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ABSTRACT
Interactive Theorem Proving was repeatedly shown to be fruitful
when combined with Generative Artificial Intelligence. This paper
assesses multiple approaches to Rocq generation and illuminates
potential avenues for improvement. We identify retrieval-based
premise selection as a central component of effective Rocq proof
generation and propose a novel approach based on a self-attentive
embedder model. The evaluation of the designed approach shows
up to 28% relative increase of the generator’s performance. We
tackle the problem of writing Rocq proofs using a multi-stage agen-
tic system, tailored for formal verification, and demonstrate its
high effectiveness. We conduct an ablation study and demonstrate
that incorporating multi-agent debate during the planning stage
increases the proof success rate by 20% overall and nearly doubles
it for complex theorems, while the reflection mechanism further
enhances stability and consistency.
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1 INTRODUCTION
In recent years, the advent of Generative Artificial Intelligence (AI)
has accelerated the process of developing new software. However,
there are studies [23] showing that users who use AI assistants
tend to introduce more bugs and vulnerabilities into their code,
compared to those who write code on their own. Formal software
verification could help mitigate the issue of bugs and security flaws,
as it ensures that the software operates correctly and reliably in
compliance with the given specification. Under the assumption
of a well-formed specification, formal verification provides strong

∗Authors contributed equally to this work.

This work is licensed under a Creative Commons Attribution Inter-
national 4.0 License.

Proc. of the 25th International Conference on Autonomous Agents and Multiagent Systems
(AAMAS 2026), C. Amato, L. Dennis, V. Mascardi, J. Thangarajah (eds.), May 25 – 29,
2026, Paphos, Cyprus. © 2026 International Foundation for Autonomous Agents and
Multiagent Systems (www.ifaamas.org). https://doi.org/10.65109/ZQXK7747

guaranties and an acceptance criterion for the generated code. Inter-
active Theorem Prover (ITP) is a software tool that assists the user
with the development of formal specifications and proofs. To date,
there exist several ITPs, such as Rocq (formerly Coq) [1], Lean [6],
Agda [14], Isabelle [21], and others. Rocq is a mature ITP, which has
experienced more than 30 years of continuous development and
improvement. Rocq has an extensive track record of high-impact
projects. For example, Rocq was used to verify the correctness of
the CompCert C compiler [17], the only C compiler, in which an
extensive study found no bugs [36].

Verifying software has always been a rigorous process requiring
significant time and human effort. To mitigate this, a number of
approaches have been developed to automate theorem proving in
Rocq. These approaches build upon the underlying interactive proof
paradigm of Rocq, where proofs are constructed incrementally us-
ing so-called tactics. Tactics serve as elementary building blocks
that allow the user to manipulate the proof state — a data structure
containing the current goal and its context. Each applied tactic
transforms the proof state, reducing the original task into simpler
subgoals that can be solved recursively. Most solutions implement
tactic-prediction approaches and employ beam search or a similar
algorithm to navigate the search space. Tactician [3] is a kNN-based
approach, which does similarity-based retrieval of tactics used in
similar states. CoqGym [34] and Proverbot9001 [27] use Recurrent
Neural Networks (RNNs), Graph2Tac [26] proposed a novel graph-
based neural tactic prediction. Thakur et al. [28] and Kozyrev et al.
[16] instead build generation pipelines around general-purpose,
cloud-hosted LLMs, so that no heavy computations occur on the
user’s machine. CoqPilot [16], along with that, contributes a bench-
marking framework and allows seamless integration of standalone
tools into the workflow of Rocq’s user.

Many approaches call attention to the importance of premise
selection, i.e., retrieving useful context information to advance gen-
eration. Yang et al. [35] introduced LeanDojo, a retrieval-augmented
prover in Lean that significantly improves over non-retrieval base-
lines. Thompson et al. [29] present the Rango tool and report state-
of-the-art performance on the CoqStoq benchmark, automatically
synthesizing complete proofs for 32% of the theorems. The work
highlights how strongly the well-formed context contributes to
the success of Rango. Moreover, they show that proof retrieval is
the most performant mechanism for premise selection. The proof
retriever selects relevant previously completed proofs from the
current project and provides them as references to the model. Ac-
cording to the evaluation, Rango proved 47% more theorems than
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the variant without a proof retriever. However, their retrieval mech-
anism assumes that two textually similar statements have proofs
relevant to each other. In this work, we demonstrate that this as-
sumption oversimplifies the relationship between statements and
proofs and introduce a novel embedding model for Rocq state-
ments. It is trained to predict the similarity between their proofs
and achieves up to a 28% relative improvement on the evaluation
set.

