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Understanding the high-level conceptual structure of quantum algorithms from their low-level circuit
representations is a critical task for verification, debugging, and education.While traditional numerical
simulators can calculate output probabilities, they do not explicitly surface the underlying algorithmic
logic, such as the function of an oracle or embedded symmetries. In this work, we shift the focus from
numerical simulation to symbolic analysis, investigating whether large language models (LLMs) can
automatically interpret quantum circuits and articulate their logic in a human-readable format. We
introduce GroverGPT+, a model that leverages Chain-of-Thought reasoning and quantum-native
tokenization to analyze Grover’s search algorithm.We useGrover’s algorithm as a controlled testbed,
as its well-defined analytical properties allow for rigorous verification of the model’s reasoning
process. Our primary finding is that GroverGPT+ successfully identifies the oracle and its marked
states directly from circuit representations. The model’s key output is not a final probability, but a
structured, interpretable reasoning trace that mirrors human expert analysis, effectively translating
procedural circuit steps into conceptual insights. Furthermore, we establish a structured benchmark
for this symbolic analysis task and explore its empirical extrapolation, describing the model’s
performance as the number of qubits increases. These findings position LLMs as powerful tools for
automated quantum algorithm analysis and verification. More fundamentally, this work offers a first
step towards using suchmodels as scientific probes, suggesting that an algorithm’s “learnability" by a
classical model can provide a new, complementary perspective on its conceptual complexity, a topic
of core interest to quantum information science.

Quantum computing has emerged as a transformative paradigm, with
algorithms like Shor’s1 and Grover’s2 demonstrating profound theore-
tical advantages over classical counterparts3. However, a significant gap
exists between the low-level procedural descriptions of quantum algo-
rithms, such as quantum assembly language (QASM) code4, and the
high-level conceptual understanding required for their design, verifica-
tion, and debugging.While traditional numerical simulators are essential
tools for calculating the evolution of state vectors5–7, they are “semanti-
cally blind": they output final probabilities but do not explicitly surface
the underlying algorithmic logic, such as the function of an oracle or
embedded symmetries within the circuit. This semantic gap presents a
bottleneck, motivating the development of new tools that can auto-
matically interpret and reason about the structure of quantum
algorithms.

Recently, large language models (LLMs) have demonstrated remark-
able capabilities in bridging such semantic gaps in various domains, from
code generation to complex scientific reasoning8,9. Their ability to process
and generate structured, human-readable text makes them prime candi-
dates for a task that moves beyond numerical calculation towards con-
ceptual interpretation. This inspires our central research question: Can
LLMs be adapted to function not as numerical simulators, but as symbolic
analyzers that interpret quantum circuits and articulate their algorithmic
logic in an explicit, step-by-step manner?

In thiswork, we explore this question by introducingGroverGPT+, an
LLM-based framework designed for the symbolic analysis of Grover’s
algorithm.Here, the term “GPT” (i.e., generative pre-trained transformer) is
used as a functional shorthand to denote a transformer-based reasoning
model adapted to a specific scientific domain, rather than implying standard
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GPT-style pretraining. To enable the model to fluently “read" the language
of quantum circuits, we introduce quantum-native tokenization, a method
for tokenizingQASM representations by extending the vocabulary of a base
tokenizer with quantum-specific operations. To compel themodel to “think
step-by-step" and externalize its analysis, we curate a large corpus of training
data and employ Chain-of-Thought (CoT) supervised fine-tuning. We
choose Grover’s algorithm as our primary testbed as its non-trivial, well-
defined structure provides an ideal, controlled environment where the
accuracy of the model’s symbolic reasoning can be rigorously verified
against a known analytical solution.

Our results demonstrate that GroverGPT+ can successfully analyze
quantum circuits from their QASM representations. Instead of merely
outputting final probabilities, the model generates structured, interpretable
reasoning traces that correctly identify high-level algorithmic structures,
including the oracle and its marked states. This work establishes a bench-
mark for the task of automated symbolic analysis of quantum circuits and
provides empirical evidence of the model’s extrapolation behavior. Ulti-
mately, our findings position LLMs as a new class of complementary tools
for quantum information science: they are not for replacing numerical
simulators, but for aiding in tasks requiring conceptual understanding, such
as automatedverification, debugging, and education.Thisworkopens anew
direction for AI systems that reason about the logic of quantum algorithms,
suggesting that an algorithm’s “learnability" can itself provide a new lens for
understanding its conceptual complexity, a topic of core interest to quantum
information science.

