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Abstract

Automated theorem proving is essential for the formal verification
of safety-critical systems. As the corpus of formal proofs grows, a
natural paradigm is to learn from existing proofs. However, cur-
rent learning-based approaches predominantly train Large Lan-
guage Models (LLMs) as end-to-end provers, which yields resource-
intensive, opaque systems. Conversely, while traditional symbolic
provers are computationally efficient, how to automatically improve
these solvers from data remains an open challenge.

This paper bridges this gap by proposing LLM2Ltac, a novel
approach that leverages the reasoning power of LLMs not as end-to-
end provers, but as intelligent synthesizers to mine purely symbolic
tactics from data. Given a corpus of formal proofs, LLM2Ltac asks
an LLM to identify latent proof strategies and formalize them into
reusable tactics. These tactics are verified for validity and general-
izability, and finally integrated into symbolic provers to enhance
their automated proving capabilities without the runtime cost of
LLMs.

We implement LLM2Ltac on Rocq 8.20.0 and mine tactics from
11,725 theorems in the standard library. We evaluate our approach
on 6,199 theorems from four large real-world verification projects,
namely, CompCert, Coq-Art, Ext-Lib, and Vfa. Results show that
the mined tactics improve CoqHammer to prove 23.87% more theo-
rems, and when integrating the improved CoqHammer with Claude
Code, the overall proved theorems increases by 9.90%, indicating
the effectiveness of LLM2Ltac.

CCS Concepts

• Theory of computation→ Automated reasoning; • Software
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1 Introduction

Automating formal verification is important for ensuring the cor-
rectness of safety-critical software [19, 22, 25] and hardware sys-
tems [37, 38]. Interactive theorem provers (ITPs) such as Rocq
(Coq) [39], Isabelle [43], and Lean [13] provide rigorous mathemati-
cal frameworks for constructing machine-checked proofs. However,
manual proof construction requires substantial expertise and ef-
fort, significantly limiting the scalability of formal verification to
large-scale industrial applications.

The state-of-the-art approach to automating formal verifica-
tion combines large language models (LLMs) with symbolic au-
tomated theorem provers (ATPs) [21, 26, 40]. Though many ef-
forts are devoted to improving LLM performance in these proving
agents [21, 23, 26, 30, 40], we argue that enhancing symbolic provers
themselves remains equally important. First, as revealed in existing
studies [10], symbolic provers complement LLMs effectively. If the
improvement falls outside the proving capabilities of LLMs, the
overall performance of the proving agent improves. Second, even
if the improvement of symbolic provers falls within the capabili-
ties of LLMs, we can reduce the expensive cost of invoking LLMs
by offloading proving tasks to symbolic provers. Third, in many
real-world scenarios, LLM-based approaches cannot be used at all.
For example, small companies cannot afford the cost of their own
LLM servers, and cannot use public services due to confidentiality
concerns. Therefore, this paper aims to improve the performance
of symbolic provers for automated theorem proving.

A key observation is that existing symbolic provers rely on the ex-
isting decision procedures [4, 14], and do not work well in domains
that lack decision procedures. However, in many such domains, ex-
isting proofs have already been written by human developers, and
these proofs embed reusable proof strategies that serve as practical
alternatives to the missing decision procedures. Based on this ob-
servation, our basic idea is to enable symbolic provers to learn from
existing proofs: we mine the proof strategies from existing proofs,
formalize them as reusable tactics, and equip symbolic provers with
this mined knowledge to handle cases where they would otherwise
fail.
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We propose LLM2Ltac, a novel approach that improves sym-
bolic provers by using LLMs to mine reusable proof strategies from
existing formal proofs and formalize them into executable tactics.
Note that LLM2Ltac does not train or fine-tune any neural net-
work model; rather, it uses LLMs as a mining tool to surface proof
strategies that already exist in proofs and make them accessible
to symbolic provers. Concretely, the workflow of LLM2Ltac is as
follows: i) we collect a corpus of formal proofs from existing verifi-
cation projects as the knowledge source; ii) the LLM analyzes each
proof to understand the underlying reasoning process; iii) the LLM
identifies generalizable proof strategies embedded in the proof; iv)
the LLM formalizes each strategy as a symbolic tactic; v) the mined
tactics are integrated into the symbolic prover, enabling it to apply
this acquired knowledge for automated proving.

Key challenges in this approach are: i) How can we ensure that
mined tactics are useful? Many tactics generated by LLMs may be
syntactically incorrect, or they may be overfitted to the specific
proof from which they were mined, failing to generalize to new
problems. ii) How can we retrieve appropriate tactics for a given
proof state? Traditional retrieval methods such as BM25 [34] rely on
textual similarity. Since tactics are a structured representation with
limited textual content, textual similarity measures are insufficient
for identifying relevant tactics effectively.