Another promising direction in generative theorem proving that
we have identified is Agentic Systems. Research by Kozyrev et al.
[16] shows that current Rocq generation methods mostly strug-
gle with complex reasoning tasks. Approaches that perform proof
search on top of a tactic generator slow down dramatically as theo-
rem complexity grows, since searching for longer proofs becomes
exponentially harder due to the explosion of the underlying search
space [31]. Other neural methods, which apply LLMs, suffer from
the same problem due to the inability of the model to handle com-
plex reasoning tasks [12]. Agentic systems are known to address
these problems; however, to our knowledge, there were close to no
attempts to build an autonomous agentic system for an ITP. We
build an extensive Model Context Protocol (MCP) server for Rocq
and implement an autonomous Agentic System over it, utilizing
various problem-specific solutions, such as multi-agent debate. We
conduct an evaluation and show that our agentic system strongly
outperforms all other previously benchmarked solutions in the
CoqPilot’s work, raising the ratio of successfully proven theorems
from 51% to 60%.

1.1 Contributions
The main contributions of this paper are the following.

RocqStar proof retriever We propose a novel approach for
premise selection in Rocq. Rocq suffers from the data-scarcity prob-
lem that is common to most ITPs. Aggregating the largest pub-
licly available repositories, one could expect to collect roughly 300
million tokens of Rocq, and about the same for Lean. In contrast,
open-source Python corpora easily exceed 100 billion tokens. To
tackle this issue we contribute a convenient standalone tool BigRocq
to extract additional data from Rocq code, utilizing the nature of
Rocq’s system and the intermediate states of the proof. BigRocq
bridges the gap between Automated Generation and Rocq’s ecosys-
tem. Using BigRocq, we mine a dataset of 76,524 statements with
corresponding proofs from 4 big projects and train a self-attentive
embedder model, which learns to predict how close the proofs of
given statements will be. In addition, we provide a pipeline to re-
produce such embeddings for an arbitrary project, which offers
even better results. We integrate the solution as a new retrieval
approach for selecting context theorems in CoqPilot and evaluate
it using CoqPilot’s benchmarking infrastructure. Compared to the
baseline text similarity-based ranker, we show an improvement of
28% on the evaluation set. The BigRocq tool, the training dataset,
and the code for training the embedder model are available at
https://github.com/JetBrains-Research/rocqstar-rag. The embedder
model’s checkpoint is available at https://huggingface.co/JetBrains-
Research/rocq-language-theorem-embeddings.

RocqStar agentic system Addressing the lack of research on
applying agentic systems to ITPs, we build an autonomous sys-
tem for generating Rocq proofs. A custom MCP server built on
top of coq-lsp [7] handles the interaction with Rocq; its source
code is available at https://github.com/JetBrains-Research/rocqstar-
agentic-system. Our approach follows a structured process consist-
ing of planning, execution, and reflection. An ablation study shows
that while naive planning has limited impact, effective planning
based on the Multi-Agent Debate (MAD) framework plays a crucial
role. Specifically, it yields a 20% relative improvement in the overall
proof success rate and nearly doubles the success rate on complex
theorems with longer reference proofs (33% vs. 17%). Additionally,
we demonstrate the benefits of the reflection mechanism, which
improves the overall proof success rate from 48% to 66% and more
than quadruples success on complex theorems; see § 4.3 for details.
The evaluation results show that the RocqStar system solves up to
60% of the theorems from the CoqPilot dataset. It is implemented
using Koog1, an open-source JetBrains framework that offers a type-
safe Kotlin DSL for building AI agents with structured workflows
and tool interaction. The source code of the agent is available at
https://github.com/JetBrains-Research/rocqstar-agentic-system.

The remainder of the paper is organized as follows. § 2 describes
our Similarity-Driven Retrieval mechanism. § 3 introduces the agen-
tic system. § 4 presents an evaluation of the retrieval component
(§ 4.1), the agent (§ 4.2), and an ablation study of the agentic system
(§ 4.3). We describe the related work in § 5 and conclude in § 6.

2 SIMILARITY-DRIVEN RETRIEVAL
A known problem in Retrieval Augmented Generation (RAG), ap-
plied to the domain of Interactive Theorem Proving (ITP), is premise
selection [10, 30]. Premise selection is the task of retrieving rele-
vant facts from a given knowledge base to provide the model with
the necessary context to advance the proof. However, Huang et al.
[9] and Xu et al. [32] highlight that this context must be carefully
curated, as the inclusion of irrelevant information degrades model
performance.

We distinguish two ways of doing premise selection in Rocq.
Hint selection — given a context 𝐶 and a tactic with an unknown
positional argument, e.g. apply _, the task is to yield potential
candidates for the argument. Proof selection, in turn, given theo-
rem statement 𝑆 , focuses on choosing other statements with their
respective proofs, so that their presence in the context of the gen-
eration request would help the model with the generation of the
proof for statement 𝑆 . Since the approach of applying general pur-
pose models to proof generation is relatively new, most of the
works [2, 13, 29, 35] on premise selection in Rocq and other ITPs fo-
cused on hint selection. However, Thompson et al. [29] and Kozyrev
et al. [16] show that even a baseline proof selection significantly
boosts the model’s capabilities and is stronger than hint selection.
The baseline proof selection presented in both works [16, 29], given
the target statement 𝑠∗ and a database of already proven theorems
[𝑠0, 𝑝0] , . . . , [𝑠𝑛, 𝑝𝑛] (where 𝑠𝑖 denotes a theorem statement and 𝑝𝑖
its respective proof), chooses theorems, statements of which have
the maximum similarity to the target one. Similarity is defined by

1Koog https://docs.koog.ai
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Theorem test :

forall n : nat,

n = 0 \/ n <> 0.

