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Abstract

Quantum state preparation forms an essential cornerstone of quantum algorithms.1

Designing efficient and scalable methods for state preparation on near-term quan-2

tum devices remains a significant challenge, with worst-case hardness results3

compounding this difficulty. We propose a deep reinforcement learning framework4

for quantum state preparation, using a novel reward function, capable of immediate5

inference on arbitrary states at a fixed system size post a training phase. This work6

serves as a starting point for scalable ML-based state preparation algorithms.7

1 Introduction8

Quantum state preparation is an essential primitive in a vast majority of quantum computing al-9

gorithms that require encoding classical data into gate-based quantum hardware. Such algorithms10

include not only the prototypical methods (e.g., for solving a linear system of equations [1]), but also11

several common routines for quantum machine learning [2, 3]. Absent robust quantum hardware due12

to limited coherence times and gate inaccuracies in the current noisy intermediate-scale quantum13

(NISQ) era [4, 5], efficient state preparation is critical to harboring any hope for practical quantum14

advantage.15

Efficient and accurate quantum state preparation is, however, challenging. The key difficulty lies in16

the fact that almost all states require exponentially large circuits to prepare [6, 7], with the number of17

circuits of such length blowing up combinatorially thanks to the quadratic number of entangling gates18

(∼ n2 two-qubit gates) allowed at each step. We investigate these results further in Appendix A.3. In19

essence, one needs to relax the requirements of optimality and ask for an “efficient enough” heuristic20

instead. There has been much interest in this problem in recent times following the development of21

larger quantum computers; Appendix B provides an overview of existing methods. In this work, we22

learn such a heuristic with reinforcement learning (RL), training agents to learn to prepare arbitrary23

states of a state-space as efficiently as possible. The agent is guided in choosing gates appropriately24

using a novel reward function that helps remember paths to high-fidelity states seen at intermediate25

steps in training-time trajectories.26

While our approach is broadly applicable, in this work, we focus on an important class of quantum27

states, namely, the stabilizer states. Notably, these states can be physically realized using only gates28

from the Clifford group and find extensive use in quantum error correction [8, 9, 10] and quantum29

information [11, 12]. Clifford circuits retain much of the expressivity afforded by general quantum30

circuits, and can generate highly entangled or complex states. Furthermore, they can be efficiently31

classically simulated, leading to faster training and inference times. For stabilizer states, the average32

circuit size is quadratic in n, which is substantially smaller than the general case; however, the number33

of possible circuits of this size still grows combinatorially, faster than nn, making optimal preparation34

very likely intractable. For all these reasons they serve as an ideal testbed for our method.35
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A significant contribution of this work is the analysis of the state preparation heuristics learned,36

addressing the limitations of existing work in this regard. We prove that our heuristics are guaranteed37

to succeed on at least 96.5% of all stabilizer states; for 9-qubit states, this corresponds to a guaranteed38

preparation of more than 4× 1016 states—despite the agent seeing only 2× 107 states throughout39

training. Furthermore, an advantage of heuristics like ours that iterate a next-gate policy is the40

potential ability to correct gate-noise at intermediate stages of execution of the preparation procedure.41

Using a standard gate-noise model, we find that the heuristics—especially those restricted to a linear42

connectivity—are very robust to noise and continue to prepare states successfully with minimal43

overhead to circuit size. One can view this as a manifestation of the fact that the theoretical guar-44

antee of reverse-preparing |ψ∗⟩ from almost any state |ψ⟩ implies successful preparation whichever45

noisy state |ψ′⟩ an action took |ψ⟩ to. We also analyze the learned entanglement dynamics of the46

linear-connectivity agent in preparing highly entangled states: we show that on average, the agent47

monotonically increases the entanglement content until it reaches the target state.48

Finally, to underscore the generality of our approach for RL-based state preparation beyond Clifford49

circuits, we solve the 3-qubit general problem to 0.99-fidelity. This is a significantly harder problem,50

with circuits with hundreds of gates required to prepare most states.51

2 Methods52

We first define the precise problem, before detailing our line of attack: Given n ∈ N, collection of53

n-qubit states S ⊆ C2n , starting state |ψ∗⟩, a set of gates A induced by a collection G of allowed54

gates and qubit connectivity graph N , and ϵ > 0, find an (efficient) algorithm that upon input any55

state |ψ⟩ ∈ S returns a (short) circuit C such that F(|ψ⟩ , C |ψ∗⟩) ≥ 1− ϵ.56

Naïvely, our goal of starting from57

a fixed state and reaching arbitrary58

targets of choice is at odds with the59

RL setup where the start state may be60

sampled from a distribution but the61

target is fixed. We employ a standard62

reverse-preparation trick [13, 14, 15,63

16] to overcome this: we train the64

RL agent instead to learn paths from65

any given state |ψ⟩ to target state |0⟩.66

That is, we learn paths from |0⟩ to arbitrary states in reverse, by sampling states from the state-space67

and requesting a path from them to |0⟩. At test-time, we efficiently invert the generated circuits to68

prepare |ψ⟩ from |0⟩. See the figure for a pictorial depiction and Table 3 for a more detailed setup.69

2.1 Memory-Guided Reward (MGR)70

Often, the difficult part in an RL design is the reward function: it must be both informative and71

computationally efficient. In Appendix C, we discuss issues with natural reward functions for state72

preparation in detail, and here, we describe our reward that successfully helps agents learn short paths73

in the above RL framework. In what follows, we denote the (variable) length of an episode by T .74

To provide useful signal to the learning agent, the reward function must reward actions that led to a75

high-fidelity state at some step ahead, and should be positive whenever the agent makes new progress76

ahead in the trajectory, say by visiting a state with better fidelity than seen previously in the trajectory.77

To achieve this, we must remember when the maximum-fidelity state of the trajectory occurred and78

assign positive cumulative return to actions that came before, and non-positive cumulative return to79

those that came after. To achieve these objectives, we choose the reward80

r(si, ai, si+1) = γMi+1 −Mi, (1)

where Mi := maxj≤i F(sj , |0⟩) is the maximum fidelity seen until now. Essentially, the reward for81

the ith action is positive if the (i+ 1)-th state si+1 has fidelity higher than that seen so far 1 and is82

≈ 0 if not. The cumulative reward compounds positive rewards after step i; Lemma C.2 proves that83

1In fact, it will have fidelity at least twice as much as seen before, by the well-known fact that stabilizer state
fidelities are always an inverse power of 2 [17].
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the cumulative reward is exactly Gi = γT−iMT −Mi: indeed, this is positive in proportion to the84

maximum fidelity across the trajectory MT , and ≈ 0 after a maximum-fidelity state is reached.85

2.2 Theoretical guarantees on performance86

Let S be a collection of quantum states. Define a property (such as “the state is prepared correctly87

with a circuit containing at most 34 gates”) by a function P : {0, 1}∗ × S → {0, 1} taking as input a88

proposed state preparation model T and a state |ψ⟩ ∈ S, and outputting 1 if the property is satisfied89

when T is run on |ψ⟩ and 0 otherwise. Now, given a trained agent T , we seek to show that some90

desired properties hold over most states |ψ⟩ ∈ S. It is nearly impossible to examine all of S; we91

resort to randomized methods (risking a tiny probability of erroneous results), uniformly sampling a92

large number of states from S and testing the property P on these states, following which we appeal93

to concentration to render our sampled results almost exact for the whole state space S. This approach94

(proofs and computation in Appendix E) indicated that in every case,95

Pr
|ψ⟩∼U(S)

[P (T, |ψ⟩) = 1] ≥ 0.965.