To address the first challenge, we design a testing process that
ensures: i) the tactic can be correctly represented in the symbolic
system; and ii) the tactic is generalizable by demonstrating appli-
cability to other theorems outside the mining dataset. To address
the second challenge, we record the theorem from which each tac-
tic was mined, and retrieve tactics by using BM25 to match the
theorems that the tactics are mined from. By indexing tactics via
their source theorems, we effectively enrich the text for retrieval,
as theorem statements carry richer textual information than tactics
themselves.

Evaluation. To evaluate LLM2Ltac, we collect 11,725 theorems
from Rocq standard library as the dataset for tactic mining. We
choose the standard library because it contains a substantial num-
ber of theorems on commonly used data structures such as natural
numbers, lists, and real numbers. To evaluate generalization capa-
bility, we collect a validation set containing 6,462 theorems from
C-CoRN [11], including common algebraic structures (e.g., setoids,
monoids, groups). We randomly select 93,424 different positions
across these theorems’ proof scripts to assess how broadly the
mined tactic applies under different proof contexts. To evaluate the
enhancement to the symbolic prover, we select large, real-world
open-source Rocq projects focused on software verification: Coq-
Art [5], Ext-Lib [28], Vfa [3], and CompCert [24], in total 6199
theorems. We collect a testing benchmark of 6199 theorems from
these four benchmarks, and evaluate whether our approach can
improve the proof capability of CoqHammer [12], the state-of-the-
art symbolic prover in Rocq on these projects. Our results show
that using the tactics mined by Deepseek-V3.2 [15], LLM2Ltac
enhances the number of theorems proved by CoqHammer directly
by 23.87%. When integrating the improved CoqHammer into the
state-of-the-art proving agent, Claude Code [1], the overall number
of theorems proved increases by 9.90%, and the token consumption
is reduced by 10.51%.

Contribution. The contributions of this paper are as follows:

• We propose an approach that mines reusable proof strate-
gies from existing formal proofs by an LLM, allowing the
prover to apply this acquired knowledge at proof time with-
out runtime LLM interaction and supporting deployment in
constrained environments.
• We design a testing methodology that ensures mined tactics
are generalizable to new proof goals outside the mining
dataset.
• We implement and evaluate LLM2Ltac on multiple bench-
marks, demonstrating that it enhances the automation capa-
bility of symbolic provers.

2 Background

The Rocq Proof Assistant. Rocq [39] (formerly known as Coq)
is an interactive theorem prover based on the Calculus of Induc-
tive Constructions (CIC) [31]. Users state theorems and construct
machine-checked proofs interactively. At each step, the system
maintains a proof goal: the proposition that remains to be proved.
When a proof begins, the goal is the theorem statement itself. Users
enter tactics, each of which transforms the current goal into zero
or more subgoals. Once all subgoals are discharged, the Rocq ker-
nel type-checks the proof term, guaranteeing correctness inde-
pendently of the tactics that produced it. Rocq provides a rich
set of built-in tactics for common proof steps, including introduc-
ing hypotheses (intros), applying known lemmas (apply), rewrit-
ing with equalities (rewrite), and performing structural induction
(induction).

Ltac. Ltac [16] is the tactic scripting language built into Rocq. It
allows users to compose built-in tactics into higher-level, reusable
proof procedures. An Ltac definition binds a name to a tactic ex-
pression. The language supports pattern matching on the proof
goal and hypotheses via the match goal construct, recursion, back-
tracking with the + and || operators, and looping via repeat and
do. Ltac is widely used to encode domain-specific proof automation
in Rocq projects. In this paper, LLM2Ltac produces Ltac tactics
as its reasoning strategy representation, so that the mined proof
strategies can be directly loaded and invoked by the Rocq system.

CoqHammer. CoqHammer [12] is an automated theorem prov-
ing tool for Rocq. It adapts the "hammer" methodology that has
been effective in other proof assistants (e.g., Sledgehammer for Is-
abelle [8, 43]). The tool operates in three phases: Given a proof goal,
CoqHammer performs premise selection, translation to first-order
logic with external ATP invocation, and proof reconstruction inside
Rocq to produce a fully checked proof term. CoqHammer is the
state-of-the-art general-purpose symbolic prover for Rocq [12]. We
use it as the baseline symbolic prover in our evaluation. Despite
its strength, CoqHammer does not learn new proof strategies from
existing proofs; it relies on the fixed set of ATPs and reconstruction
tactics. LLM2Ltac addresses this limitation by mining reusable Ltac
tactics from proof corpora and integrating them into CoqHammer’s
proof search.

2948



Mining Tactics for Automated Theorem Proving ASE ’26, October 12–16, 2026, Munich, Germany

Figure 1: The workflow of LLM2Ltac

Definition divls (v1 v2: val): option val :=

match v1, v2 with

| Vlong n1, Vlong n2 ⇒
if Int64.eq n2 Int64.zero

|| Int64.eq n1 (Int64.repr Int64.min_signed)

&& Int64.eq n2 Int64.mone

then None

else Some (Vlong (Int64.divs n1 n2))

| _, _ ⇒ None

end.