Results
Details of the tasks
The central task of this work is the symbolic analysis of quantum circuits.
Given a circuit representation (e.g., inQASM format), the primary objective
is to generate a human-readable reasoning trace that identifies the circuit’s
high-level algorithmic components. For Grover’s algorithm (see Supple-
mentary Information 1 for a detailed introduction), this corresponds to
correctly identifying the oracle and its marked states. This task is distinct
from numerical simulation as its principal output is not a final probability
distribution, but rather the symbolic, conceptual insight derived from the
circuit’s structure. A comparison between our symbolic analysis task and

traditional classical simulation is illustrated in Fig. 1. Besides, ourmodel also
generates afinal probability distribution over the computational basis states.
We utilize this numerical output for two purposes: (i) as a scalablemetric to
quantitatively evaluate the model’s ability to identify the marked states, and
(ii) as a method for end-to-end validation, where a correct symbolic
understanding should lead to a high-fidelity final state distribution. For-
mally, let C denote a Grover circuit. The goal of symbolic analysis is to
produce a reasoning trace R(C) that explicitly identifies the set of marked
states, Mtrue. The predicted probability distribution gθ(C) serves to verify
the correctness of R(C). Below, we introduce the evaluation metrics:

We first introduce search accuracy (SA). Given k ¼ jMtruej, we sort
candidates by their predicted probabilities pmodel

i in descending order, and in
case of ties by the integer value of the binary state in ascending order. Let Tk
be the top-k states. To avoid spurious hits under near-uniform predictions,
we require a minimum confidence threshold τ:

cMmodel ¼ fx 2 Tk : pmodel
x ≥ τg: ð1Þ

We then define

SA ¼ jcMmodel \Mtruej
k

: ð2Þ

If jcMmodelj < k, the remaining slots are treated as misses. Notably,
the definition above applies generally to arbitrarym. In our experimental
setting, the number of marked states satisfies k ≤ 3, we thereby set τ = 0.3
by default. Meanwhile, the models are prompted or trained to output at
least the top-30 candidates, so truncation never affects SA, i.e., we have
ensured k ≤ t denoted as the number of truncated states in practice. If a
model outputs fewer candidates, any truncated marked states are treated
as misses.

Besides, we introduce classical fidelity (CF). Our evaluation focuses on
the similarity between measurement amplitude probability distributions
produced by a method and by an ideal simulator. Given two probability
distributionsover the computational basis,p=(p1,…,pd) andq= (q1,…,qd)
with d = 2n, we use the classical fidelity (CF)3,10–12 (see Supplementary
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Fig. 1 | A comparison of two distinct tasks: classical simulation and symbolic
analysis. Traditional methods (top path), such as state-vector simulation, take a
QASM input and perform numerical operations likematrix–vectormultiplication to
directly compute the final output probabilities. In contrast, our approach with

GroverGPT+ (bottom path) first performs symbolic analysis using Chain-of-
Thought reasoning to generate an interpretable reasoning trace that explains the
circuit’s logic. The final probabilities are then inferred from this analysis.
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Information 4 for the relation to quantum state fidelity).

CFðp; qÞ ¼
Xd
i¼1

ffiffiffiffiffiffiffi
piqi

p !2

: ð3Þ

When a model outputs a truncated distribution (e.g., top-30 states for
baseline LLMs), we treat any state not present in the model’s output as
having zeroprobability. Specifically, for themodel’s predicteddistributionp,
if a computational basis state i is not included in the output,we setpi=0.The
CF is then computed using Eq. (3) over all d= 2n states, wheremissing states
contribute zero to the sum. This approach ensures that truncation does not
artificially inflate fidelity scores, as states omitted from the output are
penalized through their zero-probability assignment.

Overview of GroverGPT+
Figure 2presents theoverall frameworkofGroverGPT+. It is anLLMwith8
billion parameters supervised fine-tuned on the base Llama-313 model. To
conduct our task, we first develop GroverGPT+ through stages, including
high-quality CoT data collection (Stage 1), quantum-native tokenization
and parameter-efficient fine-tuning (PEFT) with low-rank adaptation
(LoRA) (Stage 2), and then perform symbolic analysis ofGrover’s algorithm
(Stage 3). Below are the details for each stage:

In Stage 1, we first generate high-quality CoT training data. Grover’s
QASM circuits are generated starting from 2 qubits, marking 1–3 target
states. For each circuit size, the number of marked states never exceeds the
number of qubits and is capped at three. See Supplementary Information
12 for the detailed experimental setup. Corresponding probability ampli-
tudes are computed using brute-force state-vector simulation. CoT pro-
cesses are then annotated based on outputs from an intermediate

supervised fine-tuned LLM. We finalize the curation of the dataset once
desirable CoT processes are observed.

