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The hardware-efficient ansatz (HEA) is the most widely deployed ansatz family in NISQ-era VQAs. It is also
the most widely maligned, because most barren-plateau theorems were proved against it. Both facts are
true, and both are a consequence of the same design philosophy: build it out of whatever the hardware
can do, and let the optimizer figure out the rest.

The Construction
A hardware-efficient ansatz has three structural ingredients:

1. A native gate set. Whatever single-qubit rotations and two-qubit entanglers the device supports
natively. Typical: RX , RY , RZ for single-qubit; CNOT, CZ, or echoed cross-resonance for two-qubit.

2. A connectivity-respecting layout. Two-qubit gates only between qubits that are physically adjacent
on the device. No virtual SWAPs unless absolutely necessary.

3. A repeated layer structure. Stack L identical (up to parameter values) layers, each of the form
single-qubit rotations on every qubit, followed by entanglers between connected pairs.

A canonical layer of an n-qubit HEA looks like:

Uℓ(θℓ) =

 ∏
(i,j)∈E

CNOTij

 ·

(
n⊗

q=1
RY (θY

ℓ,q)RZ(θZ
ℓ,q)
)

,

where E is the set of native qubit pairs. The full ansatz is U(θ) = UL · · · U2U1 acting on |0⟩⊗n.

For n qubits and L layers with two single-qubit parameters per qubit per layer, the parameter count is
P = 2nL — linear in both dimensions. This is small enough to be manageable but large enough that for
modest n and L, the ansatz becomes expressively rich.

Why It Was Adopted
When IBM, Google, Rigetti, and IonQ first built devices that could run real circuits, the question facing
VQA practitioners was practical: what ansatz can I actually run on this thing tomorrow?

The HEA answers that question definitively:

• It uses only native gates, so no compilation magic is needed.
• It respects device connectivity, so no SWAP overhead.
• It is shallow (depth = O(L), independent of n), so it fits inside a coherence window.
• It is agnostic to the problem, so the same ansatz template works for any Hamiltonian.
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The Kandala et al. (2017) paper that introduced the term demonstrated VQE on H2, LiH, and BeH2 using
this exact recipe and produced energy estimates that, while not chemically accurate, were close enough to
demonstrate the approach. That paper became the template for hundreds of follow-up experiments.

Why It Was Maligned
The McClean et al. (2018) barren plateau paper proved that for sufficiently deep, sufficiently random HEAs
on sufficiently many qubits, the variance of the cost gradient Var[∂iC] scales as O(1/4n). This is exponential
in the number of qubits.

In practical terms: a randomly initialized HEA on 50 qubits has a gradient so small that no optimizer, no
matter how clever, can detect a descent direction without an exponential number of shots. The cost landscape
looks flat to any local optimizer. The ansatz is mathematically rich enough to contain the answer, but the
optimizer cannot find it.

This is the barren plateau phenomenon (Module 4 in full), and it is the central technical reason that HEAs
are no longer the default recommendation for large VQAs.

The Tension
The HEA’s strengths and weaknesses come from the same source.

It is a universal approximator in the limit of large L — meaning the manifold it parameterizes covers all
of Hilbert space as the number of layers grows. That universality is what makes it general-purpose. It is also
what makes the cost landscape look like a uniformly random function on Hilbert space, which is exactly the
setting where barren plateaus are guaranteed.

In short: the HEA is too good at being expressive, and not good enough at being structured. A
problem-inspired ansatz (node 2.3) gives up some expressivity in exchange for inductive bias that lets the
optimizer find a good answer in linear rather than exponential queries.

When To Use It Anyway
Despite the criticism, the HEA remains a defensible choice in several settings:

• Small qubit count (n ≤ 8 or so): the barren plateau scaling doesn’t bite hard yet, and the HEA’s
hardware-friendliness wins.

• Warm-started initialization: if you have a good initial guess from a classical pre-computation, you
can avoid the random-initialization regime where barren plateaus appear, and the HEA may train fine.

• Symmetry-restricted variants: an HEA can be modified to preserve problem symmetries (e.g.,
particle number), which both shrinks the manifold and can mitigate barren plateaus.

• Benchmarking baseline: when introducing a new optimization technique, the HEA is the standard
baseline ansatz against which improvements are reported. You can’t avoid running on it.