Definition partial_binary_constructor_sound cstr sem :=

forall le a x b y z,

eval_expr ge sp e m le a x →
eval_expr ge sp e m le b y →
sem x y = Some z →
exists v, eval_expr ge sp e m le (cstr a b) v ∧

lessdef z v.

Theorem eval_divls_base:

partial_binary_constructor_sound divls_base divls.

Figure 2: Theorem to be proved in benchmarks

3 Overview

In this section, we present an overview of LLM2Ltac, a framework
designed to mine reasoning strategies. We will use some examples
to demonstrate the workflow of our approach.

We consider the theorem eval_divls_base in Figure 2, which
comes from the CompCert project. This theorem describes a funda-
mental property of instructions selection. Here, partial_binary_
constructor_sound is a general correctness template for a binary
function: eval_expr denotes the evaluation of an expression, sem
denotes the abstract semantics of a binary operation over values,
and lessdef denotes a refinement relation, under which z = v

holds as long as z is not an undefined value. divls_base denotes
64-bit signed division on the target machine.

The theorem eval_divls_base states that for any two expres-
sions a and b that evaluate to the 64-bit integer values x and y, as
long as x divided by y is mathematically well-defined (i.e., divls
x y = Some z, with no division by zero and no overflow), the
expression divls_base a b generated by the instruction selection
phase evaluates to a result that agrees with z. This guarantees that
the instruction selection step is semantics-preserving for 64-bit
signed division.

The workflow of LLM2Ltac is shown in Figure 1. The entire
framework is divided into three stages, where the first two steps are
performed offline, similar to the training phase of machine learning,
and the last step is performed online when proving new theorems.

• Stage 1: Tactic mining. In this stage, we use large language
models to mine reasoning strategies from a set of theorems
and their proofs.
• Stage 2: Validity and generalization testing. After mining
the tactics, we need to ensure their validity and generalizabil-
ity. We design specific tests to verify that the mined tactics
can be applied in various scenarios.
• Stage 3: Tactic integration. We combine the mined tactics
with symbolic provers to form a new prover with better
theorem-proving capability. The prover uses these tactics to
convert complex theorems into simpler goals until they can
be automatically solved.

3.1 Tactic Mining

Proof analysis. For each theorem and proof in the dataset, we ask
the LLM to explain the purpose of each tactic in the proof, and what
it means to use this tactic at the current position in natural language
(NL). We analyze each tactic individually rather than asking the
LLM to describe the proof as a whole, because the LLM tends to
omit tactics whose effects are less apparent when summarizing
an entire proof at once. Per-tactic analysis yields more detailed
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descriptions that capture the specific effect of every proof step. For
example, the following is a theorem from the dataset:

Lemma hd_error_some_nil l (a : A) :

hd_error l = Some a → l <> nil.

Proof.

unfold hd_error. destruct l; now discriminate.

Qed.

where A is a polymorphic type that represents a list of elements.
The LLM provides the following natural language description

for the effect of each tactic:
### Step -by-step explanation
1. `unfold hd_error.

** Meaning :** Replaces `hd_error ` by its definition. ...
** Purpose in this proof :** Unfolding turns the goal into a
statement about a `match l with ... end `, making it possible to
reason by cases on `l`.

...
2. `destruct l; now discriminate.

** Meaning :** Splits the goal into two cases based on the shape
of `l`. ...
** Purpose in this proof :** The property ```hd_error l = Some a`
implies `l <> nil `'' is naturally proven by splitting into the
two possible shapes of `l`.
...

We can observe that the LLM analyzed the roles of two tactics
(unfold and destruct) in this proof and the impact on the goals
when each tactic is applied. Then, by providing the proof process
and the meaning of each proof step as input, we guide the LLM to
give a general reasoning strategy.

NL strategies generalization. In the second step, we require the
LLM to summarize the given proof analysis into generalizable strate-
gies. After providing the above proof analysis to the LLM, the LLM
gave the following general proof method:
General Proof Strategies
## 1) Unfold a definition to expose a match , then do case analysis
** Pattern :** `unfold f.` followed by `destruct x.` (or `cases x`)
when `f x` reduces by pattern matching on `x`.

...
## 2) Split by constructors , then finish each branch with
constructor -injectivity/disjointness (`discriminate `)
...

We can observe that the LLM provides general proof strategies.
The first strategy unfolds a definition and then performs case analy-
sis, which applies whenever a function reduces by pattern matching
on its argument. The second strategy splits the goal by constructors
and finishes each branch using constructor. We can observe that
all strategies generalize beyond the current lemma and can be used
in proving other theorems.