In Stage 2, we supervised fine-tune GroverGPT+ using PEFT with
LoRA. Initially, collected QASM descriptions are tokenized into token IDs
using our quantum-native tokenizer (detailed in Section IVA and Supple-
mentary Information 6). These token IDs serve as inputs to the LLaMA-3
base model, whose outputs are then detokenized into a text format. PEFT
with LoRA is conducted for higher training efficiency.

In Stage 3, once trained, GroverGPT+ accepts Grover’s QASM
descriptions as input and performs symbolic analysis via CoT reasoning.
The model outputs structured text including intermediate reasoning steps,
marked states, and the output probability amplitudes of all computational
basis states. Specifically, the complete CoT process is detailed in Supple-
mentary Information 8.

When analyzing Grover’s algorithm, GroverGPT+ only requires a
pure QASM description of a quantum circuit as input, without additional
information,while general-purpose LLMsneed ameticulous prompt design
to guide the LLM to output correct results. Therefore, GroverGPT+ offers a
more streamlined and efficient workflow for this analysis task. Below briefly
introduces how this is achieved:

Firstly, GroverGPT+ extracts the Oracle entity from the whole bunch
of long QASM for searching the marked computational basis states in the
following steps. Secondly, GroverGPT+ reasons about each corresponding
marked state according to the oracle construction extracted before. Gro-
verGPT+ leverages how the target states are marked according to Grover’s
algorithm design. Thirdly, following the second step, GroverGPT+ outputs
the probabilities of the marked states and the unmarked states according to
the reasoned information. It is achieved through a learned mapping from
basic information, including the number of qubits, the number of marked
states, and the searched results from the previous steps, to the probability
amplitudes for each computational basis state.

Fig. 2 | The overall framework of GroverGPT+ and its application for the
symbolic analysis of Grover’s algorithm consists of three stages. Stage 1: We
initiate by collecting high-quality CoT data tailored for Grover’s algorithm. This
involves generating Grover’s QASM circuits, performing classical simulations via
the state-vector simulationmethod, and labeling the output distributions along with
marked states as CoT supervision targets. Stage 2: The collected QASM-CoT pairs

are tokenized using our QASM-native tokenizer. We then adopt PEFT using the
LoRA technique to specialize the base LLM for the symbolic analysis of quantum
circuits while maintaining training efficiency. Stage 3: GroverGPT+ can now serve
as a tool for symbolic analysis: given a Grover’s QASM circuit, it generates an
interpretable reasoning trace that identifies the marked states and infers the final-
state probability distribution through CoT reasoning.
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Experimental settings
We first introduce the general experimental settings, then we conduct
empirical studies of GroverGPT+ with respect to its in-distribution and
nearby out-of-distribution (OOD) performance. Furthermore, we also
evaluate its computational scalability. Notably, evaluations with respect to
its CoT advantage, the technique of quantum-native tokenization, and its
extrapolation performance are respectively shown in Supplementary
Information 13–15. The hyperparameter settings for this section can be
found in Supplementary Information 16.

We first detail the general experimental settings. We evaluate
GroverGPT+ under different input formats and quantum circuit set-
tings. Specifically, we consider two types of inputs: Full-circuit Input and
Oracle-only Input, each designed to probe different aspects of model
capability. The experiments vary the number of qubits andmarked states
to comprehensively assess performance, while also exploring themodel’s
scaling behavior under increasing circuit sizes. For detailed configura-
tions, see Supplementary Information 12. Notably, for the oracle-only
input setting, the target distribution is defined using the analytically
optimal iteration number kopt, which guarantees the maximum success
probability for a given (n, t) configuration, where n is the number of
qubits and t is the number of marked states. This ensures that the output
distributions are consistently defined evenwhen the iteration number k is
not explicitly present in the oracle-only input. In all plots, solid lines
denote the mean over runs, and discrete error bars indicate mean ± one
standard deviation (std) for both SA and CF.