Since the state space S is finite, the left-hand-side probability is simply the number of states satisfying96

P over |S|, so we get that the number of states prepared successfully by the agent is at least 96.5% of97

the full stabilizer state space. This is quite remarkable, given that the agent sees a tiny fraction of the98

state space (around 1 in 1 billion) during the entirety of its training and has generalized to almost99

the whole space despite this. Using a similar technique, we also bound the number of gates that the100

agents use to prepare at least 95% of all states; the results are presented in Table 1 and details of101

the calculation in Appendix E. This almost-universal correctness and efficiency guarantee for our102

heuristics provides much support for their integration into the quantum compiling and control stacks.103

3 Experimental results104

Tasks. We trained agents to prepare arbitrary stabilizer states, and assessed the learned agents’105

preparation capabilities by inference on uniformly sampled stabilizer states (cf. Table 1) and highly106

entangled brickwork states (cf. Figure 1) for each value of the number of qubits n = 5, 6, 7, 9 with107

both linear and full connectivity. As seen in Section 2.2, the agent already prepares states exactly.108

We thus focus on the efficiency of the (correctly) generated circuits. We define a circuit’s efficiency109

to be the number of gates used.110

Baselines. We benchmark our agents against two popular state preparation algorithms: (a) Aaronson111

& Gottesman [18], which generates circuits using a canonical decomposition of the Clifford unitary112

of interest, and (b) the state-of-the-art heuristic proposed by Bravyi et al. [19] that comprises several113

rounds of template matching and peephole optimizations to compile the final circuit from an initial114

inefficient circuit. Both methods use the X , Y , Z, H , S, CNOT and SWAP gates with full qubit115

connectivity, while we use a significantly smaller set (cf. Appendix F.3). Both methods are accessed116

via the IBM Qiskit API [20]. The full experimental setup may be found in Appendix D, and a few117

additional experiments in Appendix F.118

Performance. The learned policies perform substantially better than other methods despite a more119

restrictive gate-set. Further, unlike the baselines, our heuristics are guaranteed to prepare at least120

Table 1: Circuit size (↓) comparison with baselines, averaged across 200 uniformly random stabilizer
states of the appropriate size. The agents are guaranteed to prepare at least 95% of all n-qubit
stabilizer states using at most Tn gates, where Tn is as described in Appendix E.

Algorithm 5-qubit 6-qubit 7-qubit 9-qubit

Aaronson & Gottesman [18] 26.00 ± 6.37 36.43 ± 7.25 48.13 ± 7.29 76.56 ± 8.23
Bravyi et al. [19] 21.10 ± 4.88 29.77 ± 5.97 38.50 ± 5.96 59.24 ± 7.57

DRL (linear connectivity) 15.52 ± 3.25 21.68 ± 3.32 30.18 ± 4.09 48.74 ± 4.50
DRL (full connectivity) 12.83 ± 2.40 17.86 ± 2.88 24.36 ± 3.47 41.92 ± 5.91

Guarantee Tn (full conn.) 22 29 32 56
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Figure 1: (a) A schematic of brickwork Clifford circuits, where each U is sampled independently
from the 2-qubit Clifford group. (b) The progression of entanglement entropy during the preparation
of volume-law entangled 2n-depth brickwork states (solid) vs the entanglement entropy of n-qubit
brickwork states of increasing depth t (dashed). (c) Effect of noisy operations on circuit size in the
linear-connectivity case. The learned heuristics have minimal overhead in circuit size even at large p.
95% of all n-qubit stabilizer states using at most Tn gates (cf. Table 1) as explained in Appendix E.121

The results are presented in Table 1.122

Robustness. On a quantum computer, gate operations always suffer from errors upon implementation123

[7]. A standard noise model is the local bit/phase flip channel model, where with probability p ⪅ 0.1,124

a uniformly random qubit out of those affected by U is either bit-flipped or phase-flipped. We find125

that the agent continues to succeed in this noisy environment, correcting for the noise with small size126

overheads (cf. Figure 1(c)).127

Learned entanglement dynamics. The linear connectivity agents generate local dynamics when128

preparing circuits: interactions on ≤ 2 qubits at each step. Random brick-work circuits on n qubits129

are prototypical examples of this, displaying a linear increase in the partial circuits’ half-chain130

entanglement entropy Sn/2(t) (cf. Appendix A) followed by saturation at t ≲ 2n. It is thus of131

interest to contrast the dynamics generated by linear agents versus brickwork layers. The solid lines132

in Figure 1(b) show the agent’s Sn/2(t) averaged over the preparation of 200 2n-deep brickworks;133

the dashed lines denote those of the brickworks. We see that the agents also achieve monotonically134

improving entropy, implying little redundancy in their gate usage.135

Figure 2: Frequency plots of the 3-qubit general state preparation
heuristic. All states were prepared successfully.

General state preparation. Our136

framework and reward function are137

sufficiently general to prepare richer138

classes of states beyond stabilizers.139

As an example, we train an agent to140

prepare the full 3-qubit state space to141

a fidelity of > 99% (ϵ = 0.01). Ap-142

pendix F.2 details the full experimen-143

tal setup and result statistics. Almost144

automatically, our sampling analysis145

as done in Appendix E yields a guar-146

antee of preparing at least 96.5% of147

the infinite state space successfully.148

Benchmarking used 1500 Haar-randomly sampled states: the agent succeeded each time, with149

an average gate count of 286.150

4 Conclusions151

In this work, we have demonstrated that deep reinforcement learning can facilitate immediate in-152

ference on arbitrary stabilizer states without needing re-training. This is achieved utilizing a novel153

reward function. The framework is sufficiently general as to accommodate various families of154

quantum systems. Our experiments perform a thorough analysis of the agent’s inference capabili-155

ties and providing promise for the integration of RL-based methods into real quantum computing156

environments for transpilation.157
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A Background279

A.1 Quantum computation280

We briefly introduce the principles of quantum computing, quantum circuits and stabilizer states. For281

more elaborate discussions of these topics, we recommend [7] for quantum computing and [18, 17]282

for stabilizer state theory.283

Notation. We use A† to denote the hermitian conjugate A⊤ of operator A. We shall also make use of284

Dirac notation: the ‘ket’ |ψ⟩ represents a column vector and ‘bra’ ⟨ψ| = |ψ⟩† the dual row vector.285

A.2 Quantum circuits and Qubit connectivity286

A quantum gate or operation on a system of qubits is a unitary linear operator U (i.e. U−1 = U†) on287

the corresponding Hilbert space.288

The Pauli group consists of the following canonical single-qubit gates (represented as matrices w.r.t.
the computational basis {|0⟩ , |1⟩}).

I =

(
1 0
0 1

)
, X =

(
0 1
1 0

)
, Y =

(
0 −ι
ι 0

)
and Z =

(
1 0
0 −1

)
.