Proof.

intros n.

destruct n.

- left; auto.

- right; auto.

Qed.

𝑠2 []

𝑠0 𝑠1

𝑠3 []

left; auto.

intros n.

destruct n.

destruct n. right; auto.

Lemma s1 (n : nat) : n = 0 \/ n <> 0.

Proof.

destruct n.

- left; auto.

- right; auto.

Qed.

Lemma s2 : 0 = 0 \/ 0 <> 0.

Proof. left; auto. Qed.

Lemma s3 (n : nat) : S n = 0 \/ S n <> 0.

Proof. right; auto. Qed.

Figure 1: Processing theorems into trees; 𝑠𝑖 denotes a state

the BM-25 information retrieval technique [25] or the Jaccard simi-
larity index. That results in packing the generator’s context with
theorems, based on how similar their statements are syntactically.

We propose a retrieval mechanism that improves the perfor-
mance of the generator compared to the described baseline. During
the generation of the target proof for the statement 𝑆 we generally
assume that the model benefits more from seeing similar proofs to
the one that it needs to generate, rather than from seeing similar
statements with proofs dissimilar from the target one. Evaluation of
our retriever in § 4.1 supports this supposition. One might assume
that if statements 𝑠∗ and 𝑠𝑖 are similar, their respective proofs 𝑝∗
and 𝑝𝑖 are similar as well:

similarity(𝑠∗, 𝑠𝑖 ) =⇒ similarity(𝑝∗, 𝑝𝑖 ) (1)

However, we show that this implication often does not hold. The
heuristic of retrieving similar statements produces decent baseline
results, but fails in complex cases, leaving room for improvement.
We design our retrieval method to guide context selection based
on the similarity of the proofs and show its practicality.

Let us define the proof similarity 𝐷𝐿 as the Levenshtein edit
distance computed over lists of tactics. Insertions and deletions of
tactics have a unit cost, as in the standard Levenshtein formulation.
The substitution cost between two tactics is proportional to the
Levenshtein distance between their string representations. The
resulting distance is normalized by the maximum proof length.

𝑝𝑖 =
[
𝑡𝑎𝑐𝑖0 , . . . , 𝑡𝑎𝑐𝑖𝑚

]
, 𝑙𝑖 = |𝑠𝑖 |, 𝐷𝐿 (𝑝𝑖 , 𝑝 𝑗 ) =

Lev(𝑝𝑖 , 𝑝 𝑗 )
max(𝑙𝑖 , 𝑙 𝑗 )

We conduct the following experiment to examine whether the
relation in Equation (1) holds in practice. Considering 1,855,701
pairs of theorems from the IMM project2, corresponding to all
unordered pairs among 1,927 theorems, we compute correlations
between statement similarities and respective proof similarities. In
summary, BM25-based statement similarity shows a weak negative
relationship with the Levenshtein-based proof distance (Pearson
𝑟 = –0.154, Spearman 𝜌 = –0.171). The code to reproduce these
experiments could be found in the RocqStar-retriever repository3.

To assess the issue of ineffective proof selection, we try to find
a function 𝑓 (𝑠𝑖 , 𝑠 𝑗 ) that correlates with the defined proof distance
stronger than statement similarity does. In this work, we introduce
a neural method that learns vector embeddings for Rocq theorem
statements, training them so that the distance between any two
2IMM https://github.com/weakmemory/imm
3RocqStar retriever: https://github.com/JetBrains-Research/rocqstar-rag/tree/main/
experiments

vectors mirrors the similarity between the respective theorem’s
proofs.

2.1 Dataset mining
Along with other ITPs, Rocq struggles with data scarcity. To ad-
dress this issue, we mine additional data from the Rocq code. We
utilize Rocq system’s functionality, preprocess theorems, and trans-
form sequential proof structures into trees. Fig. 1 illustrates this
transformation process. Since every node in such a tree is a valid
state, we can automatically construct a proof for it by recursively
following its subtree edges. Extracting all intermediate statements
together with their proofs allows us to expand any given Rocq
theorem dataset by a factor roughly proportional to the average
proof length. In practice, the observed expansion is also affected by
limitations of our extraction procedure. In our case, this resulted in
an approximately fourfold increase in dataset size. Kozyrev et al.
[15, Appendix A] provides the format of the dataset and further
details.