Empirical study of GroverGPT+ in analyzing Grover’s algorithm
In this section, we empirically evaluate GroverGPT+’s performance in the
symbolic analysis of Grover’s quantum search algorithm. We first test its
ability using full-circuit inputs for qubit counts n ∈ {2, 3, …, 7}, corre-
sponding to the training data. Given that the maximum token length is
exceeded at n = 9 (see Supplementary Information 15), we separately assess
GroverGPT+’s generalizationperformance atn= {8, 9} and compare itwith
the trained scenarios. Additionally, we evaluate the performance on ana-
lyzingoracle-only inputs across a broader range,n∈ {2, 3,…, 13}.The results

are, respectively, shown in Figs. 3–5. Below are observations regarding the
results.

Figure 3 illustrates that baseline LLMs exhibit relatively low SA and
fidelity values (around 0.2–0.5) with substantial standard deviations, par-
ticularly for qubit counts between 5 and 7. For instance, at 7 qubits, baseline
models achieve SA and fidelity below 0.4, indicating unstable performance.
Conversely, GroverGPT+ consistently attains high SA and fidelity values
approaching 1.0 with minimal variability, highlighting its stability and
superior performance. This advantage likely results from GroverGPT+’s
specialized fine-tuning using high-quality CoT data and quantum-native
tokenization, enhancing result consistency across varying circuit sizes.

Figure 4 evaluates GroverGPT+ on qubit counts slightly beyond the
training range by training the model up to 7 qubits and testing it on 8–9
qubits, i.e., a nearby OOD by qubit count setting. We can observe a mild
drop in SA ≈ 0.89 with 8 qubits and SA ≈ 0.91 with 9 qubits, while the CF
remains above 0.90. These results indicate that the model is not merely
memorizing the training distribution and exhibits potential to scale to larger
circuits within the tested range (2–9 qubits).

Figure 5 further examines the Oracle-only input format on 10–13
qubits, where both SA and the CF remain close to 1.0. We view this as
encouraging evidence that the compact Oracle-only representation sup-
ports evaluation at larger qubit counts under context-length constraints
within the tested range (2–13 qubits), indicating potential scalability within
this tested regime.

Notably, the evaluations are based on both single-target and multi-
target Grover circuits. Compared to the single-target case, multi-target
Grover’s algorithm requires multiple oracle blocks, each responsible for
flipping the phase of onemarked state. This leads to longer and structurally
more complex QASM circuits. Consequently, the CoT reasoning produced
by the model must also handle multiple oracle blocks, increasing the length
and potential variability of reasoning chains. This may, in turn, reduce both
SA by missing one or more marked states and CF by spreading probability
mass over incorrect states. While single- and multi-target Grover circuits
differ in their QASM representations, we emphasize that our evaluation
does not hinge on this distinction. We are tackling an analysis scenario

Fig. 3 | Performance of GroverGPT+ against
baseline LLMs in the symbolic analysis of Grover’s
algorithm across varying numbers of qubits. Both
the SA (a) andCF (b) serve as the evaluationmetrics.
Solid lines show means; discrete error bars indicate
uncertainty (mean ± std (σ) or where noted,
mean ± std).

Fig. 4 | Nearby OOD performance of GroverGPT
+ when scaling up to 8 and 9 qubits (beyond the
training range). Both the SA (a) and CF (b) serve as
the evaluation metrics. Solid lines show means;
discrete error bars indicate uncerstainty
(mean ± std).
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where the inputs are directly simulatable QASMs, thereby the number of
marked states is not known a priori, and hence the task setting naturally
mixes single- andmulti-target instances, whichmakes the evaluation closer
to realistic scenarios. Accordingly, when reporting the SA and CF, we
aggregate results by computing the mean and standard deviation across
both single- and multi-target instances rather than isolating them.

Computational scalability of GroverGPT+
In this section, we characterize the computational scalability of the symbolic
analysis task performed by GroverGPT+. We define this as the growth of
the model’s inference time with respect to the number of qubits, n. To
highlight the scaling trend independently of hardware-specific overheads,
we measure the relative execution time. Formally, let T(n) denote the mean
inference time for an n-qubit circuit. We define the scalability metric as

SðnÞ ¼ TðnÞ
Tð2Þ ; ð4Þ

which normalizes the runtime to its value at n = 2. The absolute execution
times are also evaluated in Supplementary Information 7 for completeness.

The experiments were conducted by measuring the inference time of
GroverGPT+ across qubit sizes ranging from 2 to 9. For each qubit count,
three runs were performed on an NVIDIA RTX A6000 GPU with 48 GB
GDDR6VRAMto compute themean and standard deviation. The reported
runtimes refer to inference timeonly anddonot include the one-time cost of
model training. Refer to Supplementary Information 7 for more details.