From definition, it can be inferred that X and Z act as X |b⟩ = |1− b⟩ and Z |b⟩ = (−1)b |b⟩ on the289

qubit state. The single-qubit Pauli group generalizes to the n-qubit Pauli group Pn, which consists of290

tensor products of single-qubit Pauli gates. Other useful quantum gates are the single-qubit Hadamard291

gate H and single-qubit phase gate S, which act as H |b⟩ = (|0⟩+ (−1)b |1⟩)/
√
2 and S |b⟩ = ιb |b⟩292

respectively. The computational basis matrix representations are given by293

I =
1√
2

(
1 1
1 −1

)
, and X =

(
1 0
0 ι

)
.

The canonical two-qubit gate is the controlled-NOT (CNOT), which operates on one target qubit294

conditioned on one control qubit by |x, y⟩ 7→ |x, x⊕ y⟩. The computational basis (this time,295

containing the four elements |00⟩ , |01⟩ , |10⟩ and |11⟩) representation is296

CNOT1,2 =

1 0 0 0
0 1 0 0
0 0 0 1
0 0 1 0

 .

Here, the subscript 1, 2 represents the fact that the first qubit acts as control and the second qubit is297

the target.298

Finally, for our purposes, a quantum circuit is a visual representation of a sequence of quantum299

gates [U1, U2, · · · , Uk] applied left-to-right, and is thus associated with the quantum operation300

U = UkUk−1 · · ·U1.301

Connectivity graphs. A connectivity graph is a practical relaxation: in today’s quantum computers,302

not all qubits are adjacent to each other, and hence it is not physically possible to apply entangling303

gates, e.g. CNOT, to every pair of qubits. A connectivity graph specifies when we may apply304

an entangling gate: an edge {qi, qj} between two qubits in the connectivity graph indicates that305

entangling gates may be applied to the system qiqj . See Figure 3 for an example.306

A connectivity graph together with an allowed set of gates, e.g. {H,S,CNOT} naturally induces a307

set of unitary gates that may be applied to the full system. An example induced set is presented in308

Figure 3.309

A.3 Hardness of the state preparation problem310

The state-space graph associated with a quantum system, gate-set and qubit connectivity is constructed311

as follows. The vertex set V is the state-space itself, e.g. the (infinite) set of n-qubit states. We pick312

an allowed induced gate U , e.g. H applied to the ith qubit, and add edges (|ψ⟩ , U |ψ⟩) labeled by U313

for every |ψ⟩ ∈ V . Doing this across all induced gates yields the complete state-space graph. When314
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Gate Denotation

I |x⟩ = |x⟩

X |x⟩ = |x⊕ 1⟩ X

Y |x⟩ = (−1)xi |x⊕ 1⟩ Y

Z |x⟩ = (−1)x |x⟩ Z

H |x⟩ = |0⟩+(−1)x|1⟩√
2 H

S |x⟩ = ix |x⟩ S

T |x⟩ = eiπx/4 |x⟩ T

CNOT |x, y⟩ = |x, y ⊕ x⟩ •

SWAP |x, y⟩ = |y, x⟩ ×
×

Table 2: Description and representation of the gates used in this work.

the state-space graph is infinite, a popular notion of size is the ε-covering number, representing the315

minimum size of a collection of elements of the space—called a cover—that satisfy the covering316

property: every state of the state space is ε-close (here, in fidelity) to some element of the cover. For317

finite graphs, the ε-covering number for small enough ε is the size of the graph itself.318

The ε-covering number of the n-qubit state space graph is well-known to be doubly exponential in319

the number of qubits:320

Claim A.1. The ε-covering number of the n-qubit state space M(H⊗n; ε) is given by321

M(H⊗n; ε) =

√
πΓ(2n − 1/2)(2n+1 − 1)

Γ(2n)

1

ε2n+1−1
= Ω

(
1

ε2n+1−1

)
.

Here, Γ denotes the gamma function.322

Proof. See Sec. 4.5.4 of [7].323

Claim A.1 has the following immediate corollary:324

Claim A.2. Suppose G is a finite gateset of allowed gates, e.g. {H,S,HSH,Z,CNOT}. Then there325

are n-qubit states ψ that are exponentially hard to optimally prepare to (1− ε)-fidelity; in fact, the326

optimal circuit has length at least327

Ω

(
2n log 1/ε

log n

)
and thus trivially takes exponential time to construct and return.328

Proof. Suppose G consists of g gates, each acting on at most f qubits. The total number of circuits329

with at most m gates from G is upper-bounded by nfgm. However, the number of distinct circuits330

required to prepare every state to (1− ε)-fidelity is at least the minimum size of a ε-covering set, i.e.331

the ε-covering number. Thus, letting m denote the maximum number of gates (as a function of n)332

required to prepare n-qubit states to (1− ε)-fidelity, we must have333

nfgm ≥M(H⊗n; ε) = Ω

(
1

ε2n+1−1

)
,

which implies m ≥ Ω
(

2n log 1/ε
logn

)
, as needed.334
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q1 q2 q3

Connectivity Graph N

Gate set G:

H |x⟩ := |0⟩+(−1)x|1⟩√
2

, S |x⟩ := ιx |x⟩, CNOT |x, y⟩ := |x, x⊕ y⟩

Induced gates A:

H ⊗ I ⊗ I , I ⊗H ⊗ I , I ⊗ I ⊗H

S ⊗ I ⊗ I , I ⊗ S ⊗ I , I ⊗ I ⊗ S

CNOT1,2 ⊗ I3, CNOT2,1 ⊗ I3

CNOT1,3 ⊗ I2, CNOT3,1 ⊗ I2

Figure 3: An example of a connectivity graph, gate set (x, y ∈ {0, 1}) and induced gates for a 3 qubit
quantum system.

Corollary A.3. Let 0 > ε < 1 be fixed and q(n) be a polynomial in qubit size n. The fraction of all335

states that are realizable to (1− ε)-fidelity with a circuit of size at most q(n) goes to 0 as n→ ∞.336

Or almost every state is exponentially hard to prepare, asymptotically.337

Thus, the problem of state-preparation is already worst-case exponentially hard because the circuits338

are exponentially long! This is not just a worst-case estimate: nearly all states require exponentially339

long circuits, for large enough n:340

Proof. Following the proof of Claim A.2, the fraction ηq corresponding to states prepared using at341

most m = q(n) gates satisfies342

ηq ≤
nfg·q(n)

ε2n+1−1
→ 0,

since nfg·q(n) = exp (fg · q(n) log n) = o
(
exp

(
(2n+1 − 1) log 1

ε

))
.343

The fact that one needs to find a long circuit makes the problem hard. Indeed, even a circuit of length344

5 (circuits will typically be at least 29 = 512 gates long) at n = 9 qubits can be chosen from around345

995 ≈ 1010 options, since each gate can be one of 72 CNOTs and 9 each of H , S and T gates (the346

smallest universal set for general state preparation). To search over circuits of length in the 100s347

of qubits, even to prepare a single state, requires searching over a gigantic number of states in the348

state-space graph, which is simply not feasible. Thus, algorithms for optimal circuits are likely to be349

computationally intractable very, very quickly as n increases.350

This suggests looking for a relaxed algorithm: a fast algorithm that returns approximately optimal-size351

circuits for almost all states of the state-space. In particular, we allow some slack from optimality,352
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and allow the algorithm a small failure-rate, allowing the algorithm to fail on a small number of353

“worst-case” states if the slack on more typical states can be reduced instead.354

