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Abstract

Quantum program synthesis increasingly depends on external
evaluators such as parsers, simulators, and optimizers. In Open-
QASM 3.0 circuit generation, artifact quality is determined not
by text plausibility but by staged execution against tool-defined
quantum semantics. This makes verifier-in-the-loop training a sys-
tems problem: verifier stages differ sharply in cost, latency, and
informativeness, so executing the full verifier on every candidate
is inefficient, while collapsing all verifier outcomes into a single
reward can destabilize learning.

We present Vista, a verifier-in-the-loop agentic reinforcement
learning (RL) system for quantum program synthesis, instanti-
ated for OpenQASM 3.0 quantum circuit generation. Vista intro-
duces twomechanisms: (i) hierarchical verified reward optimization,
which converts staged verifier outcomes into stable learning signals
spanning feasibility, behavior, objective quality, and utility; and (ii)
budget-aware gated evaluation, which schedules expensive verifier
stages using partial evidence from earlier stages. Vista outperforms
four classes of baselines—frontier LLM agents, quantum-specific
agents, RL post-training agents, and RL agentic tool-use agents.
Across quantum optimization tasks, it achieves 1.13× higher exe-
cutability at Pass@10, improves semantic solution quality by 1.10×,
and cuts verifier cost by 1.77× under matched-budget evaluation.
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1 Introduction

Quantum program synthesis increasingly depends on toolchains
such as parsers, simulators, and optimizers. In OpenQASM 3.0 cir-
cuit generation, the key question is not whether a candidate circuit
looks plausible, but whether it satisfies semantic requirements that
only staged execution can validate. A generated circuit must parse,
satisfy qubit and structural constraints, induce task-aligned be-
havior under simulation, and often remain useful for downstream
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refinement. Closing this generation–verification gap is therefore a
core challenge for LLM-based quantum program synthesis.

For this workload, verifier-in-the-loop learning is also a systems
problem. The verifier is an external, staged pipeline whose com-
ponents differ widely in latency, cost, failure modes, and resource
requirements, and may span local CPUs/GPUs as well as remote
services. A practical system must therefore manage intermediate
state, coordinate stage transitions, and decide when deeper verifica-
tion is worth the added cost. Existing execution-feedback methods
improve code generation when checks are cheap and decisive, e.g.,
through reinforcement learning (RL) from test outcomes or iterative
self-reflection over tool interaction [25, 42]. However, they do not
directly address settings such as quantum program synthesis, where
verification dominates cost, later stages are substantially more ex-
pensive than earlier ones, and correctness depends on numerically
sensitive task semantics rather than compile-and-test signals alone.

This paper asks: How can we build a verifier-in-the-loop agentic
RL framework for quantum program synthesis that is simultaneously
stable, efficient, and semantically faithful under expensive verifica-
tion? We organize the design space through three questions: what

semantic signals to optimize, how to shape them into stable learn-
ing objectives, and when to spend verification budget across a
multi-stage verifier. In Vista, the what/how questions are addressed
through hierarchical verified rewards, while the when question is
addressed through budget-aware verifier scheduling via cost-aware
gated evaluation.

To make the execution structure explicit, we describe such a
setting as synthesis under verifier-defined semantics: a policy pro-
poses a candidate artifact, a staged verifier executes the correspond-
ing evaluation pipeline and returns a structured report containing
semantic signals, cost, and diagnostics, and learning optimizes re-
wards derived from that report rather than from text likelihood
alone. In this paper, we instantiate this structure for quantum Open-
QASM synthesis, where the verifier naturally exposes four domain-
native semantic stages: Feasibility, Behavior, Objective, and Utility.

Quantum assembly code generation is a demanding setting be-
cause it combines hard semantic correctness with expensive verifi-
cation. OpenQASM 3.0 is a vendor-neutral, hardware-facing rep-
resentation used across modern quantum software stacks, and
correctness is unforgiving: a generated circuit must parse, satisfy
qubit constraints, and induce task-aligned behavior after simulation
and often local optimization. The problem couples discrete struc-
ture with continuous parameters, so numerical errors can destroy
objective quality even when the program compiles. Verification

https://doi.org/10.1145/3786335.3813148
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3786335.3813148


CAIS ’26, May 26–29, 2026, San Jose, CA, USA Cong Yu, Tuo Shi, Valter Uotila, Shilong Deng, Lei You, and Bo Zhao

is also expensive in practice: IBM Quantum usage starts at $96
per minute [18], while AWS Braket charges substantially higher
reservation-mode rates on real QPUs (e.g., IonQ Aria at $7,000 per
hour) [2]. These costs make “verify everything” unrealistic and turn
verifier scheduling into a first-class systems concern.

We address these questions through the following contributions.
(1) Verifier-in-the-loop RL for quantum program synthesis

We present Vista, a verifier-in-the-loop agentic RL framework
for OpenQASM-based quantum program synthesis. Vista makes
staged quantum verification explicit in the training loop through
structured verifier reports, semantic signals, and explicit verification
budgets (§2 and §3).
(2) Hierarchical verified reward optimization We design a
staged reward that converts multi-stage verifier outcomes into
stable learning signals spanning Feasibility, Behavior, Objective, and
Utility. This preserves the semantic structure of the verifier while
making its outputs usable for RL post-training (§4).
(3) Budget-aware verifier scheduling We formulate verifier exe-
cution as a budgeted stage-scheduling problem and implement a
cost-aware gated policy that selectively invokes expensive simu-
lation and optimization stages based on partial verifier outcomes.
This turns staged verification into a practical systems mechanism
for reallocating budget toward more informative candidates (§5).
(4) Quantum OpenQASM instantiation and evaluation We in-
stantiate Vista on OpenQASM-based quantum optimization tasks
and evaluate it against four baseline classes: frontier LLM agents,
quantum-specific agents, RL post-training agents, and RL tool-use
agents. The evaluation covers end-to-end effectiveness and effi-
ciency, ablations, scaling, and real QPU hardware deployment (§6).

Across quantum optimization tasks, Vista achieves 1.13× higher
executability at Pass@10, improves semantic quality by 1.10×, and
cuts verifier cost by 1.77× under matched-budget evaluation.

2 Problem Setting and Application Context

We now formalize the setting introduced in §1 and instantiate it for
quantum circuit synthesis in OpenQASM 3.0.

2.1 Problem Setting and Execution Model

We study synthesis settings in which artifact quality is defined by an
external verifier. Here, a synthesis instance is represented as 𝑥inst ≜
(spec, constraints, semantics, budget), where spec is the user-level
task description, constraints are machine-checkable requirements,
semantics specifies how task behavior is evaluated, and budget

bounds verification cost.
Given an instance 𝑥inst, a policy 𝜋𝜃 produces a candidate ar-

tifact 𝑎cand ∼ 𝜋𝜃 (· | 𝑥inst). An external verifier 𝑉 then evalu-
ates (𝑥inst, 𝑎cand) and returns a structured verifier report 𝜌ver ≜
(stage, signals, cost, diagnostics), where stage indicates how far
evaluation progressed, signals are semantic measurements pro-
duced by the verifier, cost records verification effort, and diagnostics
explain failure modes such as parser or constraint violations. Learn-
ing then optimizes the policy against a terminal reward derived
from the verifier report: 𝑅ver (𝑥inst, 𝑎cand) ≜ 𝑅(𝜌ver).

This interface makes the execution structure explicit. The setting
is naturally verifier-in-the-loop and agentic: policy improvement

depends on how the system coordinates generation, verifier exe-
cution, and reward construction. Vista instantiates this loop by
coupling an LLM policy to a staged quantum verification pipeline
and optimizing against rewards derived from verifier reports.

2.2 Systems Challenges

The challenge is that the verifier-defined synthesis requires a het-
erogeneous execution pipeline. First, verification is typically multi-
stage with heterogeneous costs. A candidate may fail immediately
on cheap checks (e.g., parsing or resource constraints), or only later
after expensive simulation, objective evaluation, or downstream
optimization. Verification therefore forms a staged pipeline whose
stages differ sharply in latency, cost, and informativeness.