Autoformalization. We require the LLM to formalize the new
general proof strategies described in natural language into the tac-
tic language used by the symbolic system. Since the theorems we
selected are obtained from Rocq projects, for consistency, we for-
malize the new proof strategies into tactics represented in Ltac in
Rocq [16]. Note that the role of autoformalization here is solely to
translate natural language strategies into a symbolic representation;
the correctness and generalizability of the resulting tactics are not
assumed but are instead verified by the subsequent testing stage.
In this example, multiple tactics are formalized, and we show one
tactic formalized from Strategy 1 as an example, whose formal-
ized tactic is shown in Figure 3. The Ltac cannot know whether a

Ltac unfold_match_then_destruct :=

match goal with

| |- context [ ?f ?x ] ⇒
unfold f; destruct x

| H : context [ ?f ?x ] |- _ ⇒
unfold f in H; destruct x

end.

Figure 3: One mined tactic from lemma hd_error_some_nil
by LLM2Ltac

function reduces by pattern matching on a given argument, so it
uses syntactically matching a function application to represent the
condition.

3.2 Validity and Generalization Testing

Due to LLM hallucinations, the generated code by LLM may not be
valid, so we need to test whether it is formalized correctly in Rocq
Ltac. In addition, LLM2Ltac also tests the generalization of tactics
to ensure they can be used for proving other theorems. Note that
a valid tactic is correct by construction in the Rocq system, and
would never result in a incorrect proof.

To test validity, we employ a test-and-repair framework using
the Rocq compiler. If compilation fails, we ask the LLM to repair the
tactic. Tactics that fail after a fixed number of repairing attempts are
discarded. To test generalizability, we use a validation set containing
theorems that are not included in the mining dataset. We then apply
the tactic into each position in the theorems’ proving processes. If
the proof statement changes after the application, we consider the
tactic to have generalization capability and retain it; otherwise, we
discard it. For the retained tactics, LLM2Ltac records the source
theorem from which the tactic was mined, which will be used for
retrieval when proving new theorems.

3.3 Tactic Integration

In this stage, LLM2Ltac combines the mined tactics with a symbolic
prover. Given a proof goal that cannot be directly resolved by the
symbolic prover, we retrieve relevant tactics. As mentioned before,
tactics contain limited textual information and direct retrieval of
tactics is ineffective. Our approach uses the theorems for mining
tactics as the bridge for retrieval. We first use BM25 to identify the
theorems that are most similar to the current proof goal from the
dataset for tactic mining, and return the tactics mined from the
theorems. Next, we apply each of the retrieved tactics to transform
the current proof goal and then apply the symbolic prover again.
We construct an And-Or tree [9] to try different combinations of
the above process until the theorem is proved.

For the theorem in Figure 2, though CoqHammer cannot directly
prove the theorem, the enhanced prover can retrieve the theorem
hd_error_some_nil and use tactic unfold_match_then_destruct
to convert the theorem into new goals that can be automatically
solved by CoqHammer.
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Figure 4: Workflow of generalization testing

4 Approach

In this section, we present the detailed design of LLM2Ltac. As
illustrated in Figure 1, the workflow of LLM2Ltac consists of three
main stages: i) Tactic mining. In this stage, LLM2Ltac mines
potential tactics from LLMs. ii) Validity and generalization test-

ing. The testing checks the tactics that are syntactically valid and
applicable to other theorems. iii) Tactic integration. LLM2Ltac
incorporates the mined tactics into the symbolic prover, employing
a new retrieval method to select appropriate tactics based on the
proof goal.

4.1 Tactic Mining

By inputting a dataset of theorems, we aim to mine the reasoning
patterns that are already formed within proofs. This mining process
consists of three steps: proof analysis, natural language strategy
generalization, and autoformalization.

Proof Analysis. In the proof analysis step, we prompt LLMs to
analyse the proof steps of given theorems. We require the LLM to
perform two tasks. The prompts are shown in Figure 5. Specifically,
the LLM performs two tasks per proof step: (1) explaining the
semantic meaning of each tactic (e.g., what rewrite or induction
does), and (2) describing the effect of each tactic on the current
proof goal. To support accurate analysis, we supply the LLM with
the types and definitions of inductive data referenced in the tactic
parameters.

Natural language strategies generalization. In this step, we
prompt the LLM to identify which steps from the previous proof
analysis can be abstracted to a higher level. The prompt is shown
in Figure 6. We use natural language descriptions for proof analy-
sis and generalization, as LLMs are more powerful in understand-
ing and generating natural language compared to symbolic lan-
guage [42].

Autoformalization. In the autoformalization step [44], we use
LLMs to convert the natural language descriptions of reasoning
strategies into the formal language. The prompts used in the LLM
are shown in Figure 7. During autoformalization, the LLM trans-
lates the high-level strategic descriptions into Ltac [16], the tactic
language of Rocq. We provide the LLM with Ltac documentation

and examples to facilitate accurate translation, and instruct it to
generate parameter-free tactics that match patterns in the proof
goal.