The Solovay-Kitaev algorithm [21] is a classic approximation algorithm for state preparation; it is355

known to be optimal for circuit size up to a factor polynomial in n. However, this factor is often356

large in practice, which calls for more sophisticated circuit search methods. In recent times, there has357

been much work in approximating the state-space graph search for optimal circuits via machine and358

reinforcement learning (cf. Appendix B).359

In the next section, we describe stabilizer states, which are a rich subset of states that find enormous360

use throughout quantum information science. It turns out that the optimal state preparation problem361

on stabilizer state is slightly more manageable, with the state-space graph size growing singly-362

exponentially as 2n
2

[18]. The state preparation problem thus remains hard on stabilizer states [22],363

although the worst-case (and average-case) optimal circuit size is Θ
(

n2

logn

)
, which is polynomial in364

n. Much like its general counterpart, it can be shown by a counting argument like Claim A.2 that365

asymptotically, almost all stabilizer states require Ω
(

n2

logn

)
gates to prepare. Note again that the366

degree of the state-space graph is quadratic (n2 − n CNOTs) and so the number of possible circuits367

even with a few gates quickly blows up and an exhaustive search will not scale.368

The goal then is to find algorithms that bring the worst-case circuit size down, while continu-369

ing to return correct preparations for almost all states. As Appendix B details, there have been370

decomposition-based, rule-based and learning-based algorithms for this problem; however, the371

problem remains open in terms of the best tradeoff between small circuit size and high success rate.372

A.4 Stabilizer states373

We say that an element π ∈ Pn stabilizes state |ψ⟩ if π |ψ⟩ = |ψ⟩. The set of stabilizers of a state374

comprises its stabilizer group (generated by at most n elements). A state is a stabilizer state iff its375

stabilizer group is generated by n elements. Conversely, every S uniquely determines a corresponding376

stabilizer state |ψ⟩ as the simultaneous eigenstate with eigenvalue 1, g |ψ⟩ = |ψ⟩ ,∀g ∈ S. Since a377

stabilizer group generator ∈ Pn can be represented using 2n+ 1 bits, a stabilizer state |ψ⟩ can be378

written using n(2n+ 1) bits.379

Stabilizer states can also be characterized as the states that can be reached from the all-zeros state380

|0⟩ using Clifford circuits, i.e. unitaries that are a combination of H , S and CNOT gates. Notably,381

the Pauli gates are Clifford unitaries. The action of each of these gates on a stabilizer state’s382

bit-representation is simple, resulting in the efficient classical simulation of quantum computation383

exclusively with Clifford unitaries [18]. This alternate interpretation of stabilizer states leads to them384

also being called Clifford states.385

As mentioned at the end in the previous section, preparing stabilizer states optimally remains a386

challenge despite efficient classical simulability, since the number of stabilizer states grows rapidly387

as 2O(n2). Known optimal implementations have been limited to 6 qubits [23]. Further, the (anti-388

)commutation and involutary properties of Clifford gates make it harder to reason about locally389

greedy search steps. We outline existing work towards stabilizer state preparation in Appendix B.390

Due to their simple mathematical structure and their ability to capture volume-law entanglement391

(where the entanglement content grows with the volume of the qubit lattice, i.e., S ∼ cn for a linear392

n−qubit chain) [24], stabilizer states enjoy vast applicability. They have found immense use in the393

exploration of quantum information [11, 12] and are also crucial for quantum error correction (QEC)394

[8, 7, 9, 10]. They are also applied beyond to measurement-based quantum computing [25, 26],395

quantum-classical hybrid algorithms [27, 28] and even ground-state physics [29].396

A.5 Reinforcement learning397

In a Reinforcement Learning (RL) problem an agent learns through interactions with an environment398

to maximize its reward [30]. The environment is modeled as a Markov decision process, consisting399

of (a) a set S of states of the environment, (b) a set of actions A of the agent, (c) a transition function400

p : S ×A×S → [0, 1] where p(s′|s, a) is the probability that the state of the environment will be s′401

if the environment is in state s and the agent takes action a, (d) a reward function r : S ×A×S → R402
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Figure 4: A Clifford circuit preparing stabilizer state |ψ⟩. The ⊕-end of a CNOT gate denotes its
target qubit.

with r(s, a, s′) representing the reward that the agent receives from the environment for taking action403

a from state s and reaching state s′, and (e) a set T ⊂ S of terminal states. The interaction between404

agent and environment stops on reaching a terminal state or exceeding a maximum number T of405

actions without reaching a terminal state.406

A policy of an RL agent is a function, π : S × A → [0, 1] with π(a|s) being the probability that407

the agent will take action a when in state s. A trace/trajectory τ of π is a tuple of alternating states408

and actions, starting and ending in a state: τ = (s0, a0, s1, · · · , aT−1, sT ). A policy π along with409

a distribution µ over possible start states s0 induces a distribution over traces, with ai ∼ π(·|si),410

si+1 ∼ p(·|si, ai) for each i.411

The cumulative reward, or return, at step i of a T -step trace is defined by412

Gi(τ) ≡
T∑
j=i

γj−ir(sj , aj , sj+1),

where γ ∈ (0, 1) is the discount factor, describing the value of future actions in the present. In our413

work, γ = 0.99 ≡ 1, so the cumulative return is414

The return of trace τ is defined by G(τ) := G0(τ), the full cumulative return of the episode. The415

goal in RL is to find a policy π∗ that maximizes the expected return416

Jπ := Eτ∼(µ,π) [G(τ)] . (2)

Two key objects of interest in the search for such a policy are the value function V π(s) :=
Eτ∼π|s0=s [G(τ)] and the Q-function Qπ(s, a) := Eτ∼π|s0=s,a0=a [G(τ)]. An associated function
is the advantage function, denoting how much better a particular action is w.r.t the average:

Aπ(s, a) := Qπ(s, a)− V π(s) .

We use Proximal Policy Optimization (PPO) throughout our experiments. PPO [31] is a reinforcement417

learning algorithm from the class of actor-critic algorithms designed to improve stability and efficiency418

in policy optimization. A running policy function π (parameterized by θ) and value function V419

(parameterized by ϕ) are maintained, typically as neural networks. Multiple agents gather experience420

by taking actions in the environment, according to current policy π. Concurrently, advantagesAπ(s, a)421

are estimated, approximating Qπ(s, a) and V π(s) using sample averages over the experiences422

collected. In practice, one replaces advantages by generalized advantages, exponentially-weighted423

linear combinations of the advantages along a trace, which yield more robust estimates [32].424

Once sufficiently many steps are collected, we perform several optimization steps. Each optimization425

step starts by sampling a minibatch D = {(si, ai, Âi)}i, where Âi is the advantage estimate, from426

the experience pool E . We next compute the policy objective of PPO, which can be viewed as a427

simplified alternative to the objective in Trust Region Policy Optimization [33]:428

J CLIP(θ) = E(si,ai,Âi)∼E

[
min

(
r(θ)Âi, clip (r(θ), 1− ϵ, 1 + ϵ) Âi

)]
(3)

where ri(θ) = πθ(ai|si)/πθold(ai|si) denotes the probability ratio between new and old policies429

with respective parameters θ and θold. The clip function is defined for a < b by clip(x, a, b) =430

max(a,min(x, b)). ϵ is the clipping hyperparameter; clipping ensures that the new policy does not431
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deviate significantly from the old policy, thereby providing more stable learning. The gradient of the432

objective is computed and the parameters θ updated by gradient ascent. This completes one policy433

optimization step, and the process is now repeated, starting with sampling a new minibatch. Along434

with the policy objective, the value function is trained via the (clipped) value loss defined by435