Second, verifier feedback is usually black-box and delayed. Se-
mantic quality often becomes clear only after full artifact execution,
and the resulting signals may be noisy or expensive to obtain. This
creates a systems problem: evaluating every candidate with the
full verifier pipeline wastes budget, while collapsing all verifier
outcomes into a single reward value can hurt training stability.

Addressing these challenges requires the design space (see §1):
what semantic signals to optimize, how to shape them into stable
learning objectives, and when to spend verification budget across
stages. Vista makes this design space explicit by exposing stage,
semantic signals, and cost through the verifier report 𝜌ver.

2.3 Quantum Circuit Synthesis and

Optimization

Vista instantiates the quantum program synthesis setting with the
OpenQASM 3.0 circuits. OpenQASM is a vendor-neutral, hardware-
facing representation that serves as a common interchange format
across modern quantum software stacks [8, 10, 20, 34, 43]. In our
setting, the synthesis input specifies a graph-optimization problem
in natural-language form together with resource constraints and a
task-specific semantic descriptor (e.g., generated circuits may be
used for portfolio optimization [46] or quantum chemistry prob-
lems [33]), and the output is a complete OpenQASM circuit with
associated parameters.

The semantic target is not merely syntactic validity. A gener-
ated circuit must parse, satisfy qubit and structural constraints,
and ensure task-aligned behavior for the underlying optimization
objective. Concretely, many of these tasks are Hamiltonian-based
optimization problems [12] in which a circuit is assessed through
the distribution over measured bitstrings, the resulting expectation
value, and its usefulness as a warm start for downstream optimiza-
tion. OpenQASM synthesis is therefore an instance in which artifact
quality is inherently verifier-defined.

The quantum setting is also a natural stage structure for semantic
verification. The dominant semantic stages include:

• Feasibility: whether the generated artifact parses and satis-
fies resource or structural constraints;

• Behavior: whether the induced output distribution aligns
with the intended task behavior;

• Objective: whether the circuit achieves strong task-level
semantic quality under the target objective;

• Utility: whether the generated circuit is useful for down-
stream optimization, e.g., as a warm start.
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Fig. 1: Vista design overview with two key mechanisms: (i) Hierarchical verified reward, which turns multi-stage verifier outcomes into
progressive learning signals; and (ii) Budget-aware gated evaluation, which filters candidates to avoid unnecessary expensive verification.

These stages are not introduced as arbitrary reward terms; they
arise directly from the failure modes and verifier stages of quantum
optimization tasks [7, 32]. This stage structure provides the founda-
tion for the hierarchical reward design in §4 and the budget-aware
verifier scheduling policy in §5.

In this paper, we use verification to refer to the staged external
evaluation pipeline used to assess generated quantum circuits. Fea-
sibility is a strict executability and structural-validity check. If a
quantum circuit fails the feasibility checking, it is directly rejected.
By contrast, Behavior, Objective, and Utility are soft semantic cri-
teria that assess distributional alignment, task-level quality, and
downstream usefulness through numerical measurements rather
than binary formal-correctness predicates. Thus, we use "verifi-
cation" in a broad systems sense, closer to acceptability-oriented
computing [39] and conditionally correct evaluation [41] than to
classical full functional verification.

3 Vista Design

Vista is a verifier-in-the-loop agentic RL system for expensive-
semantics synthesis in quantum circuit generation. It operational-
izes a staged synthesis loop from task instance to candidate artifact,
verifier report, and terminal reward. At a high level, Vista combines
two mechanisms: (i) Hierarchical verified reward, which determines
what semantic signals are exposed to learning and how they are
converted into stable reward signals; and (ii) Budget-aware gated
evaluation, which determines when verification budget should be
spent on deeper stages of the verifier pipeline.

Figure 1 shows the overall architecture and verifier-in-the-loop
workflow. Vista begins by constructing the synthesis setting from
the input prompt ( 1 ), which initializes an instance 𝑥inst ≜ (spec,
constraints, semantics, budget). This instance specifies the task de-
scription (spec), machine-checkable constraints (constraints), se-
mantic evaluation criteria (semantics), and the verification budget
(budget). Conditioned on this instance, the policy model generates
a set of OpenQASM 3.0 circuit candidates ( 2 ).

The generated candidates are then dispatched to the staged veri-
fication service ( 3 ), backed by quantum simulation or a physical

quantum processing unit (QPU). Verification proceeds through
Vista’s two core mechanisms. First, Hierarchical verified reward
(§4) determines which semantic signals are exposed to learning
and how multi-stage verifier outcomes are converted into termi-
nal rewards ( 4 ). In our quantum instantiation, these signals are
organized into four semantic stages: feasibility, behavior, objective,
and utility. Second, Budget-aware gated evaluation (§5) determines
when candidates should advance to more expensive verifier stages,
using early-stage evidence to stop weak candidates and reserve
deeper evaluation for promising ones.

Finally, Vista updates the policy model ( 5 ) using the result-
ing verified rewards. In this way, Vista closes the loop between
candidate generation, staged semantic verification, and policy opti-
mization under an explicit verification budget.

4 Hierarchical Verified Reward Optimization

This section investigates the what and how parts of the design
space for quantum synthesis. We first specify the semantic signals
of the verifier, then define the four stage-aligned verifier questions
in our setting, and finally show how these staged outcomes are
combined into a scalar reward for the agentic RL loop. The key
design principle is to preserve the semantic structure exposed by
the verifier, rather than collapsing all verifier outcomes into a single
undifferentiated score.

4.1 Verifier Signals for OpenQASM Synthesis

Vista’s verifier returns a structured report 𝜌 containing the cur-
rent semantic stage, the corresponding semantic signals, the cost
of obtaining those signals, and diagnostics for failure cases. As
illustrated in Fig. 1(a), Vista instantiates 𝜌 with four stages: (i) Fea-
sibility, which captures executability and constraint satisfaction; (ii)
Behavior, which captures distributional alignment; (iii) Objective,
which captures task-level semantic quality; and (iv) Utility, which
captures usefulness for downstream optimization.

These signals differ in semantics, cost, and failure mode. We
therefore organize reward construction hierarchically: earlier stages
provide cheap, necessary feedback, while later stages provide richer
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but more expensive semantic information. This ordering follows
the verifier pipeline itself—feasibility → coarse behavior → task-
level objective quality → deployment utility—and yields a minimal
domain-native decomposition. Merging stages conflates distinct
semantic roles, while introducing more stages would over-fragment
the hierarchy.

4.2 Four-Stage Verifier Semantics

We now define the four semantic stages used in Vista. Each stage
answers a distinct verifier question, and each later stage becomes
meaningful only after earlier preconditions have been satisfied.
Stage 1: Feasibility. Is the generated quantum circuit executable? A
circuit is feasible if it passes the OpenQASM 3.0 parser. If parsing
fails, reward computation terminates immediately and returns a
negative value. This stage is computationally cheap and filters
invalid artifacts before deeper semantic evaluation. Formally, let
𝑠1 (𝑎) ∈ {−1, 1} denote the Feasibility signal, where 𝑠1 (𝑎) = 1 if
parsing succeeds and 𝑠1 (𝑎) = −1 otherwise.
Stage 2: Behavior. If feasible, does the program behave broadly
like a good solution? We capture coarse semantic alignment using
the measurement distribution induced by the generated circuit.
Prior work [21] used KL-based measures; here we use the Jensen–
Shannon (JS) distance [28] because it is bounded and empirically
more stable for RL. Let 𝑝 and 𝑞 denote the measurement distribu-
tions of the generated circuit 𝑎 and reference circuit 𝑎′, respectively.
We define

𝑑JS (𝑝, 𝑞) =

√︄
JS(𝑝 ∥ 𝑞)
log 2

, (1)

where JS(𝑝 ∥ 𝑞) = 1
2𝐷KL (𝑝 ∥𝑚) + 1

2𝐷KL (𝑞 ∥𝑚) and𝑚 = 1
2 (𝑝 + 𝑞).

