaries: it requires the matrix
A to be sparse (having only a small, bounded number of non-zero entries per row) and reasonably well-conditioned
(its condition number κ, roughly measuring numerical sensitivity/instability, must not be too large, since HHL’s
runtime scales unfavorably, roughly as κ2, with poor conditioning), and critically, it outputs the solution encoded as
amplitudes of a quantum state rather than the classical solution vector’s actual numerical values directly – meaning-
fully extracting full, explicit classical information about the solution vector generally requires exponentially many
additional measurements, unless only some specific, aggregate summary statistic of the solution (like a specific ex-
pectation value) is actually needed, rather than the complete solution vector itself. Additionally, exactly as discussed
for the general data-loading problem (Section 1), efficiently preparing the initial input state encoding b is itself as-
sumed rather than rigorously accounted for in the basic speedup claim – together, these caveats substantially narrow
HHL’s realistic practical applicability compared to a naive reading of its headline ”exponential speedup” result.

Q6.3

What was the proposed ”quantum recommendation system” algorithm, and what happened
when Ewin Tang’s 2018 classical ”dequantization” result showed a comparably efficient
classical algorithm actually existed for the same problem?
A prominent 2016 quantum algorithm proposed solving the recommendation-system problem (predicting which items
a user is likely to prefer, based on a large user-item preference matrix, via low-rank matrix approximation techniques)
with an exponential speedup over the best previously known classical algorithms for the same task, assuming a partic-
ular convenient quantum data-access model (a specific form of QRAM-based input access). In 2018, Ewin Tang (at
the time an undergraduate student) discovered a genuinely efficient, purely classical algorithm achieving essentially
comparable performance for the same problem, by adapting analogous sampling-based techniques to the classical
setting once given equivalent, comparable data-access assumptions – this ”dequantized” the original quantum al-
gorithm, showing its claimed exponential advantage had actually stemmed primarily from the specific, generous
data-access model both algorithms were implicitly assumed to have, rather than from any genuine, exploitable quan-
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tum computational advantage at all. This result triggered a broader, more cautious wave of re-examination across the
QML field, specifically re-checking several other proposed ”exponential” quantum-inspired linear-algebra speedups
against comparable classical sampling-based techniques, and several turned out to have similarly non-quantum, com-
parably efficient classical dequantized counterparts once fairly compared under matching data-access assumptions.

Q6.4

What is the general, broader lesson the recommendation-system dequantization episode
teaches about rigorously evaluating any claimed ”exponential quantum speedup” for a
machine-learning-adjacent linear-algebra problem?
The core lesson is that an apparent quantum speedup can sometimes stem not from any genuine advantage of quan-
tum computation itself, but instead from an unfair or overly generous comparison baseline – if the quantum algo-
rithm is granted a convenient, idealized data-access model (like efficient QRAM-based sampling access) while the
comparison classical algorithm is instead required to read the entire input in a much less favorable, more restric-
tive way, the resulting ”speedup” may simply reflect this comparison asymmetry rather than reflecting any genuine,
provable advantage attributable specifically to quantum effects. This has driven the QML research community to-
ward a considerably more careful, rigorous standard for evaluating and reporting future advantage claims: explicitly
and carefully specifying the assumed classical versus quantum data-access models being compared, and proactively
checking whether an analogous ”dequantized” classical algorithm might already achieve comparable performance
once matched fairly under the same access assumptions – directly paralleling the broader lesson (discussed in the
Quantum Algorithms deck) that any quantum advantage claim is only ever meaningful relative to a specific, clearly-
stated, and fairly-matched classical baseline and comparison assumptions.
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Quantum Neural Network Architectures
Quantum Neural Network Architectures

Q7.1

What is a Quantum Convolutional Neural Network (QCNN), and how does its layered struc-
ture of alternating convolutional and pooling operations directly mirror the architecture of
a classical CNN?
A QCNN is structured with alternating layers directly analogous to a classical convolutional neural network: ”con-
volutional” layers apply the same small, parameterized two-qubit (or few-qubit) unitary operation repeatedly across
neighboring qubits (mirroring a classical CNN’s convolutional filter being applied repeatedly across neighboring
regions of an image), followed by ”pooling” layers that reduce the number of active qubits (typically by measuring
some qubits and using the outcome to conditionally apply a fixed operation to remaining nearby qubits, mirroring
a classical CNN’s pooling/downsampling layers reducing spatial resolution), with this alternating pattern repeated
until only a small number of qubits remain for a final readout/classification measurement. This architecture was
specifically designed with a particular practical trainability benefit in mind: it has been theoretically shown to avoid
the barren plateau problem (Section 5) under fairly general conditions, precisely because of its specific, restricted,
locally-structured circuit design – making it one of the more promising and actively studied proposed QNN architec-
tures specifically from a trainability standpoint.