Lvalue(ϕ) = E(si,ai,Ĝi)∼E

[
max

((
Ĝi − Vϕ(si)

)2
,
(
Ĝi − V clip

ϕ (si)
)2)]

. (4)

Here, V clip
ϕ (si) = Vϕold(si) + clip (Vϕ(si)− Vϕold(si),−ϵ, ϵ) stabilizes the update ϕold → ϕ. Ĝi436

refers to the cumulative reward obtained starting from (si, ai), estimated from the trace containing437

the step (si, ai). Finally, to encourage exploration, an entropy term is also included as part of the438

policy objective,439

JH(θ) = −Esi∼E [H(πθ(· | si))] , (5)

here H(πθ(· | si)) represents the entropy of the policy in state si.440

B Related work441

There is a rich body of literature devoted to preparing quantum states. Algorithmic methods include442

the quantum Shannon decomposition [34], Solovay-Kitaev construction [21] and recently an inverse-443

free Solovay-Kitaev type construction [35]. These algorithms succeed on all states, but are often far444

from optimal in absolute terms. Complexity-theoretically, they are a polynomial factor of n from445

optimal.446

Algorithmic heuristics for the preparation of stabilizer states have been studied in great detail as well447

[18, 19]. Exhaustive search has been performed to find optimal circuits for up to 6-qubit stabilizer448

states [23].449

In recent times, machine learning and deep reinforcement learning approaches have been examined450

to learn preparation heuristics for small systems [36, 37, 38, 39]. [37, 39] have explored learning451

a heuristic for general state preparation up to 2 qubits. Tashev et al. [16] go significantly further,452

leveraging the existence of an analytical best-disentangling-gate once the qubits to disentangle have453

been chosen, and are able to scale their approach to preparing 5-qubit general states. Zen et al. [40]454

use deep RL to learn to prepare specific logical code states. Huang et al. [41] used a method using455

local circuit inversions to learn shallow unitaries. Finally, approaches based on representing stabilizer456

state preparation as an optimization problem and using a SAT solver have also been studied [42, 22].457

We would like to expand discussion w.r.t two papers with similar goals, Bravyi et al. (2021) [19] and458

Kremer et al. (2024) [13]. The former is the current state-of-the-art algorithmic heuristic method459

for stabilizer state preparation, and the latter a top method for reinforcement-learning based state460

preparation. Both methods, however, focus on the related Clifford circuit optimization problem461

(which lends itself to state preparation). Despite this, they remained the best state-preparation methods462

as well.463

Bravyi et al. (2021) initially prepare an un-optimized circuit and optimize it with rule-based replace-464

ment and symbolic peephole optimization till convergence. They benchmark their method against an465

optimal database [23], showing close to optimal CNOT (not total gate) usage, and also against the466

previous baseline of Aaronson-Gottesman (2004) [18].467

Kremer et al. (2024), like our work, also advocate an approach based on RL. However, they slowly468

increase the task difficulty to solve the problem, while we directly use our maximum-based reward469

to achieve successful training. In terms of experiments, Kremer et al. (2024)’s focus is on different470

architectures and CNOT counts, showing a uniform improvement over Bravyi et al. They also remark471

that their agent succeeds on virtually all tested states, which we believe can be turned into a theoretical472

guarantee as well; however, they do not provide one.473

In contrast to these works, we directly attack the state preparation algorithm, seeking to optimize474

circuit size further. Note that our goal is to optimize the total circuit size (not just CNOTs), with475

key focus being to provide worst-case performance guarantees and analyze properties of the learnt476

algorithm empirically. In addition to performance benchmarks, we analyze the agents’ resistance to477

noise and entanglement dynamics, which we believe are important considerations in the analysis of478

state preparation agents.479
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C Reward Analysis480

We shall describe and analyze different natural reward functions that do not succeed, leading finally481

to the derivation of the MGR reward that we use. In what follows, we denote the (variable) length of482

an episode by T (with maximum allowed value T ∗, i.e. T ∗ is the maximum allowed length of an483

episode, after which the episode is truncated).484

A simple choice of reward is the constant penalty, r(si, ai, si+1) := −α; or, as used in [39],485

r(si, ai, si+1) = T ∗ − i when si+1 = |0⟩ to reward the agent for succeeding. This generates reward486

dynamics akin to learning to escape a maze: exploration of a majority of the state space is virtually487

necessary for success, since all visited states are given roughly the same value estimate until the goal488

state is reached. Given the large (2O(n2)-sized) state space, learning by exploring the space is simply489

infeasible, and the agent learns to improve fidelity only slightly, even at n = 6 (cf. Figure 5).490

Another natural choice of reward function is the fidelity to the target state: r(si, ai, si+1) =491

Φ(si+1) := F(si+1, |0⟩) [37, 38]. However, this reward fails to learn—the cumulative reward492

obtained from this reward function does not reflect maximum final fidelity, which is our true goal.493

The agent might, for example, learn to stay close to the target without actually terminating the episode.494

Concretely, an agent in state (|00⟩+ |11⟩)/
√
2 can apply a CNOT gate repeatedly, always staying at495

a fidelity of 1/2 to target state |00⟩; this is optimal for the agent. Indeed, we observe precisely this496

style of behavior when training with this reward (cf. Figure 5). To force the return and final fidelity497

to have the same maximizing policy, we can use reward-shaping [43] which yields the incremental498

fidelity r(si, ai, si+1) = γΦ(si+1)−Φ(si) (γ is the discount parameter). However, we find that this499

also does not learn (cf. Figure 5). Roughly, the key bottleneck here is that the cumulative reward fails500

to capture the visiting of states sj with large Φ(sj) at intermediate points the trajectory since it only501

involves the start and end states. Since the value and policy functions are updated according to these502

sample returns, the agent fails to capitalize on partial paths taken to high-fidelity intermediate states.503

These high-fidelity intermediate states are rare and crucial for the policy to improve.504

Why are they rare? A gate (H , S, HSH or CNOT) applied to a state |ψi⟩ is very likely not to increase505

the fidelity to |0⟩. Indeed, we picked 1000 uniformly sampled 6-qubit states, applying every one506

of 48 gates induced from our gateset to each state. We found that 83.4% of the actions yielded no507

change in fidelity, 10.0% reduced fidelity and only 6.6% improved it. Thus, it is very unlikely during508

the (critical) early stages of training, that states with large fidelity are reached since it would involve509

multiple increases along the path.510

Further, the reward is often negative: during the early stages of training, the final fidelity upon511

truncation of the episode concentrates around the expected change in fidelity, which is ≈ 0 as the512

start and end states are essentially distributed uniformly (the step limit T ∗ is typically sufficient for513

mixing). Hence, the cumulative reward Gi from the ith state, given by Gi = γT
∗
Φ(sT∗) − Φ(si)514

(via telescoping), is likely negative (empirically, 94.2% of the time).515

Figure 5: Performance of the differ-
ent reward functions discussed towards
training a 6-qubit full-connectivity agent.
FIXED corresponds to the fixed-penalty
reward; FIDEL corresponds to using
the fidelity as reward; INCR is the
incremental fidelity γF(si+1, |0⟩) −
F(si, |0⟩); MGR is the reward intro-
duced in this work, and is the only one
that succeeds.