The resulting behavior score is

𝑠2 (𝑎) = 1 − 𝑑JS (𝑝, 𝑞) ∈ [0, 1] .

This stage provides a smooth semantic surrogate before exact task
quality is known.
Stage 3: Objective. Is the circuit good for the task itself? Behavioral
similarity alone is insufficient: two circuits may induce different
distributions yet still have similar or different task quality. We
therefore include an Objective-stage signal that measures task-level
semantic quality directly through the cost Hamiltonian [12]:

𝐽 (𝑎) := ⟨𝜓𝑎 |𝐻 |𝜓𝑎⟩ =
∑︁

𝑧
𝑝𝑎 (𝑧) 𝐸 (𝑧),

where 𝑎 is the generated circuit, 𝐻 is the task Hamiltonian, and 𝑝𝑎
is the induced measurement distribution. For a feasible circuit, we
compute 𝐸gen and normalize it using the Hamiltonian eigenvalue
bounds 𝐸min and 𝐸max:

𝑠3 (𝑎) := 1 −
𝐸gen − 𝐸min

𝐸max − 𝐸min
. (2)

This term measures task-level semantic quality more directly than
distributional alignment.
Stage 4: Utility. Is the circuit a good warm start for downstream
refinement? Even a semantically reasonable circuit may not be
useful in practice [7]. In hybrid quantum–classical workflows [38], a
common deployment pattern is to refine a generated circuit through
local optimization. We therefore measure warm-start usefulness.
Let 𝑛 denote the number of optimization steps needed to reach

the stopping criterion, and let 𝐸opt denote the post-optimization
expectation value. We define

𝑠4 (𝑎) :=
1

1 + 𝑛
+
(
1 −

𝐸opt − 𝐸min

𝐸max − 𝐸min

)
. (3)

The first term captures optimization efficiency, while the second
captures post-optimization quality. Together, they measure down-
stream utility.

4.3 Reward Construction and Scalarization

Having defined the four semantic stages, we combine them into a
single terminal reward for RL:

𝑅(𝑎) =

−1, 𝑠1 (𝑎) = −1,

𝑤2 𝑠2 (𝑎) +𝑤3 𝑠3 (𝑎) +𝑤4 𝑠4 (𝑎), 𝑠1 (𝑎) = 1,
(4)

where𝑤2,𝑤3,𝑤4 ≥ 0 are nonnegative weights controlling the rela-
tive contribution of the Behavior, Objective, and Utility stages.

This scalarization preserves the hierarchy. Feasibility acts as a
hard gate on invalid artifacts, while the later three stages contribute
progressively richer semantic feedback. The resulting reward is
therefore a scalar training signal constructed from semantically
ordered components that become meaningful only after earlier
preconditions have been satisfied.

5 Budget-Aware Verifier Scheduling

This section instantiates the when part of the design space. After
§4 defines the semantic stages, the remaining systems question is
how to schedule them under a limited verification budget. Because
later stages are more informative but also much more expensive,
Vista introduces budget-aware gated evaluation, which uses partial
verifier outcomes to decide whether a candidate merits deeper eval-
uation. By stopping weak candidates early, Vista reduces wasted
simulator and optimizer invocations and reallocates the saved bud-
get toward deeper semantic supervision for promising samples,
improving RL training efficiency.

5.1 Verifier Scheduling as a Policy

Verification is staged. For each candidate artifact 𝑎, the verifier does
not expose all semantic signals at once; instead, it produces pro-
gressively richer reports, denoted as 𝜌 = {(𝑠𝑖 , 𝑐𝑖 )}𝑚𝑖=1, where 𝑠𝑖 is
the semantic signal acquired at stage 𝑖 and 𝑐𝑖 is the associated com-
putational cost. Early stages are typically cheap and structurally
required, whereas later stages are more semantically informative
but can dominate total verification cost. Verifier execution is there-
fore not a fixed evaluation routine, but a scheduling problem.
Verifier scheduling problem. Vista invokes a policy 𝜋 to decide
which stages to execute for each candidate artifact 𝑎, inducing
a selected subset 𝜋 (𝑎) ⊆ {1, . . . ,𝑚} and a corresponding partial
report 𝜌 ′ = {(𝑠𝑖 , 𝑐𝑖 )}𝑖∈𝜋 (𝑎) . The goal is to maximize semantic utility
across all candidates under a verification budget 𝐵:

max
𝜋

∑︁
𝑎

∑︁
𝑖∈𝜋 (𝑎)

𝑢𝑖 (𝑠𝑖 ) s.t.
∑︁
𝑎

∑︁
𝑖∈𝜋 (𝑎)

𝑐𝑖 ≤ 𝐵,

where 𝑢𝑖 measures the utility of semantic feedback at stage 𝑖 .
This problem is NP-hard, since 0–1 knapsack [23] reduces to

it by treating each stage as an item with value 𝑢𝑖 and weight 𝑐𝑖 .
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We therefore instantiate a lightweight scheduling policy for the
quantum setting through progressive semantic screening.

5.2 Quantum Instantiation: Progressive

Semantic Screening

We instantiate the scheduling policy for the four-stage quantum
verifier (§4). The core idea is progressive semantic screening: every
candidate first undergoes cheap structural checks, and only those
with sufficiently promising early-stage semantics are escalated to
more expensive stages.

As illustrated in Fig. 1, Feasibility is always executed because it
is inexpensive and establishes the first semantic gate; invalid Open-
QASM programs are rejected immediately. For feasible candidates,
the verifier next computes the Behavior signal, which is cheaper
than optimization-oriented evaluation and provides a bounded,
lower-variance indicator of whether the candidate behaves like a
useful solution. Only candidates whose partial reports indicate non-
trivial learning value advance to Objective and Utility evaluation.

In this quantum instantiation, the scheduling problem there-
fore becomes a sequential gated evaluation policy. The policy 𝜋gate
decides whether to proceed to stage 𝑘 + 1 based on the current
partial report 𝜌≤𝑘 = {(𝑠𝑖 , 𝑐𝑖 )}𝑘𝑖=1 and the fixed stage order Feasibil-
ity → Behavior → Objective → Utility. Concretely, 𝜋gate (𝜌≤𝑘 ) ∈
{stop, continue}, where continue is chosen only when the current
signal 𝑠𝑘 is sufficiently promising. This policy mirrors the semantic
ordering used in §4, but uses that ordering for budget allocation
rather than reward construction.

5.3 Policy Implementation

Fig. 1 illustrates the gated evaluation policy. Vista implements
a stage-aware, thresholded escalation policy over partial verifier
outcomes: (i) infeasible candidates stop immediately; (ii) feasible
candidates are evaluated at Behavior ; (iii) only candidates with
𝑠2 ≥ 𝜏behavior and sufficient remaining budget proceed to Objective;
and (iv) Utility is evaluated only for candidates with 𝑠3 ≥ 𝜏objective
and remaining budget.

This policy is intentionally lightweight. Its purpose is not to
solve the general verifier-scheduling problem optimally, but to ex-
pose the key systems mechanism in a practical form: expensive
verifier stages should be invoked selectively from partial semantic
evidence rather than executed uniformly for every candidate. By
stopping weak candidates early, Vista reduces wasted verifier work
and reallocates budget toward candidates that are more likely to
benefit from deeper semantic supervision. §6.4 and §6.5 evaluate
this policy along three dimensions: verifier-cost reduction, qual-
ity under matched budget, and end-to-end latency in the hybrid
classical–quantum setting.