4.2 Validity and Generalization Testing

Validity Testing. The purpose of this stage is to test the tactics
mined from the LLM. In validity testing, we design a test-and-repair
framework to test whether the mined tactics are valid. We use
the symbolic verifier to compile each tactic. If the verifier finishes
compilation without errors, we consider the tactic to be valid within
the logical system. If the verifier reports errors, we provide both the
error message and the current tactic back to the LLM, prompting
it to repair the errors. If the number of repair attempts exceeds a
threshold, we discard this tactic.

Generalization Testing. This stage evaluates whether the tac-
tics can be applied to theorems in other projects. We collect a large
number of theorems from other projects as the benchmark. Through
generalization testing, we select the tactics whose generalizability
falls within a certain range for the final symbolic prover enhance-
ment. The workflow is shown in Figure 4. The overall workflow
proceeds as follows: first, since a single theorem may yield multiple
tactics, we employ a parser to decompose the tactic into individual
tactic definitions along with their required header files and type
definitions. This decomposition step is crucial as it isolates each
tactic as an independent unit while preserving all necessary depen-
dencies for compilation. Then, for each mined tactic, LLM2Ltac
automatically generates a Rocq plugin that wraps the tactic with all
its required dependencies and exposes it through a named interface.
This plugin-based method allows each proof script to load a tactic
via a single command, avoiding repeated script modifications and
dependency conflicts across different tactics.

For generalization testing, we insert each mined tactic after ev-
ery original tactic in the benchmark proof scripts (except for the
last tactic that closes the goal), and check whether it successfully
produces a new proof state. As shown in Figure 4 theorem 3, a con-
crete example demonstrates the inserting positions of the tactics
(marked by "Ltac position"). A tactic is considered to be generaliz-
able if, given the current proof state and theorem, it produces new
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Figure 5: Prompts in proof analysis Figure 6: Prompts in natural language generaliza-

tion

Figure 7: Prompts in Autoformalization

proof states without reporting errors (a tactic without errors but
makes no changes to the proof state is discarded). We record the
number of successful applications across all benchmark positions
as a metric of generalization capability. In our approach, there are
93,424 test positions in total; if a tactic cannot make any change
to the proof state across so many positions, we tend to regard it
as lacking generalization capability. Specifically, we consider a tac-
tic to have generalization capability if its application success rate
across all benchmark positions falls within [10%, 100%) (details in
Section 5.6, where we show that tactics from different intervals
all improve the prover). A tactic with a success rate below 10%
is considered too narrow to use reliably. Conversely, a tactic that
succeeds in 100% of positions is considered over-general: such a
tactic typically only introduces a fresh variable to alias an existing
term in the proof context, which changes the proof state without
making meaningful reasoning progress.

4.3 Tactic Integration

Tactics that pass the generalization testing are combined with a
symbolic prover for better theorem proving. Since existing symbolic
provers do not support the utilization of the tactics presented in the
code, we design an algorithm to alternately invoke the symbolic
prover and apply tactics, shown as algorithm Solve in Algorithm 1.
The algorithm models proof search by constructing an And-Or

tree [9]. Each proof goal forms an Or-node: it is solved if any tactic
succeeds. Each tactic application forms an And-node: it requires
all resulting subgoals to be proved.

Algorithm 1 And-Or Tree Proof Search with Tactic Retrieval

1: function Solve(𝑔𝑜𝑎𝑙)
2: 𝑟𝑜𝑜𝑡 ← OrNode(𝑔𝑜𝑎𝑙)
3: 𝑞𝑢𝑒𝑢𝑒 ←Queue( ); 𝑞𝑢𝑒𝑢𝑒.Enqeue(𝑟𝑜𝑜𝑡)
4: while 𝑞𝑢𝑒𝑢𝑒 is not empty ∧ ¬ 𝑟𝑜𝑜𝑡 .𝑠𝑜𝑙𝑣𝑒𝑑 do

5: 𝑛 ← 𝑞𝑢𝑒𝑢𝑒.Deqeue( )
6: if ApplyATP(𝑛.𝑔𝑜𝑎𝑙) then
7: Propagate(𝑛); continue
8: Thms← RetrieveTheorems(𝑛.𝑔𝑜𝑎𝑙, 𝑘)
9: 𝑇 ← GetTactics(Thms)
10: for each 𝑡 ∈ 𝑇 do

11: 𝑠𝑢𝑏𝑔𝑜𝑎𝑙𝑠 ← Apply(𝑡, 𝑛.𝑔𝑜𝑎𝑙)
12: 𝑎 ← AndNode( ); 𝑛.AddChild(𝑎)
13: if 𝑠𝑢𝑏𝑔𝑜𝑎𝑙𝑠 = ∅ then
14: Propagate(𝑎)
15: else

16: for each 𝑔′ ∈ 𝑠𝑢𝑏𝑔𝑜𝑎𝑙𝑠 do
17: 𝑐 ← OrNode(𝑔′); 𝑎.AddChild(𝑐)
18: 𝑞𝑢𝑒𝑢𝑒.Enqeue(𝑐)
19: return 𝑟𝑜𝑜𝑡 .𝑠𝑜𝑙𝑣𝑒𝑑