We conclude that to provide useful signal to the learning516

agent, the reward must reward actions that led to a high-517

fidelity state at some step ahead, and should be positive518

whenever progress is made (say, the fidelity increased be-519

yond the best-seen fidelity so far at least once across the520

course of the trajectory). The reward that we define is mo-521

tivated by and addresses these two crucial requirements.522

To provide useful signal to the learning agent, the reward523

function must reward actions that led to a high-fidelity524

state at some step ahead, and should be positive whenever525

the agent makes new progress ahead in the trajectory, say526

by visiting a state with better fidelity than seen previously527

in the trajectory. To achieve this, we must remember when528

the maximum-fidelity state of the trajectory occurred and529

assign positive cumulative return to actions that came be-530

fore, and non-positive cumulative return to those that came531

after. We say cumulative return and not instantaneous re-532

ward because the probabilities of choosing actions are533

determined by the sign and magnitude of the cumulative534
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returns from that step onward. In our case, γ ≈ 1 so future535

rewards are almost equally valued as the current.536

Let Gi =
∑T−1
j=i γ

j−ir(sj , aj , sj+1 denote the cumulative return from step i using which the utility537

of action ai is updated. We choose the reward r such that Gi is positive for each action until the538

maximum-fidelity state of the trajectory is reached, with value proportional to the increase in fidelity539

with respect to states seen before i. This leads, by noting that r(si, ai, si+1) = Gi − γGi+1, that we540

may choose541

r(si, ai, si+1) = γMi+1 −Mi, (6)
where Mi := maxj≤i F(sj , |0⟩) is the maximum fidelity seen until now. As described in the main542

paper, this is indeed the reward we use. We define it formally below for completeness.543

Definition C.1. [MGR reward] The MGR reward at step i of a trajectory is given by544

r(si, ai, si+1) := γMi+1 −Mi,

where Mi := max0≤k≤iΦ(sk) with Φ(·) the fidelity, and γ is the discount parameter ≈ 1.545

The reward can be equivalently expressed as546

r(si, ai, si+1) =

{
γΦ(si+1)−Mi Φ(si+1) > Φ(sk)∀k ≤ i

(γ − 1)Mi otherwise

which expresses the fact that rewards are proportional to new progress made, as motivated.547

The cumulative reward from step i to the terminal step T then takes a particularly neat form, consistent548

with our hope that it is positive for each state reached until the maximum-fidelity state on the path with549

magnitude proportional to the difference of fidelities to |0⟩ between |ψi⟩ and the maximum-fidelity550

state:551

Lemma C.2. Let r denote the MGR reward as defined by Definition C.1. Then, the cumulative552

reward from step i to the terminal step T553

Gi ≡
T∑
j=i

γj−ir(sj , aj , sj+1)

can be expressed as554

Gi = γT−iMT −Mi,

where γ and Mi are as defined in Definition C.1.555

Proof. The key idea is the finite-difference-style formulation of the reward, which lends itself to a556

telescoping sum for the cumulative reward. We have557

Gi =

T∑
j=i

γj−ir(sj , aj , sj+1)

=

T∑
j=i

γj−i(γMj+1 −Mj)

=

T∑
j=i+1

γj−iMj −
T∑
j=i

γj−iMj

= γT−iMT −Mi,

as needed.558

Essentially, the reward for the ith action is positive if the (i + 1)-th state si+1 has fidelity higher559

than that seen so far 2 and is slightly negative if not. The cumulative reward compounds positive560

rewards after step i; Lemma C.2 proves that the cumulative reward is exactly Gi = γT−iMT −Mi561

2In fact, it will have fidelity at least twice as much as seen before, by the well-known fact that stabilizer state
fidelities are always an inverse power of 2 [17].
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– positive in proportion to the maximum fidelity across the trajectory MT , and non-positive after a562

maximum-fidelity state is reached since Mi =MT from thereon.563

The episodic return that is the agent’s goal to maximize is then J ≡ G0 = γTMT −M0. Since564

M0 = F(s0, |0⟩) is a stochastic quantity independent of the policy, the policy essentially seeks565

to maximize MT or achieve MT = 1 corresponding to successful preparation (at which point the566

episode ends). The return is also maximized when γT is maximum, or when the episode length T is as567

small as possible. Thus, the agent is incentivized to prepare correct circuits, and then do them quickly.568

In the beginning, when no episode is able to succeed, we artificially terminate episodes at a large569

maximum-timestep T ∗ to facilitate learning. Once MT = 1 is often reached from randomly sampled570

initial states, the agent begins to optimize gate usage along with MT and achieves convergence with571

MT = 1 almost always and an average episode size T much smaller than T ∗.572

D Experimental Setup and Hyper-parameters573

Table 3 details the exact RL framework used for stabilizer state preparation. The state space S is the574

set of all n-qubit states. The agent picks actions from the inverted action set A† = {a−1 : a ∈ A}.575

The start state for each episode is drawn uniformly from S and target states are those which are ϵ-close576

to the fiducial |0⟩. A successful trajectory leads to a circuit C with F(|0⟩ , C |ψ⟩) = | ⟨|0⟩ |C|ψ⟩ |2 ≥577

1− ϵ. Further notice that578

Table 3: The proposed RL framework for stabilizer state preparation.

Component Description
State Space S The set of n-qubit quantum states to be prepared.
Action Space A The inverse of all gates in the induced collection of n-qubit gates.
Transition Function p(s, u, s′) Deterministic: s′ = u · s if action u ∈ A is applied to state s ∈ S.
Starting Distribution µ Uniform over S.
Terminal state |ψ∗⟩ ≡ |0⟩.

Setup used in the experiments. In this work, we primarily demonstrate the performance and scaling579

behavior of our algorithm by preparing stabilizer states, i.e. S = Sn, the set of n-qubit stabilizer580

states. Each stabilizer state is represented in flattened canonical tableau form [18], so that each state581

is represented by a (2n2 + n)-dimensional bit-vector of stabilizers. We set ϵ = 0, i.e. we target exact582

stabilizer state preparation.583

We work with two qubit connectivities at opposite ends of the connectedness spectrum: (a) the584

fully-connected connectivity with coupling map being the complete graph on the set of qubits, and585

(b) the linear/local connectivity with the edge set of the coupling map being the path {{i, i+ 1} :586

1 ≤ i ≤ n− 1}.587

We use different allowed gatesets for each connectivity. For the fully-connected case, our gateset G588

comprises the H (Hadamard), S (Phase), CNOT and HSH (conjugated phase) gates. The inclusion589

of the conjugated phase gate HSH ensures symmetry within the gate set because it provides an590

operation for theX component that mirrors the effect of S on the Z component. While S modifies the591

Z component of the tableau, the HSH gate equivalently modifies the X component. This symmetry592

is useful since the tableau is also symmetric in X and Z. For the linear connectivity, we use the H , S,593

CNOT and X , Y , Z gates. Both gate-sets are realistic; for example, they can be easily implemented594

on trapped-ion-based quantum computers [44], a promising candidate for quantum computation. It595

is also not unfair to treat HSH as a single gate; it is as easy as S to apply [45] – note that HSH is596

simply a π/2-rotation about the x-axis just as S is a π/2-rotation about the z-axis.597