6 Evaluation

We evaluate Vista and answer the following four questions.
Q1: Effectiveness. Does Vista outperform SOTA baselines on
both executability and semantic quality? (§6.2)
Q2: Mechanism.Which design choices in Vista contribute most
to the gains? (§6.3)
Q3: Efficiency. Does cost-aware gating reduce verifier cost while
retaining strong semantic performance? (§6.4)

Q4: Deployment. Can the verifier-in-the-loop RL pipeline run end-
to-end on real QPUs and hybrid classical–quantum systems? (§6.5)

6.1 Experimental Setup and Metrics

Training data. We use the state-of-the-art quantum-specific LLM
training dataset from Agent-Q [21]. It contains 13,914 circuits and
covers both typical and hard-tail circuit regimes, with qubit counts
ranging from 8 to 16, gate counts from 48 to 1,138, and circuit depth
from 8 to 839. The dataset also provides offline-optimized parame-
ters, Hamiltonian metadata, and ground-truth circuits with numer-
ically optimized parameters, which we use as reward references
during verification. Additional dataset statistics and construction
details are provided in Appendix A.4.
Models and testbed. We post-train a 4B Qwen3 model [50] using
GRPO [40] with the Vista staged quantum verification service. Ex-
periments are conducted on a hybrid classical–quantum testbed
consisting of a national supercomputer connected to a 5-qubit su-
perconducting quantum processor. We use up to 16 compute nodes,
each equipped with 8× AMD MI250X GPUs and a 64-core AMD
EPYC Trento CPU, for a total of 128 GPUs and 1,024 CPU cores.
Detailed training hyperparameters and deployment settings are
provided in Appendix A.4.
Evaluation metrics.We report five complementary metrics un-
der both Pass@1 and Pass@10. Pass@1 uses one sampled comple-
tion per prompt, while Pass@10 samples up to 10 completions per
prompt. We use the following stage-aligned metrics throughout
the evaluation: Feasibility (SCR), Behavior (RE), Objective (SREV),
and Utility (HQCR). We additionally report Δ𝐸 as a fine-grained
objective-error metric. These metrics correspond to different levels
of staged external evaluation: SCR captures a hard feasibility check,
whereas RE, SREV, HQCR, and Δ𝐸 capture progressively stronger
soft semantic criteria.
(1) Feasibility (SCR, Syntax Compilation Rate) measures the fraction
of generations that produce executable OpenQASM programs, i.e.,
SCR = 1

𝑁

∑𝑁
𝑖=1 1[parse pass] . Higher is better.

(2) Behavior (RE, Relative Entropy) measures the relative entropy
between generated and reference measurement distributions, ag-
gregated over evaluated samples. Lower is better.
(3) Objective (SREV, Success Rate of Expectation Validation) is a pass-
rate metric for task-level objective quality: the fraction of genera-
tions whose expectation value lies within a predefined tolerance of
the reference optimum, i.e., SREV = 1

𝑁

∑𝑁
𝑖=1 1[|𝐸 (C𝑖 ) − 𝐸★𝑖 | ≤ 𝜖𝐸] .

Higher is better.
(4) Utility (HQCR, High-Quality Circuit Rate) measures the fraction
of generations that satisfy the high-quality criterion used in evalu-
ation, combining semantic quality and downstream usefulness. In
the threshold-sweep plots, the varied component is the RE qual-
ity cutoff (default 0.1, with sweeps shown in Fig. 3a), while the
efficiency condition is kept fixed. Higher is better.
(5)Objective Gap (Δ𝐸, Expectation-Value Error)measures per-instance
absolute objective error, Δ𝐸𝑖 = |𝐸 (C𝑖 ) − 𝐸★𝑖 |. Lower is better.
Baselines.We compare against four categories of baselines
(1) Frontier LLM agents: DeepSeek-V3 [29], GPT-4o [16], and GPT-
5 [37], all evaluated under the same four-shot prompting budget.
These represent strong general-purpose LLM agents without task-
specific reinforcement learning.
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Fig. 2: Per-primitive breakdown of Utility (HQCR) across the 12
graph-optimization tasks. Vista improves semantic quality broadly
rather than on only a small subset of primitives.

(2) Quantum-specific agents: Agent-Q [21], a state-of-the-art fine-
tuned LLM for quantum circuit generation and optimization.
(3) RL post-training agents: Cold Start GRPO [40], where the base
model is trained directly with GRPO from scratch, without hierar-
chical verification or structured tool interaction.
(4) RL agentic tool-use agents: Verl-Tool [22], an agentic reinforce-
ment learning framework that integrates tool interaction within a
streaming training paradigm.

6.2 End-to-End Effectiveness and Robustness

We first evaluate whether Vista improves end-to-end semantic
quality over baselines, and whether these gains are robust.
(i) Overall performance. Table 1 shows that Vista achieves the
strongest overall combination of Feasibility (SCR), Objective (SREV),
Behavior (RE), and Utility (HQCR) among the evaluated baselines.
At Pass@1, Vista reaches 99.31% Feasibility (SCR), 22.41% Objec-
tive (SREV), 11.61 Behavior (RE), and 17.24% Utility (HQCR), im-
proving over the strongest post-training baselines by +1.45 points,
+2.57 points, −0.70 (5.69% lower), and +1.16 points, respectively. At
Pass@10, Vista reaches 100% Feasibility (SCR), 33.10% Objective
(SREV), 8.48 Behavior (RE), and 27.24% Utility (HQCR), correspond-
ing to gains of +0.28 points, +1.06 points, −1.74 (17.03% lower), and
+2.53 points against the strongest baseline per metric. Overall,
verifier-in-the-loop post-training improves not only compilability,
but also task-level semantic alignment.
(ii) Per-primitive results.We next test whether these gains are
broad or concentrated in only a few tasks. Fig. 2 reports per-primitive
performance across the 12 graph-optimization tasks. The gains are
broad rather than narrow: Vista improves Utility (HQCR) across
most primitives and maintains advantages on harder tasks where
prompting-based baselines degrade more sharply. This pattern is
consistent with the aggregate Utility (HQCR) gains in Table 1, sug-
gesting that the improvement is distributed across primitives rather
than driven by a single outlier task.
(iii) Robustness to semantic thresholds.We next test whether
the gains persist under alternative semantic views rather than a
single threshold. Utility (HQCR) uses a default Behavior (RE) thresh-
old of 0.1; Fig. 3a sweeps this threshold from 0.1 to 0.9 and shows
that Vista remains consistently superior across the full range, indi-
cating robustness beyond a hand-picked cutoff. We further assess
objective-level semantics via Δ𝐸 = |𝐸 (C) − 𝐸★ |. Fig. 3b shows that
Vista reduces Δ𝐸 against all baselines, indicating genuinely better
optima rather than superficial alignment. Compared with random
parameter initialization, Vista also achieves lower JS divergence

(a) Utility (HQCR) under varying Behavior (RE)
thresholds.

(b) Objective Gap (Δ𝐸) for valid
QASMs.

Fig. 3: Robustness of semantic quality under alternative thresholds
and objective-gap evaluation. Vista remains stronger under both
Utility (HQCR) threshold sweeps and Objective Gap (Δ𝐸).

(a) Feasibility (SCR) vs. qubit count. (b) Utility (HQCR) vs. qubit count.

Fig. 4: Scaling robustness in qubit count. Vista maintains stronger
Feasibility (SCR) and Utility (HQCR) as problem size grows.

(a) Utility (HQCR) vs. gate count. (b) Utility (HQCR) vs. circuit depth.

Fig. 5: Scaling robustness in circuit complexity. Vista retains stronger
Utility (HQCR) as gate count and circuit depth increase.

(0.79 vs. 0.95; 16.84% lower) and expectation values closer to the op-
timum (0.16 vs. 0.36; 55.56% lower), suggesting that it learns mean-
ingful circuit structure and parameter priors rather than merely
producing compilable templates.
(iv) Scaling robustness.We finally test whether Vista’s advantage
persists as problem size grows. In Fig. 4, Vista retains higher Feasi-
bility (SCR) andUtility (HQCR) than all baselines across 8–16 qubits,
while prompting-based LLMs degrade sharply, especially beyond
14 qubits. This robustness also carries over to structural complexity:
Fig. 5 shows that Vista maintains stronger Utility (HQCR) as gate
count (20–480) and depth (10–240) increase. These results indicate
robustness to scale in both qubit size and circuit structure within
the evaluated regime, though they should not be read as a full
systems-level scaling study.