Table 1: Impact of 𝑘 value on Algorithm 1

𝑘 value Proved Time Consumption

10 77 2212.89s
20 85 3571.96s
30 87 4103.70s

Given a proof goal, Solve first attempts to close it with the au-
tomated theorem prover. If that fails, it retrieves the top-𝑘 most
similar theorems using RetrieveTheorems. Since Ltac is a struc-
tured representation, term-frequency algorithms such as BM25 [34]
cannot be directly applied. To address this, LLM2Ltac records the
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source theorem from which each tactic was mined during general-
ization testing. In our algorithm, the current proof goal is compared
against these source theorems using a retrieval algorithm. Then, it
locates the tactics mined from these theorems using the GetTac-
tics function. Each tactic application creates an And-node whose
children are new Or-nodes for the resulting subgoals, which are
enqueued for subsequent processing. When a node is solved, Propa-
gate walks upward through the tree: an Or-node is marked solved
when any child succeeds; an And-node is marked solved only when
all its children are solved.

The parameter 𝑘 controls how many similar theorems are re-
trieved at each node. A larger 𝑘 increases the chance of finding a
useful tactic but also expands the search space and increases time
cost. We randomly select 50 samples from each benchmark (men-
tioned in Section 1), for a total of 200 samples. We set 𝑘 to 10, 20, and
30, respectively, and record the number of proved theorems and the
time consumed for each setting. and the result is shown in Table 1.
We evaluate this trade-off and set 𝑘 = 20 for our approach.

5 Evaluation

We focus on the following research questions:
• RQ1: How effective is LLM2Ltac in mining tactics?
• RQ2: To what extent do the tactics mined from LLMs by
LLM2Ltac improve the success rate of symbolic provers?
• RQ3: Do the mined tactics benefit LLM agents?
• RQ4: How does LLM2Ltac perform compared to existing
extraction methods?
• RQ5: How do mining methods affect the mined tactics?
• RQ6:Do tactics with different generalization abilities impact
the improvement of symbolic provers?

Implementation.We have implemented LLM2Ltac on Rocq
8.20.0. To obtain the argument information in Section 4.1, we mod-
ified parts of the Rocq compiler to extract argument types and
type definitions. We selected CoqHammer, the state-of-the-art au-
tomated theorem prover in Rocq [12], as the symbolic prover for
evaluating performance improvements.

Dataset. We selected different benchmarks from Rocq open-
source projects for different stages in LLM2Ltac. We collected
11,725 theorems from the Rocq standard library for mining tactics.
We collected 6,462 theorems from the C-CoRN [11] dataset, which
contains theorems on common algebraic structures (e.g., setoids,
monoids, groups) and large proof procedures for complex proper-
ties, for testing generalization. For each candidate tactic, we insert
it at all 93,424 different positions across these 6,462 theorems’ proof
processes to assess how broadly the tactic applies under different
proof contexts. To evaluate the improvement to symbolic provers,
we selected the following four benchmarks to evaluate different
verification tasks:
• Coq-Art [5]: a Rocq textbook covering well-established
properties of data structures and algorithms.
• Ext-Lib [28]: a community-driven Rocq library that is widely
reused across diverse Rocq projects.
• Vfa [3]: the third volume of Software Foundations covering
well-established properties of verified functional algorithms.
• CompCert [24]: an industrial-scale formally verified C com-
piler with machine-checked proofs of semantic preservation

across multiple compilation passes, memory models, and
target architectures.

Together, they span varying levels of proof complexity and applica-
tion domains, making them a rigorous testbed for evaluating the
generalization of LLM2Ltac.

Configurations.We used OpenAI GPT-5.2 [29] and Deepseek-
V3.2 [15] for evaluation experiments. For the tactic repair process
in Section 4.2, we set the threshold to 3. The total API cost for
tactic mining was $1,528.65, of which Deepseek-V3.2 accounted for
$108.93 and GPT-5.2 for $1,419.72, well below the cost of GPU infras-
tructure to host comparable models locally. We set CoqHammer’s
timeout to default value, which is 20 seconds, and for each theorem
to be proved, we set the timeout to 600 seconds. We select mined tac-
tics whose application success rate falls within [10%, 100%) (at least
10% but less than 100%) in generalization testing. For the retrieval
algorithm, since our approach targets resource-constrained settings,
embedding-based models that require high-performance GPUs are
not applicable for tactic retrieval. We therefore choose BM25 to
index tactics, which runs efficiently on CPUs [34]. Prior work has
also shown that BM25 outperforms embedding-based models for
retrieval in theorem proving [40]. All experiments were conducted
on a server equipped with four 26-core Intel Xeon Platinum 8270
CPUs, 256 GB RAM, and running Ubuntu 24.04.4.