The results are plotted on a logarithmic scale in Fig. 6. Notably, all
scaling observations reported in this section are limited to the tested range.
We observe that the execution time of GroverGPT+ exhibits a gentle and

notably sub-linear growth trend with respect to the number of qubits. The
relative execution time remains consistently within a 1–10× range com-
pared to its baseline at 2 qubits, and the variance remains stable. This
favorable scaling is a direct consequence of our symbolic analysis approach.
Instead of performing tensor-based state evolution, which is inherently
exponential, GroverGPT+’s CoT reasoning operates on the symbolic
structureof theQASMinput. This allows themodel to avoid the exponential
computational overhead associatedwithmethods thatmust track the full 2n-
dimensional state vector, i.e., GroverGPT+ can also serve as a useful tool for
finding the final output probability given the simulatable QASMwithin the
tested regimes. To further explore, since GroverGPT+ directly operates on
simulatable QASM inputs and finally generates the output amplitude dis-
tributions, we also compare this end-to-end latency with some traditional
classical simulations. Refer to Supplementary Information 7 for details.

Discussion
Our work began with a central research question: Can LLMs be adapted to
functionnot as numerical simulators, but as symbolic analyzers that interpret
quantum circuits and articulate their algorithmic logic in an explicit, step-by-
step manner? Our findings provide an answer for this. Through the devel-
opment of GroverGPT+, we have demonstrated that an LLM, when
equipped with domain-specific techniques like quantum-native tokeniza-
tion and structured Chain-of-Thought training, can successfully parse low-
level QASM code and produce high-level, interpretable reasoning traces.
These traces are not merely a byproduct; they are the primary output,
revealing the model’s “understanding" of algorithmic components like the
oracle and its marked states. Our work thus is complementary to prior
studies such asGroverGPT14 (see Supplementary Information 3 for detailed
comparison) by shifting the objective from reproducing numerical out-
comes to elucidating the underlying logical process, establishing a stringent
benchmark for the automated analysis of quantum algorithms.

For the domain of quantum information science, our study points
towards more than a practical tool: it suggests a promising avenue for
future research in evaluating algorithmic complexity through a new
conceptual lens. While traditional metrics focus on physical resources
like gate count and circuit depth, a compelling future direction would be
to investigate whether the ‘learnability’ of an algorithm by a general-
purpose reasoner like an LLM can serve as a proxy for its descriptive or
conceptual complexity. Our findings on computational scalability pro-
vide initial evidence for this direction. We observed that the inference
time for analyzing Grover’s algorithm, known for its highly regular and
iterative logic, scales sub-linearly with the number of qubits. This
favorable scaling indicates the model’s effort might be tied to the algo-
rithm’s low conceptual complexity, not the exponential size of its Hilbert
space. This framework opens new research questions for quantum
information theory: would analyzing a complex variational quantum
eigensolver (VQE) ansatz or identifying stabilizer generators in a
quantum error correction (QEC) code reveal a higher conceptual com-
plexity through this new lens? This approach begins to reframe the LLM
from a simple tool into a scientific instrument for probing the nature of
quantum algorithms themselves, marking an early and encouraging

Fig. 6 | Computational scalability of GroverGPT+. The plot shows the relative
inference time for the symbolic analysis task, normalized to the runtime at 2 qubits,
as a function of the number of qubits. Solid lines show the mean over three runs;
discrete error bars indicate mean ± one standard deviation.

Fig. 5 | The performance of GroverGPT+ under
the Oracle-only input setting with the number of
qubits n= {2, 3, . . . , 13}.Both the SA (a) and the CF
(b) serve as the evaluation metrics. Solid lines show
means; discrete error bars indicate uncertainty
(mean ± std).
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exploration into a new, AI-driven approach to theoretical quantum
information science.

Besides, our work contributes a generalizable methodology for
applying LLMs to the symbolic analysis of quantum circuits. For example,
our quantum-native tokenization is not specific to Grover’s algorithm.
Instead, it can be adopted to efficiently represent any QASM-described
circuit in a way that is semantically meaningful to a transformer archi-
tecture. Similarly, our strategy for structure-aware CoT fine-tuning serves as
a template for teaching an LLM the specific logical steps of other quantum
algorithms (see Supplementary Information 8). Together, these techniques
form a foundational toolkit that enables future research into the automated
analysis of a much wider range of quantum algorithms, from the Quantum
Fourier Transform to complex variational circuits, thereby paving the way
for more sophisticated AI-driven tools in the quantum domain.