Q7.2

What is a quantum autoencoder, and how does its training objective (compressing quan-
tum information into fewer qubits while enabling near-perfect reconstruction) mirror the
training objective of a classical autoencoder?
A quantum autoencoder is trained to compress an input quantum state (originally requiring n qubits) down into a
smaller number of qubits k < n (discarding, or ”tracing out,” the remaining n − k qubits, which are trained to
be driven toward some easily-reproducible standard reference state, like |0⟩⊗(n−k)), such that the original n-qubit
state can subsequently be approximately reconstructed from just the smaller k-qubit compressed representation via
a corresponding decoding circuit. This directly mirrors a classical autoencoder’s training objective – compressing
high-dimensional input data down into a smaller ”bottleneck” latent representation while training the network (both
encoder and decoder together) to still allow accurate reconstruction of the original input from that compressed bot-
tleneck – with quantum autoencoders specifically explored as a potential technique for quantum data compression,
quantum data denoising, and reducing the number of qubits genuinely needed to represent and further process a given
quantum dataset or quantum state.

Q7.3

What is a Quantum Generative Adversarial Network (QGAN), and how does its adversar-
ial training structure (a generator competing against a discriminator) directly parallel the
training dynamics of a classical GAN?
A QGAN directly mirrors the classical GAN framework’s core adversarial training structure: a quantum generator
circuit is trained to produce quantum (or quantum-encoded classical) data samples intended to closely resemble
some target real data distribution, while a (potentially also quantum, or alternatively classical) discriminator is
simultaneously trained to distinguish the generator’s produced samples from genuine samples drawn from the real
target distribution – with the generator’s parameters updated to progressively better fool the discriminator, and the
discriminator’s parameters updated to become progressively better at telling real from generated samples, in the same
iterative, competitive back-and-forth training dynamic that characterizes classical GAN training. QGANs have been
specifically explored both for generating genuinely quantum data/states (relevant to quantum state preparation tasks)
and, in various proposed hybrid configurations, for potentially assisting with classical generative modeling tasks as
well.

14



Quantum Machine Learning Deck 7

Q7.4

What is a Quantum Recurrent Neural Network (QRNN), and what specific practical/hard-
ware challenge does attempting to process genuinely sequential data (with variable, often
long sequence lengths) pose for quantum circuit-based models, distinct from the challenges
facing quantum analogues of feedforward or convolutional architectures?
A QRNN attempts to mirror a classical recurrent neural network’s core structure – processing a sequence of inputs
one element at a time while maintaining and updating some internal ”hidden state” that carries information for-
ward across sequence steps – by having a parameterized quantum circuit process each sequential input while some
subset of qubits serves as this carried-forward quantum ”hidden state,” reused as input to the next sequence step’s
circuit application. This poses a distinct practical challenge beyond that facing quantum analogues of feedforward or
convolutional architectures specifically because processing a long sequence requires correspondingly deep, chained
repeated circuit applications – and given NISQ hardware’s limited coherence times and accumulating gate errors
(discussed throughout the Quantum Gates and Quantum Algorithms decks), the achievable practical sequence length
a QRNN can process before decoherence and accumulated noise overwhelm the computation is often quite severely
limited compared to what a classical RNN (or, more commonly today, a classical Transformer) can straightforwardly
handle – making genuinely long-sequence quantum sequential processing a considerably harder, still largely unsolved
practical near-term engineering challenge.
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Benchmarking, Advantage Claims & Practical Reality
Benchmarking, Advantage Claims & Practical Reality

Q8.1

Why do most current, honest QML benchmarking studies on real NISQ hardware report
performance roughly comparable to (rather than clearly, decisively better than) well-tuned
classical machine learning baselines on the same standard, real-world datasets?
Current NISQ-era hardware’s limited qubit counts, restricted circuit depths (due to accumulating noise/decoher-
ence), and shot-noise-driven statistical estimation overhead (Section 5) together mean that genuinely large-scale,
highly-expressive quantum models simply cannot yet be reliably executed with sufficient fidelity to fully exploit
whatever theoretical expressivity or Hilbert-space advantage they might, in principle, offer – so most current empir-
ical QML benchmark comparisons are necessarily conducted using comparatively small, restricted quantum models
on modest-sized (often deliberately small or dimensionality-reduced) datasets, precisely the regime where classical
machine learning methods, already extremely well-optimized and mature after decades of dedicated engineering and
research effort, tend to perform reliably well without needing anywhere near their own full potential capacity. This
is why most current, methodologically honest QML studies tend to report roughly comparable rather than decisively
superior performance against strong, well-tuned classical baselines – an outcome broadly consistent with, rather
than contradicting, the general expectation that genuine QML advantage, if and when it materializes for practically
relevant problems, likely requires larger-scale, more capable, and probably at least partially fault-tolerant quantum
hardware than is currently available.