We call the proposed tool BigRocq and make it publicly avail-
able as a standalone component of our system. The idea of min-
ing additional training data from the intermediate states of the
ITP is not new; Kogkalidis et al. [13] conducted analogous re-
search for the Agda [14] language. Similar research for Rocq also
takes place [26, 34]; however, some of those works are highly de-
pendent on the deprecated ways of communication with Rocq’s
compiler [34] and do not support up-to-date versions of Rocq. In
contrast, others implement similar ideas as a part of the training
pipeline and do not allow for seamless reuse. Using BigRocq, we
mine a total of 76,524 statements, collected from 344 files from 4 big
Rocq projects. These projects are CompCert, IMM, Promising2Imm,
and XMM. CompCert contributes large and heterogeneous proofs,
while the remaining projects focus on weak-memory reasoning,
which exhibits diverse proof styles across multiple abstraction lev-
els. To avoid data leakage, we exclude theorems belonging to the
evaluation datasets from training and only mine subgoals when
augmenting a project.

2.2 Modeling
In our work, we formulate the problem as a self-supervised con-
trastive representation learning task and train a self-attentive em-
bedder model [20]. Given a dataset T = (𝑠𝑖 , 𝑝𝑖 ), where 𝑠𝑖 is a Rocq
statement, 𝑝𝑖 is its corresponding proof, and S denotes the set of
all statements appearing in T , together with a similarity function
𝑓 (proof𝑖 , proof 𝑗 ) defined between two proofs, we aim to learn a
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function
𝑟 : S × S → R,

which takes two statements 𝑠𝑖 , 𝑠 𝑗 ∈ S as inputs and outputs a
score approximating the similarity of their respective proofs 𝑝𝑖 , 𝑝 𝑗 .
In other words, 𝑟 (𝑠𝑖 , 𝑠 𝑗 ) ≈ 𝑓 (𝑝𝑖 , 𝑝 𝑗 ). This formulation allows the
ranker 𝑟 to assign scores to candidate statements relative to a target
statement, thereby guiding retrieval towards those whose proofs
are most likely to be useful.

In § 4, we evaluate the performance of the proposed model in
the following task. Given a target statement 𝑠∗ and a set of proven
theorems T , we aim to select 𝑘 premises from T to be used as
context for generating a proof of 𝑠∗. We take the 𝑘 most relevant
theorems, according to the ranker 𝑟 .

Top𝑘 (𝑟, 𝑠∗) = arg top𝑘
(𝑠𝑖 ,𝑝𝑖 ) ∈T

𝑟 (𝑠𝑖 , 𝑠∗)

We say that statement 𝑠∗ is solved with the use of the ranker 𝑟 if
the generator 𝑔 produces a valid proof for 𝑠∗ given the premises
selected by 𝑟 .

Solve(𝑠∗, 𝑟 , 𝑔) =
{
1, 𝑔

(
Top𝑘 (𝑟, 𝑠∗), 𝑠∗

)
is a valid proof,

0, otherwise.

Finally, the quality of the ranker is estimated by the number of theo-
rems in the evaluation set that can be solved using 𝑟 in combination
with a given generator 𝑔.

One of the difficulties we encountered during training is a U-
shaped distribution of proof distances over randomly sampled the-
orem pairs. Specifically, when plotting the frequency of theorem
pairs against their proof distance, most pairs cluster either at very
small distances, corresponding to short, highly similar proofs, or
at very large distances, corresponding to largely unrelated proofs.
As a result, pairs with intermediate distances are underrepresented,
creating a gap that hinders effective training. To mitigate this, we
define a modified proof distance that combines the previously intro-
duced in § 2 distance measures with an additional similarity term
and injected noise for robustness:

proof_distance(𝑝𝑖 , 𝑝 𝑗 ) = 𝛼 𝐷𝐿 (𝑝𝑖 , 𝑝 𝑗 ) + (1 − 𝛼) 𝐷 𝐽 (𝑝𝑖 , 𝑝 𝑗 ) + 𝛾

𝐷 𝐽 (𝑝𝑖 , 𝑝 𝑗 ) = 1 −
|𝑝𝑖 ∩ 𝑝 𝑗 |
|𝑝𝑖 ∪ 𝑝 𝑗 |

The coefficient 𝛼 = 0.7 was chosen heuristically based on the
distribution plot and yielded the best performance in experiments.
The noise 𝛾 is taken from U(−1𝑒 − 3,+1𝑒 − 3).

As we have already explained in § 2, statement similarity is a poor
choice of 𝑟 , as it shows a low correlation with the target function
proof_distance. However, it still provides a strong baseline: in prac-
tice, similar theorems occasionally have similar proofs. Accordingly,
our approach builds upon statement encoders, fine-tuning them
to better align with the underlying proof structure. We fine-tune
Microsoft’s 108-million-parameter encoder CodeBert [8], originally
pretrained on a combined corpus of programming and natural lan-
guage texts. We also experimented with gte-modernbert-base4

as the base model, but it did not yield notable improvements. As
shown in § 4.1, the encoder without post-training performs on par
with the Jaccard-similarity baseline, indicating that the unadapted

4gte-modernbert-base: https://huggingface.co/Alibaba-NLP/gte-modernbert-base

model relies primarily on surface-level syntactic similarity rather
than proof-related semantics. Our goal, therefore, is to adapt the
encoder to capture this deeper semantic relation.