5.1 RQ1: How effective is LLM2Ltac in mining

tactics?

Procedure. This experiment evaluates how effectively LLM2Ltac
mines tactics. We apply LLM2Ltac to mine tactics from 11,725
theorems in the Rocq standard library. For validity testing, we
record the number of tactics obtained by OpenAI GPT-5.2 and
Deepseek-V3.2 at each stage of the LLM2Ltac. For generalization
testing, we count the generalizability distribution of valid tactics,
and classify all valid tactics into groups based on their success rate
with an interval of 10%, as shown in Figure 8.

Table 2: Detailed Statistics for Tactic Mining

OpenAI GPT-5.2 Deepseek-V3.2
Mined Tactics 49909 35408
Valid Tactics 16902 (33.87%) 13174 (37.21%)
Gen. Tactics ([10%,100)) 5766 (11.55%) 2025 (5.72%)

Results. As shown in Table 2, “mined tactics” represents the num-
ber of natural language tactics obtained from LLMs, “valid tactics”
represents the number of tactics that pass the Rocq compiler, and
“Gen. Tactics” represents the number of tactics whose generalization
testing success rate falls within [10%, 100%).

We observe that OpenAI GPT-5.2 mines more tactics (49,909)
compared to Deepseek-V3.2 (35,408). (Valid tactics and General-
izable tactics counted here are syntactically distinct; tactics with
different Ltac syntax may still be semantically equivalent, and the
same tactic can behave differently across proof contexts.) After
validity testing, the pass rates are comparable: 33.87% for OpenAI
GPT-5.2 and 37.21% for Deepseek-V3.2. The autoformalization fail-
ures fall into three main categories: unresolved names, imports,
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Figure 8: Distribution of Tactic Generalizability

libraries, or modules (about 70%); syntax, parsing, and lexical errors
(about 23%); and notation or scope interpretation errors (about 5%).
We merged and deduplicated the Valid Tactics and Generalizable
Tactics ([10%, 100%)), and there are 25,416 unique valid tactics and
6,484 unique generalizable tactics. For generalization testing, we
observe that LLMs still exhibit severe hallucinations in tactic min-
ing: most generated tactics are incorrect and lack generalization
capability, even though LLMs believe they are correct and general-
izable. We further observe notable differences in the generalization
distributions across models, and the majority of mined tactics fall
below the 10% success rate. This also indicates the necessity of the
testing process in LLM2Ltac.

Example. To illustrate the diversity of mined tactics, we present a
representative example beyond the induction-based strategy shown
in Figure 3. The following tactic shows a tactic mined by LLM2Ltac
that operates in a fundamentally different way.
Ltac apply_constructor_auto_217 :=

match goal with

| [ |- ?R ?A ?B ] ⇒
try (apply permA_swap; auto);

try (intuition; auto)

end.

This tactic first pattern-matches the current proof goal against
a relational structure ?R ?A ?B, then attempts to apply a lemma
permA_swap and invokes built-in Rocq tactics auto and intuition
to discharge remaining subgoals. Unlike the induction-based tactic
in Figure 3, this example shows that LLM2Ltac can mine strate-
gies that reason about the goal’s structure, apply project-specific
lemmas, and compose multiple existing tactics in Rocq.

Answer to RQ1: LLM2Ltac is able to mine generalizable tac-
tics from LLMs, and the testing process is necessary to filter
out invalid or non-generalizable tactics.

5.2 RQ2: To what extent do the tactics mined

from LLMs by LLM2Ltac improve the

success rate of symbolic provers?

Procedure. We use CompCert, Ext-Lib, Coq-Art, and Vfa four
benchmarks, 6199 theorems in total, to test the automatic capability

of the prover. We compare the LLM2Ltac-enhanced CoqHammer
against the original CoqHammer. For each experiment, we use the
default configuration of CoqHammer and the timeout is set to 20
seconds.

Results. As shown in Table 3, integrating the tactics mined by
LLM2Ltac significantly improves the performance of CoqHam-
mer across all four benchmarks. Using tactics mined by OpenAI
GPT-5.2, CoqHammer proves 1950 theorems, compared to 1592 the-
orems by the original CoqHammer, representing a 22.49% overall
improvement. The improvements on individual benchmarks range
from 17.27% on Coq-Art to 26.58% on Ext-Lib. Using tactics mined
by Deepseek-V3.2, CoqHammer proves 1972 theorems, achieving
23.87% overall improvement. For the complete evaluation on all
6,199 theorems, proving with tactics extracted by OpenAI GPT-5.2
and DeepSeek-V3.2 took approximately 98 hours and 178 hours,
respectively. The corresponding fractions of theorems that hit the
600s timeout were 7.99% and 15.66%, respectively. The time gap
arises because the tactics mined by DeepSeek-V3.2 are more likely
to produce subgoals, which deepens the search, whereas the tactics
mined by GPT-5.2 often fail to yield effective subgoals, so the search
algorithm does not go deeper.