The thesis takes an HEA-with-warm-start as one of its evaluation conditions for exactly the reasons above.

Structural Role
This node is one half of the “what kind of ansatz?” pair (the other half is 2.3). It establishes the hardware-first
design culture and surfaces the central pathology — barren plateaus — that all subsequent ansatz design
tries to escape from. Module 4 returns to this in full when it proves the barren plateau theorem and analyzes
its consequences for HEA-based VQAs.
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Relations to Other Concepts
• 2-designs and t-designs — random circuits drawn from sufficiently deep HEAs approximate Haar-

random unitaries; the barren plateau theorem uses this to bound gradient variance.
• Ising-type ansätze — HEAs whose entangling layers come from time-evolution under an Ising

Hamiltonian; structurally similar.
• Brick-wall circuits — a specific HEA layout common in tensor network and quantum simulation

literature.
• QAOA (quantum approximate optimization algorithm) — a different ansatz philosophy where

the layers come from time-evolving the problem and mixer Hamiltonians; structurally distinct from
HEAs.

Worked Example — A 4-Qubit HEA
Consider a 4-qubit HEA with linear connectivity (qubits 1-2-3-4) and 3 layers:

• Per layer: 4 qubits × 2 rotations/qubit = 8 single-qubit parameters.
• Per layer: 3 entanglers (CNOTs between 1-2, 2-3, 3-4).
• Total parameters: 3 × 8 = 24.
• Total CNOTs: 3 × 3 = 9.
• Circuit depth in two-qubit gates: 3 (one entangling layer per ansatz layer, applied in parallel where

possible).

For H2 at equilibrium geometry, this ansatz is expressive enough to reach within ~1 mHa of the FCI ground
state, given a good initialization. For a random initialization, the optimizer typically gets stuck on a plateau
and cannot reach chemical accuracy.

The same ansatz template, scaled to 8 qubits with the same layer count, has 48 parameters and 18 CNOTs.
At 16 qubits: 96 parameters, 42 CNOTs. The parameter count grows linearly, but the gradient variance
shrinks as 1/4n — and somewhere between n = 12 and n = 20, depending on details, the optimizer simply
cannot make progress from random initialization.

Visualization
Pending. A circuit diagram showing 4 horizontal qubit lines, with vertical “rotation columns” alternating
with “CNOT staircases” — three layers total. Below: a plot of log Var[∂iC] vs n showing the O(1/4n) scaling.
Caption: “Universal in the limit of large L — and that’s the problem.”

Exercises
1. Count the parameters in an HEA with n = 6 qubits, ring connectivity, L = 5 layers, and 3 single-qubit

rotations per qubit per layer. What is the CNOT count?
2. For a 2-qubit HEA U(θ) = CNOT · (RY (θ1) ⊗ RY (θ2)) · CNOT · (RY (θ3) ⊗ RY (θ4))|00⟩, what is the

dimension of the reachable manifold? Is the ansatz universal for 2-qubit pure states? Why or why not?
3. (VQA) The barren plateau theorem requires the ansatz to form an approximate 2-design. Give an

intuition for why a random HEA with sufficient depth satisfies this condition, and explain why a
problem-inspired ansatz (e.g., UCCSD) does not.
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Research Extensions
• Layer-wise initialization strategies — train layer 1 to convergence before unfreezing layer 2, etc.,

to escape the plateau regime.
• Symmetry-preserving HEAs — modify the HEA to commute with conserved quantities, restricting

to a smaller and more trainable manifold.
• Hybrid HEA + warm start — use a classical method (Hartree-Fock, MPS, neural network state) to

initialize HEA parameters in a non-random region.

Cross-links to Other Courses
• Random Matrix Theory — Haar measure, t-designs, concentration of measure.
• Statistics Module 4 — variance of estimators in high-dimensional spaces.
• Quantum Hardware — native gate sets, qubit connectivity graphs, coherence times.
• Module 4 (Barren Plateaus) — the formal pathology that this node introduces informally.

Variational Quantum Algorithms · Module 2 — Parameterized Circuits · Node 2.2
Concepts: parameterized-circuits, entanglement, barren-plateaus, graph-theory
Prerequisites: 2.1
Enables: 2.4, 2.9

hbar.university — own.your.cognition
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