To achieve this, we train the model using the InfoNCE [22] loss.
In our setting, the distribution of proof distances is imbalanced
even after normalization. InfoNCE naturally handles this case by
contrasting a limited number of positives against a set of negatives,
ensuring that informative gradients are maintained. In particular,
given a statement 𝑠 , during dataset preprocessing we compute
distances to other samples. We then mark a pair as positive if the
distance between their proofs is less than a threshold 𝜏𝑝𝑜𝑠 , and mark
it as negative if it is greater than 𝜏𝑛𝑒𝑔 . Given the hyperparameter
𝑘neg and sets of positive and negative pairs 𝑃+

𝑠 and 𝑃−
𝑠 , we compute

a per-statement loss term L𝑠 as follows:

L𝑠 = − log
exp

(
cos(𝑧𝑠 , 𝑧𝑝 )/𝑇

)
exp

(
cos(𝑧𝑠 , 𝑧𝑝 )/𝑇

)
+

𝑘neg∑︁
𝑗=1

exp
(
cos(𝑧𝑠 , 𝑧𝑛 𝑗

)/𝑇
)

where cos is a cosine similarity between ℓ2-normalized embeddings
of statements, and 𝑝 ∈ 𝑃+

𝑠 , 𝑛 𝑗 ∈ 𝑃−
𝑠 . On average, we observed

smoother convergence for higher values of 𝑘neg, which is consis-
tent with findings by Chen et al. [5]. However, due to hardware
limitations, we selected 𝑘neg = 100 as a practical trade-off between
convergence stability and computational cost.

Despite the adjustment of proof_distance(·), during training
we experienced the problem of the model converging too quickly
on “easy” negatives—pairs, whose proofs (and typically their state-
ments) are already far apart in the raw distance space. To keep in-
formative gradients flowing, we add hard negative pairs; with some
probability we treat a pair of statements as negative if 𝜏hardneg ⩽
sim(proof𝑎, proof𝑏 ) ⩽ 𝜏neg. Introduction of negative samples helped
to stabilize the training process; we have observed a less steep
training curve and better generalization overall. Kozyrev et al. [15,
Appendix B] lists other training hyperparameters.

3 AGENTIC SYSTEM
Agent-based approaches are broadly used in code generation and
repair tasks [4, 33, 37]. Despite a large number of autonomous
and semi-autonomous coding agents, they are not widely used in
formal proofs generation and are not tailored to the Rocq specifics.
To address this, we have implemented a RocqStar agentic system.

To allow interaction between the agent and Rocq’s system, we
develop a REST API server that provides a set of tools that are
useful during the execution. We apply our domain knowledge and
construct these tools to bring an agent-driven proving process
as close as possible to a human-driven one. Examples of allowed
function calls include checking validity of proofs, retrieving the
valid prefix of given proof, gathering additional information about
available entities in the context, and interacting with the context
via performing commands like Print ?a to identify the type of an
argument or Search ?exp to search for defined terms by a pattern.
Kozyrev et al. [15, Appendix C] describes the toolset in detail. The
interaction with Rocq’s system is carried out through its language
server, coq-lsp [7]. To conform with a commonly used Model
Context Protocol (MCP) and allow seamless agent interaction with
the environment through tools, we implement an MCP server that

Research Paper Track AAMAS 2026, May 25–29, 2026, Paphos, Cyprus

1259

https://huggingface.co/Alibaba-NLP/gte-modernbert-base


3

Target theorem

b : bool
negb (negb b) = b.

Premises

Theorem plusn0: n : nat,
(n + 1) =? 0 = false.

Proof. ... Qed.

Theorem add_comm: b c,
andb b c = andb c b.

Proof. ... Qed.

.

.

.

Theorem plus0: n : nat,
0 + n = n.

Proof. ... Qed.

1
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Upd plan

if fails
oftenEmbedder

Embedder

Figure 2: Agentic pipeline with RocqStar retriever

wraps the REST API server. Among the provided tools, the most
important is the proof-checking tool. It not only verifies whether a
proof is valid but, in case of an error, returns detailed diagnostic
information: the error message, its exact location, the valid prefix
preceding the error, and the remaining goals after that prefix. This
functionality allows the agent to maintain awareness of the current
proof state and leverage partial proof progress.

3.1 Agent Logic
The input to the agent is presented as a target theorem without a
proof and a file where it was declared, see box 1 of Fig. 2. Agent’s
pipeline is logically split into two main stages: planning and execu-
tion. In the planning phase, multiple language models rigorously
work out the strategy for the further implementation. During exe-
cution agents follow the plan aiming to generate the correct proof.