Random stabilizer circuits are sampled using the Stim API [46]. Each sampled brickwork circuit598

is constructed by choosing independently sampled random 2-qubit stabilizer circuits as “bricks”599

which are then layered as in Figure 1(a) to the required depth. The uniform density on the space of600

general 3-qubit states is the Haar measure; Haar-random general 3-qubit states for our experiments601

are sampled using the IBM Qiskit API [20].602

We implement a version of PPO based on [47] in PyTorch and simulate stabilizer states using Stim603

[46]. The environment is vectorized for parallel training on a single GPU.604
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To facilitate quick learning, especially at the start of training, we restrict episodes to a maximum605

step-count T ∗. The pairs (n, T ∗) used in our experiments are (5, 50), (6, 80), (7, 80) and (9, 127).606

This is especially helpful considering that each gate in our gate-set has an order of at most 4 - four607

consecutive repetitions yield the identity. In the early phases of training, such repetitions by the agent608

are common; artificially stopping episodes and increasing PPO’s entropy loss parameter to force609

more uniform action selection helped us counter this effect.610

Also, for the linear-connectivity agents, we used an interpolation of the MGR reward and the611

difference between the Jaccard distances (to |0⟩’s stabilizer tableau) of the stabilizer tableaus of612

adjacent states (the latter of which is used in [40]). We found that training is faster with this term.613

Additional hyper-parameters used that are part of the PPO algorithm [31] are presented in Table 4.614

Table 4: PPO hyper-parameters used in training.
Hyper-parameter Value

Learning rate (policy) 0.0003
Learning rate (value) 0.0005

Num. optimization epochs 8
Minibatch size 256

GAE parameter (λ) 0.95
policy_optimization_epochs 8

policy_clip_range 0.2
value_optimization_epochs 8

value_clip_range ∞
entropy_loss_weight 0.01

All policy and value networks used had two hidden layers of 512 nodes each. The discount parameter615

was set to γ = 0.99.616

Computational costs of training. Training for 40, 000 episodes with n = 5 qubits took 20 minutes617

on a single Tesla V100 GPU. At n = 7, training took 2.5 hours (130k episodes) and at n = 9 took 8618

hours (160k episodes) on the same GPU.619

E Proofs620

Let S be a collection of quantum states. Define a property (such as “the state is prepared correctly621

with a circuit containing at most 34 gates”) by a function P : {0, 1}∗ × S → {0, 1} taking as input a622

proposed state preparation model T and a state |ψ⟩ ∈ S, and outputting 1 if the property is satisfied623

when T is run on |ψ⟩ and 0 otherwise.624

Now, given a trained agent T , we seek to show that some desired properties hold over most states625

|ψ⟩ ∈ S. Of course, given the large state space S, it is nearly impossible to examine all states,626

even for a small number of qubits. Instead, we shall resort to randomized methods (risking a tiny627

probability of erroneous results), uniformly sampling a large number of states from S and testing the628

property P on these states, following which we appeal to concentration results to render our sampled629

results almost exact for the whole state space S. This is formalized in the following theorem.630

Theorem E.1 (Randomized Property Testing). Let P : {0, 1}∗ × S → {0, 1} be a property. Let631

ε, δ be small error parameters and let the number of samples N satisfy N ≥ 1
2ε2 log

(
1
δ

)
. Denote632

the uniform measure on S by U(S) and let |ψ1⟩, |ψ2⟩, · · · , |ψN ⟩ i.i.d∼ U(S) be sampled i.i.d from the633

uniform measure. Then with probability at least 1− δ over the choice of samples {|ψi⟩}Ni=1,634

Pr
|ψ⟩∼U(S)

[P (T, |ψ⟩) = 1] ≥
∑N
i=1 P (T, |ψi⟩)

N
− ε.

Proof. Define the Bernoulli random variable X : S → {0, 1} by X(|ψ⟩) := P (T, |ψ⟩) with635

|ψ⟩ ∼ U(S). Notice that Xi := P (T, |ψi⟩) for i = 1 to N are thus sampled i.i.d according to the636
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distribution of X . Since 0 ≤ X ≤ 1, Hoeffding’s inequality gives637

Pr
(|ψ1⟩,··· ,|ψN ⟩)∼U(S)⊗N

[
N∑
i=1

Xi ≥ NEX +Nε

]
≤ exp

(
−2(Nε)2∑N

i=1 1

)
= exp

(
−2Nε2

)
.

Simplifying yields638

Pr

[
EX ≥

∑N
i=1Xi

N
− ε

]
≥ 1− exp

(
−2Nε2

)
≥ 1− δ,

where the last inequality follows from N ≥ 1
2ε2 log

(
1
δ

)
. Finally, since X ∈ {0, 1}, note that639

EX = Pr [X = 1] = Pr|ψ⟩∼U(S) [P (T, |ψ⟩) = 1] . Setting Xi = P (T, |ψi⟩), it follows that with640

probability at least 1− δ over the choice of samples {|ψi⟩}Ni=1,641

Pr
|ψ⟩∼U(S)

[P (T, |ψ⟩) = 1] ≥
∑N
i=1 P (T, |ψi⟩)

N
− ε.

642

With the theorem in hand, we were able to prove some rather remarkable properties about our trained643

agents T (fully-connected architecture, n = 5, 6, 7, 9). In every case, S is the set of n-qubit stabilizer644

states. We choose δ = e−10 ≤ 0.00005, ε = 10−3/2 ≈ 0.0316 and N = 5000. Initially, we set645

P (T, |ψ⟩) ≡ 1 iff T (|ψ⟩) returned a circuit preparing |ψ⟩ correctly.

We sampled N states and computed the quantity P ≡
∑
P (T, |ψi⟩)/N . The outcome and corre-646

sponding lower bounds on Pr [P (T, |ψ⟩) = 1] guaranteed by the Theorem are displayed below.647

Number of qubits n = 5 n = 6 n = 7 n = 9

P 1.0 1.0 1.0 0.9976
Pr|ψ⟩∼U(S) [P (T, |ψ⟩) = 1] ≥ 0.9684 0.9684 0.9684 0.9660

648

The results indicate that in every case,649

Pr
|ψ⟩∼U(S)

[P (T, |ψ⟩) = 1] ≥ 0.965.