Methods
Quantum-native tokenization
The LLaMA model is primarily trained on approximately 1.4T English-
language tokens sourced from the Internet15, lacking native support for
quantum-specific languages such as QASM. As a result, it struggles to
tokenize QASM code effectively, leading to fragmented subword
sequences that ignore the language’s syntactic and semantic structure.
This inefficient tokenization increases input length and memory usage.
As illustrated in Fig. 7, the base tokenizer breaks downQASM statements
into disjointed pieces based on natural language rules, rather than
recognizing them as coherent units. To overcome these limitations, we
propose a quantum-native tokenizer tailored to the structure of quantum
programming languages. Specifically designed for QASM, this tokenizer
captures key elements–such as gate operations, qubit identifiers, and
block constructs—as discrete, semantically meaningful tokens. By
aligning with the intrinsic structure of QASM, it achieves more compact
and efficient tokenization, reducing context length and improving

memory efficiency in downstream tasks. The development process is
detailed as follows:

Firstly, we collect a large-scale dataset encompassing a comprehensive
range of QASM circuit descriptions, covering quantum circuits with qubit
numbers ranging fromn=2 ton=9. Secondly, to systematically process and
analyze these QASM circuits, we develop a set of custom parsing rules
tailored to the unique syntactic structure of QASM. These rules tokenize
each line of the QASM files to accurately extract quantum gate definitions
and operation commands. Specifically, our rule-based approach first iden-
tifies gate definitions using regular expressions that capture gate names,
parameters, and qubit arguments; any numerical suffixes specific to certain
internal naming conventions (e.g., _gate_q_, unitary_, mcx_vchain_) are
stripped to maintain consistency and generality in subsequent analyses. For
standard quantum commands, we parse the operation names, optional
parameters, and target qubits separately. These components are then toke-
nized, again removing extraneous numerical suffixes to ensure uniformity.
The parsingmechanism also explicitly handles structural delimiters, such as
opening and closing braces, crucial for correctly interpreting nested gate
definitions and circuit hierarchies.

These custom rules enable scalable and automated preprocessing of
QASM descriptions, facilitating efficient symbolic analysis. Figure 7 also
presents an example of how a single QASM description is tokenized using
the base tokenizer and the quantum-native tokenizer, which pinpoints the
brought efficiency. In total, we extend 266 specific vocabularies that contain
complete semantics, such asmcx indicating a multi-controlled X gate. The
rule definitions, together with their corresponding Python implementa-
tions, are elaborated in Supplementary Information 6.

Chain-of-Thought training
Chain-of-Thought (CoT) reasoning is an emergent capability in LLMs (see
Supplementary Information 2 for introductions of LLM-related techni-
ques), allowing them to solve complex problems through step-by-step

Fig. 7 | Comparison of the base tokenizer and the
quantum-native tokenizer on QASM input. Each
grey and non-grey segment represents a distinct
token. The base tokenizer fragments the syntax into
subword units, while the quantum-native tokenizer
preserves gate operations and qubit references as
cohesive tokens, resulting in more compact and
efficient representations.
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deduction9,16. Formally, given a prompt Q, CoT augments the output by
generating intermediate reasoning steps {c1, c2,…, cn} before producing the
final answer A:

CoTðQÞ ¼ f½c1; c2; . . . ; cn�;Ag: ð5Þ

To improve GroverGPT+’s reasoning in the symbolic analysis of
quantum circuits, we adopt explicit CoT training, where intermediate rea-
soning chains are included in the supervision training targets. Unlike prior
work14 that directly predicts output probabilities, our approach models the
full analysis process as a sequence of logical deductions.

We construct two types of CoT training datasets. The first, CoT Data
with Oracle-only Input, includes only Oracle QASM code as input, with
CoT reasoning sequences as targets; this design encouragesGroverGPT+ to
reason directly from oracle structure. The second, CoT Data with Full-
circuit Input, includes the full Grover circuit QASM code as input, paired
with CoT outputs to enhance accuracy and focus on Oracle extraction.
These datasets span various qubit ranges to ensure broad generalization.We
detail our CoT training technique in Supplementary Information 9.

Data availability
The data supporting the findings of this study are available on GitHub
https://github.com/mchen644/GroverGPT-plus.

Code availability
The results are reproducible with the code available on GitHub https://
github.com/mchen644/GroverGPT-plus.
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