Planning Stage We employ the idea of multi-agent debates [19]
to generate a strategy for proving the given theorem. Specifically,
two LLMs engage in a discussion: one proposes and defends an
initial plan (pro LLM), while the other critiques it (con LLM); see
box 2 in Fig. 2. After several debate rounds, the entire message
history is passed to a judge LLM, which determines the winner and
produces the final plan. By repeating this procedure, we generate
𝑘 candidate strategies. These are then evaluated by a plan scoring
LLM that assigns each a numerical score (the higher, the better).
Finally, the top-𝑙 plans are selected and forwarded to the Execution
Stage; see box 3 of Fig. 2.

Execution Stage For each of the selected plans, we run an
executor agent that follows it step by step, invoking tools from
the provided tool set — proof checker, context–inspection queries,
search commands, and others, as atomic actions. Through these
tool calls, the agent interacts with the environment via the MCP
server. In addition to this iterative execution, we employ a reflection
mechanism that monitors the progress of the proof and adjusts
the strategy when necessary. We track how many consecutive
erroneous proof attempts occur, and once this number exceeds a

predefined threshold (set to five during evaluation), a critic model
is called to assess the current proof state and identify deviations
from the intended strategy. After that, we retrieve theorems along
with their proofs, whose top-level goals are similar to the currently
remaining goal, according to the cosine similarity between their
RocqStar-ranker embeddings. We prompt the LLM to explain which
tactic sequences could be helpful to finish our proof. We gather
the generated criticism and send it to the replanner LLM to refine
the current plan along with similar proofs and their analysis. The
replanner is a separate language model that revises the plan based
on the critic’s feedback and the retrieved examples. The whole
message history is sent back to the executor agent. During the
execution of each plan, 𝑛 tool calls are allowed. If valid proof is not
found after 𝑛 tool calls, we denote the plan as failed. In this case, we
ask a plan failure summarizer LLM to generate a short explanation
of why the strategy execution failed and what happened during
it. Then this summarized explanation is sent to the new execution
stage with the next selected plan. This procedure is repeated until
the correct proof is found or there are no more strategies to execute.
For clarity, Figure Fig. 2 presents a simplified view of the system
and does not explicitly depict all auxiliary LLM components used
in the pipeline.

4 EVALUATION
To evaluate our approach, partially and as a whole, we use the
CoqPilot benchmarking framework. We required a dataset with a
large number of human-written theorems and proofs. To compare
our solution to existing ones, we decided to re-use the dataset by
Kozyrev et al. [16]. It is limited to 300 theorems from the IMM
project [24], which was suitable for us in terms of computational
and financial costs. The theorems are partitioned into three groups,
corresponding to the difficulty level. The length (in tactics) of the
human-written reference proof of the theorem estimates its diffi-
culty. The sizes of each group are chosen with respect to the initial
distribution of proof lengths in the project. Final group sizes and
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Group ⩽ 4 5 − 8 9 − 20

Ranker Jaccard ModernBert RocqStar Jaccard ModernBert RocqStar Jaccard ModernBert RocqStar

GPT-4o 48%± 5% 44%± 4% 51%± 5% 18%± 4% 21%± 5% 25%± 3% 11%± 4% 8%± 4% 14%± 5%
Claude 3.5 58%± 5% 57%± 3% 61%± 4% 28%± 5% 30%± 3% 36%± 5% 16%± 5% 16%± 5% 21%± 5%

Table 1: Model performance under different ablations across all evaluation sets

Reference proof length ⩽ 4 5–8 9–20 Total
Group size 131 98 71 300

OpenAI GPT-4o 50% 26% 15% 34%
OpenAI o1 66% 31% 8% 41%
Deepseek R1 58% 29% 11% 37%
Claude 3.5 Sonnet 73% 41% 27% 51%
LleMMa 7B 24% 11% 1% 15%

Tactician (synth) 45% 23% 10% 29%
Rango 38% 18% 8% 25%

RocqStar Agent 76% 56% 38% 60%

Table 2: Different Rocq generation methods via CoqPilot

Reference proof length ⩽ 4 5–8 9–20 Total
Group size 22 16 12 50

Full Agent 91% 56% 33% 66%
Agent w/o MAD 86% 44% 17% 56%
Agent w/o Planning 86% 50% 17% 58%
Agent w/o Rocq★ retr. 86% 50% 33% 62%
Agent w/o Reflection 73% 44% 8% 48%
Claude 3.5 Sonnet 86% 37% 8% 52%

Table 3: Ablation study of Multi-Agent Debate

length ranges of each group could be found in Table 2. The dataset
is further restricted to theorems whose human-written reference
proofs contain no more than 20 tactics, following the original setup
of the CoqPilot benchmark. From now on, we will refer to the de-
scribed dataset as the IMM-300 dataset. For smaller ablation studies
we additionally prepared IMM-50, a 50-theorem subset of IMM, con-
structed with the same procedure. No theorems from the dataset
were present in the training set of the RocqStar ranker embedding
model. Moreover, the training set only contained partial theorem
goals, i.e., intermediate proof goals arising during proof execution,
rather than the original top-level theorem statements. Kozyrev et al.
[15, Appendix D] describes the split of both datasets into groups,
as well as additional details and limitations. Kozyrev et al. [15, Ap-
pendix E] describes the computational and financial resources used
for the experiments.