When the state space S is finite, the left-hand-side probability is simply the number of states satisfying650

P over |S|, so we get that the number of states prepared successfully by the agent is at least 96.5% of651

the full stabilizer state space. This is quite remarkable, given that the agent sees a tiny fraction of the652

state space (around 1 in 1 billion) during the entirety of its training and has generalized to almost the653

whole space despite this.654

For the agent trained to prepare arbitrary 3-qubit general states to a fidelity of at least 0.99, we655

sampled N = 5000 states again and used the same ε and δ. We found that every run was successful,656

so P = 1.0. This means, by the theorem, that657

Pr
|ψ⟩∼U(S)

[P (T, |ψ⟩) = 1] ≥ 1− ε ≥ 0.9684,

or at least 96.5% of the states in the 3-qubit state space will be prepared correctly by the agent. With658

a covering number of around 1031, this means that the agent will prepare > 9.6× 1030 states after659

training on just 1.2× 107 states, which implies a huge generalization on the part of the agent, on the660

order of correctly preparing 1023 states per training state seen!661

Remark. It is important to realize why one should expect such a magnitude of generalization. We662

propose an explanation for this. Consider the 9-qubit Clifford state space as a graph with edges663

between states that can be prepared from each other using a single gate. Since there are n2+3n gates,664

this is around 102 at n = 9 – a large number. This means that one can reach an order of 100k states665

from a single state using k gates. Intuitively, this means that with a “slack” of being k gates from666

optimal, the agent can basically learn to prepare only |S|/100k states, and still be able to prepare667
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the rest of the states in the space with at most k gates more. So a 109-factor of generalization is not668

unreasonable, and corresponds to a slack of 4−6 gates (not too bad when the optimal is around 45-50,669

only 10% from optimal, worst-case). Similarly, for the 3-qubit general case (here the gate-set has670

size 18, so the slack is around 23 log18(10)) ≈ 20 (also pretty good with the optimal being around671

250). The main contribution of the agent is to apply the correct slack gates at the appropriate places672

in a way that keeps it along a path of states that it knows how to prepare from training.673

Remark. We believe we can improve the guarantees by one or two percent by sampling more states;674

however, we believe that the current guarantees serve sufficiently well to indicate the power of the675

agents in our state preparation framework.676

We now turn towards a worst-case guarantee on the size of circuits returned by the agents. On677

n-qubits, we work with properties of the form678

P (T, |ψ⟩) ≡ 1 iff T (|ψ⟩) returned a circuit preparing |ψ⟩ correctly using at most Tn gates.

Notice that a bound of the form Pr|ψ⟩∼U(S) [P (T, |ψ⟩) = 1] ≥ p means that at least a p-fraction of679

the state space will be prepared correctly and with a circuit of size at most Tn. This is a much stronger680

guarantee than the previous one! (Of course, such a guarantee with p close to 1 is only possible if681

the distribution of the circuit sizes across the state space is small-tailed, which we observed it to be).682

The numbers Tn are chosen to be such that the tail beyond Tn occupies at most 1.5% of the weight,683

yielding p > 0.95 for each n. The details are shown in the following table.684

Number of qubits n = 5 n = 6 n = 7 n = 9
Tn 22 29 32 56
P 0.9884 0.9842 0.9840 0.9832

Pr|ψ⟩∼U(S) [P (T, |ψ⟩) = 1] ≥ 0.9567 0.9525 0.9523 0.9515

685

The table shows that in each case,686

Pr
|ψ⟩∼U(S)

[P (T, |ψ⟩) = 1] ≥ 0.95,

or in other words, at least 95% of the stabilizer state space will be prepared using circuits of size at687

most Tn gates. We believe that this is the first such worst-case guarantee for state preparation agents688

trained using learning techniques.689

F Additional experiments690

F.1 Two-qubit Gate Count691

We find that our heuristics use expensive entangling gates efficiently despite never being biased to do692

so.693

CNOT gate count. Our metric for circuit size is the total number of gates, with both one and694

two-qubit gates counted as one unit each. However, since two-qubit gates are often noisier and more695

expensive to apply than single-qubit gates, we check our agents to examine the CNOT count, to see if696

we receive an additional benefit of smaller CNOT counts for free.697

We benchmark our trained agents using the CNOT gate count as the metric of performance. Note698

that our agents are never explicitly trained to minimize two-qubit gates, and are trained with one and699

two-qubit gates placed on an equal footing. However, as our experiments on entanglement dynamics700

show (cf. Figure 1(b)), the agent’s actions do not display much redundancy and monotonically701

increase entanglement—so one might expect good usage of the entangling CNOT gate, especially702

from the linear-connectivity agent. Indeed, that is so: the results are shown in Table 5. Note that the703

two baseline methods use the two-qubit entangling SWAP gate in addition to CNOT.704

Table 5 shows that we perform well, sometimes better than the optimized [19] algorithm with respect705

to CNOT gates, despite having given no bias towards minimizing the number of two-qubit gates. This706

further emphasizes our efficiency in zero-shot state preparation.707
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Table 5: Average number of CNOT gates (↓) used by different algorithms across 200 randomly
sampled uniform stabilizer states.

Two-qubit gate count →) 5-qubit 6-qubit 7-qubit 9-qubit

[18] 9.12 ± 3.29 14.92 ± 3.85 21.34 ± 4.16 38.22 ± 5.46
[19] 7.56 ± 2.46 11.89 ± 2.81 16.30 ± 2.86 26.46 ± 3.17

RL (linear connectivity) 10.16 ± 4.16 14.50 ± 7.34 18.44 ± 4.10 33.51 ± 4.59
RL (full connectivity) 6.08 ± 2.45 9.13 ± 2.28 19.52 ± 7.71 34.20 ± 13.48

F.2 Attacking the general problem: general 3-qubit state preparation708

Parameter Value
Gateset H , S, Z, T single-qubit gates; CNOT gates (full connectivity)
Episodes 30,000
Steps per episode (T ∗) 350
Policy and Value network sizes 3 hidden layers of size 512 each
Discount parameter γ 0.95

Table 6: training settings for general 3-qubit state preparation.

Table 6 presents the experimental setup used in the PPO algorithm to learn a heuristic for 3-qubit709

general state preparation. The Solovay-Kitaev theorem [21] guarantees that for each ϵ > 0 and710

arbitrary n-qubit state |ψ⟩, a finite (exponential) number of gates from our gate-set suffice to prepare711

a circuit, which when applied to the default state |ψ∗⟩ yields a state ϵ-close to |ψ⟩.712

In our experiments, we set the tolerance to ϵ = 0.01, indicating that the heuristic succeeds (or713

equivalently, the RL episode reaches a terminal state) iff the fidelity to the target state exceeds 0.99.714

Notice that general states can require substantially more gates than stabilizer states to prepare: the715

upper bound for general states is O(4n) gates [6], while it is Θ(n
2
/logn for stabilizer states [18]. One716

can think of this result as a consequence of the fact that general states require ≈ 2n+1 independent717

real numbers ∈ [0, 1] to describe, while stabilizer states only require 2n2 + n independent bits to718

describe.719

The algorithm and reward function used in our experiment is identical to that used in all stabilizer720

experiments. We tested the learned heuristic after 30, 000 episodes using 1, 500 fresh Haar-randomly721

sampled 3-qubit states ∈ C9.722

Each state was prepared successfully with the desired fidelity of > 99% on the agent’s first attempt.723

The mean gate count was 286.51 ± 78.87 and the median gate count 278. Mean fidelity was724

0.9916± 0.011. The full statistics are displayed in Figure 2.725

F.3 Preparation of code states726

We use the fully-connected and linear agents to prepare the logical code states |0⟩L and |1⟩L of some727

typical quantum error-correcting codes (QECs) [48, 49, 50]. Figure 6, Figure 7 and Figure 8 show728

the circuits prepared by full-connectivity agents for three very popular codes.729

Note that in each case, the agent was never explicitly trained to prepare any of these states.730
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Figure 6: Preparing logical states |0⟩L (left) and |1⟩L (right) of the [5, 1, 3] perfect code [48], full
connectivity.

Figure 7: Preparing logical states |0⟩L (left) and |1⟩L (right) of the [7, 1, 3] CSS code [49], full
connectivity.

Figure 8: Preparing logical states |0⟩L (left) and |1⟩L (right) of the [9, 1, 3] Shor code [50], full
connectivity.
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