6.3 Why Does Vista Work?

We next isolate which design choices drive Vista’s gains, focusing
on hierarchical verified rewards and their effect on optimization.We
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Tab. 1: Vista’s Pass@K comparison across baseline categories. Metrics include Feasibility (SCR), Objective (SREV), and Utility (HQCR).

Category Methods

Pass@1 Pass@10

Feasibility
SCR↑

Behavior
RE↓

Objective
SREV↑

Utility
HQCR↑

Feasibility
SCR↑

Behavior
RE↓

Objective
SREV↑

Utility
HQCR↑

LLM Agents

DeepSeek-V3 94.83% 19.20 12.24% 10.00% 98.97% 16.39 26.38% 16.38%
GPT-5 87.07% 19.94 10.00% 6.90% 90.52% 11.57 27.07% 16.55%
GPT-4o 87.93% 19.42 9.83% 6.38% 88.79% 14.08 18.62% 12.07%

Quantum-Specific Agent Agent-Q 97.41% 12.74 18.97% 15.17% 99.65% 10.81 31.55% 23.62%

RL Post-Training Cold Start GRPO 84.48% 14.32 19.84% 12.41% 95.17% 11.38 27.59% 18.96%

RL Agentic Tool-Use Verl-Tool 97.86% 12.31 19.62% 16.08% 99.72% 10.22 32.04% 24.71%

Quantum-Specific RL (Ours) Vista 99.31% 11.61 22.41% 17.24% 100% 8.48 33.10% 27.24%

(a) Utility (HQCR) during training. (b) Total verified reward during training.

Fig. 6: Training dynamics of hierarchical verified rewards. Vista
converges faster and remains more stable than weaker ablations
and Verl-Tool.

answer this in two steps: (i) reward ablations under matched com-
pute (Table 2), and (ii) training-dynamics analysis to test whether
staged semantic supervision improves convergence.
(i) Reward ablation results. We quantify the contribution of
each reward component by removing one element of the hierarchi-
cal reward in §4. The ablations follow the four stages: Feasibility,
Behavior, Objective, and Utility. For each variant, we disable one
component while keeping the remainder unchanged, and include a
Validity-only sanity baseline that uses only the Feasibility reward
(valid QASM: 1, invalid QASM:−1). All runs start from the same SFT
checkpoint and use matched compute, fixing the verifier, references,
and optimization budget to isolate the effect of reward design.

Table 2 shows that Behavior is the dominant contributor. Re-
moving it causes the largest drop across all metrics: at Pass@1,
Feasibility (SCR) falls from 99.31% to 66.38%, Objective (SREV) from
22.41% to 5.17%, Utility (HQCR) from 17.24% to 5.69%, and Behav-
ior (RE) worsens from 11.61 to 24.67. The same pattern holds at
Pass@10, with drops of 20.18 points in Feasibility (SCR), 17.58 in
Objective (SREV), 10.34 in Utility (HQCR), and 9.78 in Behavior (RE).
Other stages contribute smaller but still measurable gains: remov-
ing Objective lowers Pass@10 Objective (SREV) by 2.07 points, and
removing Utility lowers Pass@10 Utility (HQCR) by 0.69 points.
Feasibility alone is insufficient: the Validity-only baseline keeps
Pass@10 Feasibility (SCR) at 100% but reduces Utility (HQCR) from
27.24% to 23.27%. Overall, the stages play different roles, and the
full hierarchy performs best jointly.
(ii) Training dynamics and stability. We further test whether
hierarchical rewards improve optimization behavior during training.
As shown in Fig. 6, over 0–200k steps Vista converges faster and
maintains higher Utility (HQCR) and total reward than weaker
ablations and Verl-Tool. Variants such as w/o Behavior also exhibit

(a) Stage-wise passing rates under gated
evaluation.

(b) Average verifier time per iteration:

gated vs. non-gated.

Fig. 7: Cost-aware gated evaluation improves verifier efficiency by
filtering weak candidates before expensive stages.

visible degradation or instability. These dynamics are consistent
with the final ablation gaps in Table 2, for example the +10.34
Pass@10 gain in Utility (HQCR) over w/o Behavior. This supports
the role of hierarchical verified rewards in steering optimization
toward semantically meaningful regions of the search space.

6.4 Matched-Budget Verifier Efficiency

Wenext isolate the verifier-side benefit of cost-aware gating: whether
it reduces verifier cost, whether the saved budget improves quality
under matched verifier wall-clock budgets, and where the savings
arise within the multi-stage verifier. This section focuses on verifier-
only accounting; §6.5 complements it with end-to-end system la-
tency and hardware-backed deployment results.
Verifier efficiency. Fig. 7 reports (a) stage-wise passing rates and
(b) verifier time under gated evaluation. Compared with the non-
gated variant, Vista reduces average verifier time per iteration
from 8.20s to 4.63s, a 1.77× speedup (Fig. 7b). The passing-rate
plot explains the gain: many weak candidates are filtered out by
early, inexpensive stages, so costly simulation and optimization are
reserved for stronger trajectories. This provides direct evidence
that progressive semantic screening improves verifier efficiency.
Budget-matched gating analysis. To separate gating effects from
differences in total compute, we compare gated and non-gated
variants under matched cumulative verifier wall-clock budgets. As
shown in Fig. 8, across the 0–60s budget range, the gated design
achieves higher final reward and HQCR at every budget level. Using
the measured per-iteration times (4.63s gated vs. 8.20s non-gated),
a 60s budget corresponds to roughly 13 gated iterations versus
about 7 non-gated iterations, explaining the faster quality gains per
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Tab. 2: Stage-based reward ablation for Vista. The full model uses Feasibility (Val) + Behavior (RE) + Objective (EV) + Utility (Opt).

Variant Components

Pass@1 Pass@10

Feasibility
SCR↑

Objective
SREV↑

Behavior
RE↓

Utility
HQCR↑

Feasibility
SCR↑

Objective
SREV↑

Behavior
RE↓

Utility
HQCR↑

Full (Vista) Val + RE + EV + Opt 99.31% 22.41% 11.61 17.24% 100% 33.10% 8.48 27.24%

w/o EV term Val + RE + Opt 98.62% 20.69% 11.82 16.38% 100% 31.03% 9.12 26.72%
w/o RE term Val + EV + Opt 66.38% 5.17% 24.67 5.69% 79.82% 15.52% 18.26 16.90%
w/o Opt term Val + RE + EV 98.79% 21.90% 11.98 16.90% 100% 32.76% 9.01 26.55%

Validity only Val 99.13% 18.79% 12.89 14.66% 100% 30.86% 11.27 23.27%

(a) Final reward under matched

cumulative verifier wall-clock budget on

the simulator.

(b) HQCR under matched cumulative

verifier wall-clock budget on the

simulator.

Fig. 8: Matched-budget simulator comparison: gating achieves better
quality under the same cumulative verifier wall-clock budget.

Fig. 9: Average verifier wall-clock time per iteration by stage. Gating
avoids expensive stages on weak candidates.

unit time. Gating therefore delivers a better quality–cost trade-off
without changing the verifier or reward definition.
Stage-wise verifier cost analysis. Fig. 9 breaks down average ver-
ifier wall-clock time per iteration across the four stages: Feasibility,
Behavior, Objective, and Utility. Relative to the non-gated variant,
Vista reduces total verifier time from 8.20s to 4.63s per iteration
(1.77× speedup), mainly by stopping weak candidates before ex-
pensive late-stage evaluation. The largest savings come from the
Objective stage, which dominates cost in the non-gated variant but
is triggered much less often under gating. Early-stage costs remain
similar, indicating that the savings come from selective progression
rather than reduced verification fidelity.

6.5 Real Hybrid Classical–Quantum

Deployment and End-to-End Latency

We finally evaluate Vista in two real deployment environments.
This subsection complements §6.4 with hardware-backed quality
results and end-to-end measurements. We first validate circuit qual-
ity and execution efficiency on public IBM Quantum backends,
then evaluate the full verifier-in-the-loop pipeline on a real hybrid
classical–quantum system built from the LUMI supercomputer [9]
and the VTT Q50 quantum computer [48].