4.1 Retrieval Mechanism
We integrate our retrieval mechanism as a ranker into CoqPilot
and evaluate it on the IMM-300 dataset with different models under
the hood. To assess its performance, we compare our approach
against two baselines: (i) an untrained embedder model (we use
gte-modernbert-base, with codebert-base yielding comparable
results), and (ii) a lexical similarity baseline based on the Jaccard
index. In the latter, given a target theorem statement 𝑠∗ and a set
of proven theorems [𝑠0, 𝑝0] , . . . , [𝑠𝑛, 𝑝𝑛], it ranks the theorems in
descending order of 𝐽 (𝑠∗, 𝑠𝑖 ), where 𝐽 (𝑠∗, 𝑠𝑖 ) is the Jaccard-similarity
index. The statement is split into tokens by whitespaces, commas,
etc. Jaccard-similarity index is semantically almost the same as
the BM-25 metric and produces the same numerical results. For
each theorem in the dataset, we take theorems within the same
file, sort them using the ranker (Jaccard, ModernBert, or RocqStar,
respectively), take the 𝑘 most relevant ones (𝑘 is equal to 7 in

our experiments) and send a request to the model to generate the
completion. The chosen theorems are being sent as a few-shot
prompt. Generation for each theorem is requested 12 times. If the
Rocq’s system accepts any of the proofs, the theorem is considered
solved. The target metric in our evaluation is the ratio of solved
theorems. The evaluation results are presented in Table 1. The
reported values denote mean success rates, and the ± intervals
correspond to the standard deviation across three independent
runs.

As can be seen from Table 1, our RocqStar ranker consistently
outperforms both the Jaccard baseline and the untrained Modern-
Bert encoder, demonstrating reliable gains across all evaluation
groups. Most of the performance increase could be seen in the sec-
ond group; we interpret these results as follows. For short theorems
in the first group, the assumption that similar statements imply
similar proofs often holds; therefore, all rankers perform compara-
bly. For complex theorems from the third group, it rarely happens
that two theorems have significantly similar proofs, resulting in
less advancement space for the model.

4.2 Agentic System
We evaluate our agentic system on the IMM-300 dataset with the
goal of solving as many theorems as possible. We use the strongest
available Rocq proof–generating models, as measured by pass@12
on the CoqPilot benchmark. In addition, following the common
principle of using a critic stronger than the executor [38], we em-
ploy a more capable model for the planning and evaluation stages.
Specifically, for all parts of the planning stage, we use the Claude 3.5
Sonnet model and perform two rounds of debate between actors.
Four plans are generated, and two are chosen for further execu-
tion. During execution, 20 tool calls are allowed from the MCP
server. Additionally, after five proof-checking calls, the critic model
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(Claude 3.7 Sonnet) is invoked and analyzes whether a deviation
from the initial plan has occurred. We use Claude 3.5 Sonnet for
the execution and re-planning, and Google Gemini Flash 2.0 for
other tasks, due to the necessity of a big context. Results of the
evaluation are shown in Table 2.

As shown in Table 2, our agentic system outperforms other
benchmarked models inside the CoqPilot framework. The strongest
model so far was Claude 3.5 Sonnet, which achieves 51% accuracy
on the dataset, given 12 retries for each theorem. RocqStar agent
achieves 60%, showing vigorous improvement. In terms of financial
costs, we estimate a run of an agent on one theorem at 1.3 US dollars,
compared to 0.25 US dollars for 12 requests to the pure Claude 3.5
Sonnet in CoqPilot. Along with five language models invocated
through the CoqPilot framework, we have compared our solution
to other Rocq generation approaches, such as Tactician and Rango.
On our IMM-300 dataset both solutions showed a result comparable
to CoqPilot with OpenAI GPT-4o as the generator model.

4.3 Ablation study
We conduct an ablation study to analyze the contribution of individ-
ual components of the agentic pipeline to the overall success rate.
In particular, we investigate the effects of removing (1) the Multi-
Agent Debate (MAD) layer responsible for iterative plan refinement,
(2) the Planning stage entirely, (3) the RocqStar retrieval module,
and (4) the Reflection mechanism responsible for forced retrieval,
criticism, and replanning. All experiments are performed on the
IMM-50 dataset, with all other system components kept unchanged.
The results are summarized in Table 3.