Q8.2

What specific methodological pitfall – comparing a proposed quantum model against a de-
liberately weak, poorly-tuned, or arbitrarily simplified classical baseline – has been repeat-
edly and specifically flagged by critical review papers as undermining the credibility of many
published QML ”advantage” claims?
A recurring, specifically-identified methodological problem in a meaningful fraction of published QML papers claim-
ing some form of advantage is comparing a proposed quantum model’s performance against a classical baseline that
was not itself given comparable effort, hyperparameter tuning, or capacity – for instance, comparing against an under-
parameterized, minimally-tuned classical neural network, or omitting comparison against strong, well-established
classical baselines (like gradient-boosted trees or well-tuned SVMs) that are already known to perform very well
on the specific type of dataset being studied. Critical review and meta-analysis papers examining the QML litera-
ture have specifically and repeatedly flagged this pattern as a significant, recurring credibility problem – emphasizing
that a scientifically rigorous and genuinely persuasive advantage claim requires comparing against the best available,
fairly and comparably tuned classical method for the specific task at hand, not merely against some arbitrarily chosen
and potentially weak classical baseline, exactly the same kind of fair-comparison discipline discussed regarding the
recommendation-system dequantization episode in Section 6.

Q8.3

What are the most commonly proposed, and generally considered most promising, near-to-
medium-term realistic application domains for QML, given honest current assessments of
NISQ-era hardware limitations?
Rather than expecting near-term QML to outperform classical deep learning on mainstream, large-scale commercial
tasks like image recognition or natural language processing (where classical methods are extremely mature, well-
optimized, and don’t obviously suffer from any fundamental limitation QML would specifically resolve), the most
commonly proposed and generally considered most realistically promising near-to-medium-term QML application
domains specifically target problems with an inherently quantum-mechanical character – most notably, using QML
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techniques to analyze, classify, or characterize genuinely quantum data generated by quantum simulation, quantum
sensing experiments, or quantum many-body physics research (the ”QQ” category discussed in Section 1), where
a quantum model may have a more natural structural affinity for representing and processing quantum-native data
than a purely classical model would – alongside continued exploration of hybrid quantum-classical approaches for
specialized combinatorial optimization or quantum chemistry problems (drawing on the VQE/QAOA techniques
discussed in the Quantum Algorithms deck) where quantum structure may plausibly offer a genuine edge, representing
a more modest, though arguably considerably more realistic and better-supported, expectation for where genuine
near-term QML value is most likely to actually first emerge.

Q8.4

What is the overall, honest summary assessment of QML’s current state that a well-informed
practitioner should hold, balancing genuine research promise against the field’s still largely
unproven, speculative practical advantage claims?
QML remains a genuinely active, legitimate, and theoretically interesting area of ongoing research, with real, rig-
orously proven results in specific, often deliberately constructed settings (like the discrete-logarithm-based quantum
kernel advantage discussed in Section 4), real and valuable insights into the mathematical structure connecting quan-
tum computing and machine learning theory, and plausible, still-developing paths toward genuine value particularly
for quantum-native data and hybrid optimization/chemistry applications. At the same time, a well-informed, appro-
priately skeptical practitioner should recognize that the field has also experienced repeated instances of over-hyped,
insufficiently rigorously validated advantage claims (the recommendation-system dequantization episode being a
particularly well-known cautionary example), that most current empirical benchmarks on real NISQ hardware do not
yet demonstrate a clear, decisive, and fairly-compared advantage over strong classical baselines for practical, real-
world (non-artificially-constructed) datasets, and that fundamental, still largely unresolved practical obstacles – the
data-loading problem, barren plateaus and kernel concentration, and shot-noise overhead – remain significant, active
open research challenges rather than solved engineering details, warranting genuine scientific interest and continued
research investment, balanced against considerable caution before accepting any specific near-term commercial QML
advantage claim at face value.

End of deck.
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