(a) Optimality-gap agreement

between Vista and ground truth.

(b) Scheduled execution duration on the

backend.

Fig. 10: Hardware-level validation on public IBM Quantum back-
ends. Vista maintains comparable solution quality while reducing
scheduled execution time.

Fig. 11: End-to-end pipeline latency on the LUMI + VTT Q50 hybrid
classical–quantum system, including generation, transpilation, sub-
mission, scheduling, QPU execution, and post-processing. Gated
execution reduces total latency relative to the non-gated variant.

6.5.1 Public IBM Quantum backends: hardware-level quality and
efficiency. We evaluate Vista on ibm_torino and FakeTorino un-
der a same-device constraint: both ground-truth and Vista circuits
are transpiled with identical Qiskit settings (fixed seed, same rout-
ing/layout/optimization level) and restricted to the same 𝑛-qubit
subdevice (physical qubits 0, . . . , 𝑛−1) [17, 20]. FakeTorino provides
a controlled comparison under matched compilation conditions. As
shown in Fig. 10, Vista closely matches ground truth in optimality
gap while producing shorter scheduled durations, yielding average
speedups of 1.97× on ibm_torino and 2.12× on FakeTorino.

6.5.2 LUMI + VTT Q50: end-to-end hybrid deployment. We next
evaluate the full verifier-in-the-loop pipeline on a real hybrid classical–
quantum system in which LLM inference, RL post-training, and re-
ward computation run on the LUMI supercomputer [9], while physi-
cal quantum execution is provided by the VTTQ50 superconducting
quantum computer [48, 49]. Fig. 11 shows that gating reduces mean
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(a) Stage-wise pass rates across iterations. (b) Iteration progress versus cumulative

verifier budget.

Fig. 12: Verifier-loop diagnostics on the LUMI + VTT Q50 hybrid
classical–quantum system. Gating sharpens stage-wise filtering and
improves throughput under budget constraints.

(a) Final reward under matched effective

verifier wall-clock budget.

(b) Utility (HQCR) under matched

effective verifier wall-clock budget.

Fig. 13: Matched-budget comparison on the LUMI + VTT Q50 hybrid
system. Gating achieves better quality than the non-gated variant.

Fig. 14: Instance-level quality–efficiency trade-off on the VTT Q50
quantum computer. Vista typically matches solution quality while
requiring less scheduled hardware time.

end-to-end latency from 18.46 s to 11.35 s, a 1.63× speedup, mainly
by reducing quantum-side execution and queueing overhead.

On the same platform, Fig. 12a and Fig. 12b show that gating
sharpens stage-wise filtering and improves iteration throughput
per unit cumulative verifier budget. Under matched effective veri-
fier wall-clock budgets, Fig. 13 further shows that gating achieves
higher final reward and higher Utility (HQCR) across the full 0–
60 s range, reaching the same quality threshold earlier than the
non-gated baseline.

Finally, Fig. 14 compares scheduled hardware duration against
expectation-value gap for individual hardware-executed instances.
Across most cases, Vista matches or improves expectation-value
gap while requiring shorter scheduled duration.

7 Related Work

Agentic tool use and LLM-based quantum programming. Our
work relates to agentic systems that learn from tool or execu-
tion feedback and to LLM-based quantum programming assistants.
Prior work has used executable feedback for RL-based code genera-
tion [25] and self-reflection for agent improvement [42]. In quan-
tum computing, studies have explored Qiskit-oriented code assis-
tance [19, 47], quantum-verifiable post-training [11], and prompting-
based synthesis [6]. In contrast, we target OpenQASM 3.0 [8] and
study verifier-in-the-loop RL under staged semantic evaluation.
LLMs for quantum design. Language models have also been used
for higher-level quantum design tasks such as ansatz design [15,
27, 45] and quantum experiment design [4]. These studies show
that LLMs can assist broader quantum workflows, but they do not
address staged verifier feedback, hierarchical reward construction,
or budget-aware control of expensive verification pipelines.
Transformer and GPT-style quantum models. Related work
has further applied transformer and GPT-style models to quantum
circuit prediction and generation, including measurement predic-
tion [13], circuit generation for electronic-structure problems [35],
OpenQASM 2.0 circuit generation [3, 26], and QAOA circuit gener-
ation for MaxCut [44]. Compared with these approaches, our focus
is not a stronger standalone generator, but a verifier-in-the-loop
training system that organizes staged semantic feedback through
hierarchical verified rewards and budget-aware verifier scheduling.

8 Conclusion

We presented Vista, a verifier-in-the-loop agentic RL framework
for quantum program synthesis, instantiated for OpenQASM-based
quantum optimization. We showed that practical verifier-in-the-
loop training in this setting must address what semantic signals to
optimize, how to shape them into stable learning objectives, and
when to spend verification budget across a staged verifier. Vista
addresses these through hierarchical verified reward optimization
and budget-aware verifier scheduling. Across quantum optimiza-
tion tasks, Vista improves executability and semantic quality over
prompting-based and post-training baselines, while demonstrating
deployment on real hybrid classical–quantum systems. Future work
includes exploring whether a similar staged-verifier perspective
applies to non-quantum domains with expensive external checks,
such as tool-verified code generation or program repair, without
claiming such instantiations as validated contributions here.
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A Additional Details

A.1 Background on OpenQASM and Quantum

Optimization

OpenQASM as a quantum circuit representation. OpenQASM
(Open Quantum Assembly Language) [8] is a low-level language for
expressing quantum circuits and operations. It serves as a hardware-
facing intermediate representation: quantum programs written in
higher-level software stacks can be compiled into OpenQASM for
execution, exchange, and optimization across different backends.
OpenQASM is supported by major quantum software frameworks,
including Qiskit [20], Cirq [10], Microsoft’s QDK [34], and Rigetti’s
Forest [43]. Thismakes it a practical representation for studying syn-
thesis problems that must bridge quantum software and hardware.

Quantum circuits and parameterized optimization. Quantum com-
putation operates on qubits, where a single qubit is represented by
a unit vector in a two-dimensional Hilbert space and may exist in
a superposition 𝛼 |0⟩ + 𝛽 |1⟩ with 𝛼, 𝛽 ∈ C and |𝛼 |2 + |𝛽 |2 = 1 [36].
Multi-qubit states are formed through tensor products, and com-
putation proceeds by applying unitary gates. Rotation gates such
as 𝑅𝑥 (𝜃 ), 𝑅𝑦 (𝜃 ), and 𝑅𝑧 (𝜃 ), together with entangling gates such as
CNOT and standard gates such as Hadamard and CZ, form univer-
sal gate sets for quantum computing [51]. By composing such gates
into parameterized circuits𝑈 (𝜃 ), one obtains the basic framework
used by variational quantum algorithms.

Optimization problems as Hamiltonian minimization. A major
application of near-term quantum computing is combinatorial opti-
mization [1]. Classical problems such as QUBO and HUBO [5, 31]
can be mapped into Hamiltonian minimization problems by rewrit-
ing them in spin form and encoding them with Pauli operators.
The optimization objective is then to prepare a parameterized state

𝑈 (𝜃 ) |0⟩ whose expectation value

⟨0|𝑈 † (𝜃 )𝐻𝑈 (𝜃 ) |0⟩

approximates the ground-state energy of the Hamiltonian 𝐻 .

Representative variational methods. Hybrid quantum–classical
methods optimize circuit parameters iteratively. QAOA alternates
between a cost Hamiltonian and a mixer ansatz [12]. VQE uses
expressive or hardware-efficient ansatzes to minimize the target
energy [38]. Adaptive VQE further constructs circuits incrementally
from a gate pool [14]. These methods motivate our synthesis setting:
the generated artifact is not only a circuit topology, but also a
parameterized program whose semantic quality depends jointly on
structure, parameters, and objective evaluation.