Planning Considering that software-verification tasks cannot
be solved ad hoc, without explicit planning, wemeasure how remov-
ing the MAD layer and reverting to single-pass planning affects the
proportion of successfully proved theorems. We run two versions
of the agent: one generates plans via MAD, and the other produces
a single plan in one LLM call without further refinement. Addition-
ally, we include a configuration with the Planning stage entirely
disabled, where the executor immediately attempts to construct a
proof without any plan. This comparison shows that an agent with-
out planning performs nearly identically, or slightly worse, than
one guided by a poor single-pass plan, suggesting that a suboptimal
plan does not provide advantage. In contrast, multi-step planning
via MAD yields a consistent improvement across all groups, con-
firming the importance of structured plan refinement. Kozyrev
et al. [15, Appendix F] presents an example of MAD repairing a
previously unsuccessful plan.

RocqStar retrieval To further assess the contribution of re-
trieval to the agentic pipeline, we evaluate the agent with its re-
trieval component replaced by a Jaccard-based baseline. This sub-
stitution results in a small but consistent decrease in performance,
indicating that the proposed retrieval mechanism provides a mean-
ingful, though moderate, improvement in the agentic setting. While
the agentic architecture mitigates some of the limitations of weaker
premise selection, effective retrieval remains an important compo-
nent that contributes to more stable and reliable proof generation.

Reflection Finally, we disable the reflection mechanism that
triggers forced retrieval and replanning after failed attempts. With-
out reflection, the agent loses its ability to recover from early mis-
takes, leading to a noticeable degradation of performance, especially
on longer andmore complex proofs. The result shows that reflection
complements planning by enabling recovery from failed reasoning
trajectories.

5 RELATEDWORK
Many Rocq generation methods improve generation using Retrieval
Augmentation. Most of those works solve the hint selection prob-
lem [2, 29], described in § 2. Those approaches build proofs tactic by
tactic, retrieving relevant lemmas or definitions to use in the next
step. The problem of retrieving existing proofs that can help ad-
vance generation is barely explored in the literature. CoqPilot [16]
and Rango [29] address this problem by augmenting the generator’s
context with previously proven theorems whose statements are
similar to the target theorem being proved. Our work proposes a
novel premise selection method and demonstrates improvements
over the baselines used in prior work [16, 29].

In our multi-agentic system, we distribute responsibility across
multiple agents, each responsible for a simpler subtask within the
overall proof generation process. This decomposition, which sepa-
rates high-level reasoning, planning, and execution, is a common
design pattern in agentic systems. For example, Li et al. [18] pro-
pose a task force split into Thinker, Solver, Critic, and Debug agents,
while Liang et al. [19] introduce a multi-agent debate framework
that encourages divergent reasoning in complex tasks. We show
that explicitly separating planning from execution is essential for
the formal verification pipeline. Theorem-proving demands a clear
and high-level picture of the proof before executing any code. Run-
ning a multi-agent debate at the planning stage ensures rigorous
evaluation of different approaches before interacting with Rocq’s
system. We produce several plans for further execution. In a man-
ner similar to Islam et al. [11], we assign scores to plans and run
them in the order of score decrease. To our knowledge, there have
been no substantial attempts to build fully agentic systems for ITPs.
The closest related effort is the early proof-of-concept by Yang et al.
[35], which explores the use of agents for proof generation in Lean.
While this work illustrates the potential of agent-based approaches
in this domain, it relies on minimal tooling and does not form a fully
agentic system with autonomous planning and iterative execution.

As a user interface, we utilize CoqPilot to integrate into the com-
mon Rocq’s programmer pipeline. CoqPilot is a VSCode5 plugin,
facilitating access to Rocq generation methods for end-users. Cur-
rently, the RocqStar retrieval component is available in CoqPilot as
a premise-ranking module. Integration of the full RocqStar agentic
system as a proof generator is ongoing.

6 CONCLUSION
We have presented a method to enhance retrieval-augmented gen-
eration in Rocq via leveraging neural premise selection using a
self-attentive embedder model. We evaluated our proposed solution
on a dataset of 300 Rocq theorems with two different generator
models under the hood and showed a noticeable improvement of up
5VSCode: https://code.visualstudio.com
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to 28% relative to the baseline. Our result suggests that proof-aware
premise selection considerably improves generation quality, par-
ticularly for medium-difficulty theorems, where the gap between
statement similarity and proof similarity becomes more significant.

Our work pioneers the use of Agentic Systems applied to For-
mal Verification. We have implemented an advanced pipeline that
includes rigorous planning via multi-agent debate, domain-specific
tooling, and an adaptive executor–critic loop that iteratively refines
proofs based on partial progress. We conclude that our RocqStar
agent shows promising results, surpassing strong baselines and
highlighting the applicability of agentic systems in the domain of
theorem proving. The ablation study further demonstrates that both
multi-agent planning and reflection are key to maintaining stable
reasoning and achieving consistent improvements in the proof’s
success rate.
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