A.2 Additional Details of Hierarchical Verified

Reward

This appendix provides technical details omitted from §4, including
the theoretical motivation for distributional alignment, the detailed
qubit-mismatch correction, the optimization-progress interpreta-
tion, and the integration with GRPO.

Reward rationale and theoretical motivation. For the quantum
optimization tasks considered in this work, the objective is to pro-
duce a circuit whose measurement distribution concentrates on
low-energy bitstrings, equivalently minimizing the expected energy

𝐽 (𝐶) := ⟨𝜓𝐶 |𝐻 |𝜓𝐶 ⟩ =
∑︁
𝑧

𝑝𝐶 (𝑧) 𝐸 (𝑧) .

Here, 𝐶 denotes a quantum circuit that prepares the state |𝜓𝐶 ⟩ =
𝑈𝐶 |0⟩⊗𝑛 , and 𝑝𝐶 (𝑧) = |⟨𝑧 |𝜓𝐶 ⟩|2 is the distribution obtained by mea-
suring |𝜓𝐶 ⟩ in the computational basis. For the optimization prob-
lems considered in this work, the cost Hamiltonian 𝐻 is diagonal
in the computational basis and can be written as

𝐻 =
∑︁

𝑧∈{0,1}𝑛
𝐸 (𝑧) |𝑧⟩⟨𝑧 |,

where 𝐸 (𝑧) is the classical objective value associated with bitstring
𝑧.
Lemma 1 (Distributional alignment bounds energy error). Let
𝑝𝐶 and 𝑝𝐶★ denote the measurement distributions induced by a
generated circuit 𝐶 and a reference circuit 𝐶★, respectively. If 𝐻 is
diagonal in the computational basis, then��𝐽 (𝐶) − 𝐽 (𝐶★)

�� ≤ ∥𝐸∥∞ ∥𝑝𝐶 − 𝑝𝐶★ ∥1 ≤ ∥𝐸∥∞
√︁
2 ln 2 · JS(𝑝𝐶 ∥ 𝑝𝐶★),

where ∥𝐸∥∞ =max𝑧 |𝐸 (𝑧) |.
Interpretation. Reducing the Jensen–Shannon divergence between
measurement distributions bounds the deviation in expected en-
ergy, which motivates distributional alignment as a lower-variance
surrogate for the optimization objective.

Detailed qubit-mismatch correction. In practice, the generated
QASM may specify a different number of qubits than the reference
QASM, making direct distribution comparison ill-posed due to di-
mension mismatch. Let𝑛gen and𝑛gt be the qubit counts of the gener-
ated and reference circuits, respectively, and let 𝑘 =min(𝑛gen, 𝑛gt).
We define a qubit-mismatch correction

𝑅qm = clip[−0.2,0]
(
𝛼+𝛽 Δ𝑛+𝛾 𝑎extra+𝜂 𝑒cross

)
, Δ𝑛 = |𝑛gen−𝑛gt |,
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where 𝑎extra counts active extra qubits beyond the first 𝑘 , and 𝑒cross
counts multi-qubit gates that entangle extra wires with core wires.
To ensure fairness, we compute the JS-based comparison on the
first 𝑘 qubits via marginalization and down-scale its contribution
according to the mismatch severity.

For the expectation-value and optimization-progress terms, we
pad the problem Hamiltonian with identities so that its width
matches the generated circuit, preserving comparability while pre-
venting reward artifacts through ancillary qubits.

Detailed reward construction. For each generated trajectory 𝜏𝑖 ,
corresponding to a complete OpenQASM program, we define the
terminal reward as

𝑅(𝜏𝑖 ) =
{
−1, 𝑅syn (𝜏𝑖 ) = −1,
𝑤2 𝑠2 (𝜏𝑖 ) +𝑤3 𝑠3 (𝜏𝑖 ) +𝑤4 𝑅opt (𝜏𝑖 ),𝑅syn (𝜏𝑖 ) = 1,

where 𝑅syn (𝜏𝑖 ) ∈ {−1, 1} is the Feasibility reward, 𝑠2 (𝜏𝑖 ) is the
Behavior-stage score, 𝑠3 (𝜏𝑖 ) is theObjective-stage score, and𝑅opt (𝜏𝑖 )
is the Utility-stage score. The weights 𝑤2,𝑤3,𝑤4 ≥ 0 control the
relative contribution of the later semantic stages.

Behavior-stage score. Prior work [21] evaluated circuit quality
using relative entropy, i.e., Kullback–Leibler divergence. In this
work, we use the Jensen–Shannon distance because it is bounded
in [0, 1] and empirically more stable for RL training. The Jensen–
Shannon distance is

𝑑JS (𝑝, 𝑞) =

√︄
JS(𝑝 ∥ 𝑞)
log 2

, (5)

where

JS(𝑝 ∥ 𝑞) = 1
2𝐷KL (𝑝 ∥𝑚) + 1

2𝐷KL (𝑞 ∥𝑚), 𝑚 = 1
2 (𝑝 + 𝑞) .

We define the Behavior-stage score as

𝑠2 (𝜏𝑖 ) = 1 − 𝑑JS (𝑝, 𝑞),

optionally corrected by the qubit-mismatch term described above.

Objective-stage score. For a feasible circuit, we simulate the circuit
and compute the expectation value of the problem-specific Hamil-
tonian, denoted by 𝐸gen. Let 𝐸min and 𝐸max denote the minimum
and maximum eigenvalues of the Hamiltonian. We use min–max
normalization to obtain

𝑓 min
max (𝐸gen) :=

𝐸gen − 𝐸min

𝐸max − 𝐸min
, (6)

and define the Objective-stage score as

𝑠3 (𝜏𝑖 ) := 1 − 𝑓 min
max (𝐸gen) = 1 −

𝐸gen − 𝐸min

𝐸max − 𝐸min
. (7)

Utility-stage score. A practical workflow often continues local
optimization from the generated circuit. Let 𝑛 denote the number
of optimization steps required to reach the stopping criterion, and
let 𝐸opt denote the expectation value after local optimization. We
define

𝑅opt (𝜏𝑖 ) :=
1

1 + 𝑛
+
(
1 − 𝑓 min

max (𝐸opt)
)
, (8)

where 𝑓 min
max is defined in Equation 6. Under standard local conver-

gence assumptions, the number of optimization steps required to

reach a target energy threshold is monotone in the initial subop-
timality, making optimization progress a proxy for initialization
quality.

Integration with GRPO.. Following the GRPO formulation used
in our system, for a given input prompt 𝑥 we sample a group of 𝐺
trajectories {𝜏𝑖 }𝐺𝑖=1 from the current policy 𝜋𝜃 (· | 𝑥). Each trajectory
𝜏𝑖 receives a terminal reward 𝑅(𝜏𝑖 ) defined above. We compute the
group-normalized advantage as

𝐴𝑖 =
𝑅(𝜏𝑖 ) − 𝜇

𝜎
, 𝜇 =

1
𝐺

𝐺∑︁
𝑗=1

𝑅(𝜏 𝑗 ), 𝜎 =

√√√
1
𝐺

𝐺∑︁
𝑗=1

(
𝑅(𝜏 𝑗 ) − 𝜇

)2 + 𝜀.

(9)
The policy is then updated using the GRPO clipped surrogate

objective. Let 𝑎𝑖,𝑡 denote the 𝑡-th token in trajectory 𝜏𝑖 , and define
the importance ratio

𝑟𝑖,𝑡 (𝜃 ) =
𝜋𝜃 (𝑎𝑖,𝑡 | 𝑎𝑖,<𝑡 , 𝑥)
𝜋ref (𝑎𝑖,𝑡 | 𝑎𝑖,<𝑡 , 𝑥)

.

Since the reward is terminal, the same advantage 𝐴𝑖 is assigned to
all tokens in 𝜏𝑖 . The resulting GRPO objective is

LGRPO (𝜃 ) = E𝑥

[
1
𝐺

𝐺∑︁
𝑖=1

1
|𝜏𝑖 |

|𝜏𝑖 |∑︁
𝑡=1

min
(
𝑟𝑖,𝑡 (𝜃 )𝐴𝑖 , clip(𝑟𝑖,𝑡 (𝜃 ), 1 − 𝜖, 1 + 𝜖)𝐴𝑖

)]
.

(10)

In summary, the hierarchical verified reward provides a stage-
structured scalar signal for each generated OpenQASM trajectory.
This signal is normalized within each prompt-level group and di-
rectly optimized through the GRPO objective.

A.3 Additional Details of Budget-Aware Verifier

Scheduling

This appendix provides additional details for the budget-aware
verifier scheduling policy described in §5, including the stage-
wise escalation logic, implementation-oriented thresholding, and
pseudocode-style summary for reproducibility.

Stage-wise scheduling objective. Given a candidate artifact 𝑎, the
verifier exposes a partial report after each stage,

𝜌≤𝑘 = {(𝑠𝑖 , 𝑐𝑖 )}𝑘𝑖=1,

where 𝑠𝑖 is the observed stage-𝑖 semantic signal and 𝑐𝑖 is the cost
of obtaining that signal. The scheduling problem is to decide, after
each stage, whether deeper evaluation is warranted:

𝜋gate (𝜌≤𝑘 ) ∈ {stop, continue}.

In our implementation, this policy is realized using threshold-based
escalation over partial verifier outcomes. We do not claim that this
policy is globally optimal; rather, it is a practical approximation to
budget-aware verifier allocation for staged semantic evaluation.

Concrete escalation logic. In the quantum instantiation used in
this paper, the verifier proceeds through four semantic stages: Fea-
sibility, Behavior, Objective, and Utility.
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• Feasibility stage. Every generated candidate is first checked
for executability and structural validity. If parsing or basic
structural checks fail, verification terminates immediately
and the candidate is rejected from deeper evaluation.

• Behavior stage. If the candidate is feasible, the verifier
computes the Behavior-stage signal based on distributional
alignment. This stage acts as the first semantic screen.

• Objective stage. Objective evaluation is invoked only when
the earlier-stage report indicates that the candidate is suffi-
ciently promising. In practice, this is implemented using a
threshold on the Behavior-stage score.

• Utility stage. Utility evaluation is the most expensive stage
because it requires downstream local refinement. It is there-
fore reserved for candidates that have already demonstrated
sufficiently strong semantic evidence from the earlier stages.

Threshold-based policy form. A generic threshold realization of
the gating policy can be written as

𝜋gate (𝜌≤𝑘 ) =
{
continue, if 𝑔𝑘 (𝜌≤𝑘 ) ≥ 𝛿𝑘 ,

stop, otherwise,

where 𝑔𝑘 (𝜌≤𝑘 ) is a stage-specific scoring function over the partial
verifier report and 𝛿𝑘 is the corresponding escalation threshold. In
our setting, the first useful threshold is applied after the Behavior
stage, since Feasibility is always executed.

Implementation-oriented instantiation. A concrete realization con-
sistent with our system is

continue to Objective ⇐⇒ 𝑠2 (𝜏𝑖 ) ≥ 𝛿beh,

where 𝑠2 (𝜏𝑖 ) is the Behavior-stage score and 𝛿beh is a predefined
escalation threshold.

Utility evaluation can then be written as

continue to Utility ⇐⇒
(
𝑠2 (𝜏𝑖 ) ≥ 𝛿 ′beh

)
∨

(
𝑠3 (𝜏𝑖 ) ≥ 𝛿obj

)
,

where 𝑠3 (𝜏𝑖 ) is the Objective-stage score, and 𝛿 ′beh and 𝛿obj are
thresholds used to decide whether downstream refinement is worth
its cost. Intuitively, this rule allows Utility evaluation to proceed
for candidates that are either already behaviorally strong or have
demonstrated sufficiently good task-level quality.

Why the thresholds are stage-aligned. The threshold policy is
designed to follow the semantics of the verifier stages rather than
impose an external priority rule. Feasibility is mandatory because
deeper semantics are undefined for invalid programs. Behavior
is the first screening signal because it is bounded, comparatively
stable, and cheaper than downstream optimization-aware evalua-
tion. Objective is more task-specific and more expensive, so it is
evaluated selectively. Utility is the most deployment-specific and ex-
pensive signal, so it is invoked only when the earlier stages already
justify that cost.

Suggested pseudocode structure. For clarity, the scheduling logic
can be summarized as follows:

Input: generated candidate 𝜏𝑖
1. Run Feasibility checks. If infeasible, stop.
2. Compute Behavior-stage score 𝑠2 (𝜏𝑖 ) .
3. If 𝑠2 (𝜏𝑖 ) < 𝛿beh, stop.
4. Compute Objective-stage score 𝑠3 (𝜏𝑖 ) .

5. If neither 𝑠2 (𝜏𝑖 ) ≥ 𝛿 ′beh nor 𝑠3 (𝜏𝑖 ) ≥ 𝛿obj, stop.
6. Run Utility-stage evaluation and compute 𝑅opt (𝜏𝑖 ) .
Output: partial or full verifier report 𝜌 .

Threshold robustness and calibration. The exact threshold values
are implementation parameters and should be treated as part of the
scheduling policy rather than as universal constants. Sensitivity
analysis or a quality-versus-cost frontier can be used to show that
the policy is not brittle and that it exposes a controllable trade-off
between verifier budget and semantic supervision strength.

A.4 Training Data, Ground Truth, and

Hyperparameters

Training data. We utilize the training data from [21], one of the
most extensive available datasets of quantum circuits in QASM
format covering 12 central optimization problem primitives on
graphs [23], many of whose abstract formulations appear in [31].
The full dataset contains 13,914 samples, which we split into train-
ing and validation sets using a 96/4 ratio. The key characteristics are
parameterized circuits with optimized parameters, problem Hamil-
tonians, and the smallest and largest eigenvalues of the Hamil-
tonians. The dataset is constructed by generating random graph
instances and solving each instance using QAOA, VQE, or adaptive
VQE under noiseless simulation. We retain only instances for which
optimization converges.

Ground-truth circuits and reward reference. As reference solu-
tions, we use ground-truth circuits generated offline using QAOA,
VQE, and adaptive VQE with numerically optimized parameters for
each problem instance [21]. These circuits are obtained by minimiz-
ing the problem Hamiltonian within a fixed variational ansatz (1–4
layers for QAOA/VQE or a finite gate pool for adaptive VQE) using
classical optimizers, and are exported in OpenQASM 3.0 format.
While these solutions achieve high-probability correct measure-
ments under noiseless simulation, they are not guaranteed to be
globally optimal: optimization is restricted to a chosen ansatz fam-
ily, may converge to local minima, and does not exhaustively search
the space of all possible circuit structures or parameterizations. Con-
sequently, the ground-truth serves as a strong heuristic baseline
rather than a provably optimal quantum circuit.

Training settings. Wefine-tune a 4Bmodel withGRPOon 128×AMD
MI250X GPUs using FSDP [52]. The average training time is 48
hours. Rollouts are executed with vLLM [24] using a temperature
of 0.7 and top-𝑝 sampling of 0.8. The model is initialized from a su-
pervised fine-tuned checkpoint following Agent-Q [21]. Generated
circuits are validated both through simulator-based verification
during training and through real-device execution on a 5-qubit
superconducting quantum processor.
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Fig. 15: Dataset statistics: distribution of (a) number of qubits, (b)
number of gates, and (c) circuit depth.

Tab. 3: Training settings for tool-augmented agentic RL with a 4B
SFT model.

Component Configuration

Base model Qwen3-4B-Instruct-2507
SFT setup Quantum Datasets [21]
SFT learning rate 2 × 10−5
Rollout Num 16
Temperature 0.7
top_p 0.8
top_k -1
Token limits Prompt: 1024; Response: 9216; Observation:

2048; Action: 8192
Optimizer AdamW [30]
Learning rate 1 × 10−6
Epochs 10
Batch size 128
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