While both models demonstrate substantial improvements, the
performance of tactics mined from different LLMs is different. This
difference indicates that the reasoning strategies mined from dif-
ferent LLMs have an impact on the performance of LLM2Ltac.
Notably, as shown in Table 2, GPT-5.2 produces nearly three times
more generalizable tactics than Deepseek-V3.2 (5,766 vs. 2,025), yet
its proving count is slightly lower (1,950 vs. 1,972). This suggests
that a larger number of tactics does not necessarily lead to better
proving performance. A larger tactic pool introduces more noise
during retrieval, causing the prover to spend time on less effective
tactics before finding the right one.

The mined tactics contribute to 35.04% of the successfully proved
theorems, and a total of 691 distinct tactics are applied across these
theorems. These tactics can be grouped into six categories: defi-
nition unfolding and normalization (34.01%), structural induction
followed by automation (28.08%), context-aware lemma applica-
tion and rewriting (11.43%), decomposition by structure/construc-
tors (10.85%), computation-based goal closing (1.74%), and other
(13.89%).

We observe the extracted tactics often use similar patterns to
human-written tactics. The inv_all tactic is extracted from Rocq
standard library, which matches a function application with differ-
ent numbers of parameters. Since Rocq does not directly support
this, a set of patterns with different numbers of parameters is used.
Tactic decompose_algebraic_structure is a tactic extracted by
our approach, which uses a similar form to match a function ap-
plication with different numbers of parameters. This shows that
the new tactics extracted by our approach are already very similar
to those manually written by humans, exhibiting good readability
and writing style.

(* Tactic written by human in Coq standard library *)

Ltac inv_all f :=

match goal with

| H: f _ |- _ ⇒ inversion_clear H; inv f

| H: f _ _ |- _ ⇒ inversion_clear H; inv f
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Table 3: Performance of CoqHammer with and Tactics Mined By LLM2Ltac

OpenAI GPT-5.2 Deepseek-V3.2

#Lemma CoqHammer CoqHammer
+LLM2Ltac CoqHammer CoqHammer

+LLM2Ltac
CompCert 4840 1022 1269 (↑ 24.17%) 1022 1276 (↑ 24.85%)
Ext-Lib 187 79 100 (↑ 26.58%) 79 99 (↑ 25.32%)
Coq-Art 842 411 482 (↑ 17.27%) 411 498 (↑ 21.17%)

Vfa 330 80 99 (↑ 23.75%) 80 99 (↑ 23.75%)
Total 6199 1592 1950 (↑ 22.49%) 1592 1972 (↑ 23.87%)

| H: f _ _ _ |- _ ⇒ inversion_clear H; inv f

| H: f _ _ _ _ |- _ ⇒ inversion_clear H; inv f

| _ ⇒ idtac

end.

(* Extracted tactics by our approach *)

Ltac decompose_algebraic_structure :=

match goal with

| |- ?T _ _ _ _ _ _ _ ⇒ constructor

| |- ?T _ _ _ _ _ _ ⇒ constructor

| |- ?T _ _ _ _ _ ⇒ constructor

| |- ?T _ _ _ _ ⇒ constructor

| |- ?T _ _ _ ⇒ constructor

| |- ?T _ _ ⇒ constructor

| |- ?T _ ⇒ constructor

end.

Answer to RQ2: The tactics mined by LLM2Ltac significantly
enhance the capability of CoqHammer by 17.27% to 26.58%,
and the improvements are related to the reasoning capability
of the underlying LLMs, suggesting further improvements as
LLMs advance.

5.3 RQ3: Do the mined tactics benefit LLM

agents?

Procedure. Due to the high cost of LLM-based agents, we sample
50 theorems from the test set of each of the same four benchmarks
used in RQ2, 200 theorems in total, to evaluate whether LLM2Ltac
can benefit the LLM-based agent. We select Claude Code [1], the
state-of-the-art LLM-based agent, powered by Claude Sonnet 4.6 [2]
as the base model. [30] shows that Claude Code also performs well
on Rocq theorem proving.

We write three categories of skills to instruct Claude Code to
write theorem proofs. The first category covers the base proving
pipeline, guiding the agent to locate the target theorem within
a project and verify whether a constructed proof is correct. This
category is common to all three settings in the following evaluation.
The second category is CoqHammer-specific: it instructs the agent
on how to import the required header files into the proof script and
which tactics to apply. The third category is LLM2Ltac-specific: it
explains to the agent how to use the LLM2Ltac-enhanced prover.
Both categories direct the agent to first attempt to prove the theorem
with the respective tool, and only if that attempt fails, to synthesize
a proof on its own. For each task, we grant Claude Code three tool
permissions: bash, read, and edit, allowing the agent to execute

shell commands, read files, and edit files. We set a timeout of 600
seconds for each proof task.

We evaluate three settings: i) Claude Code proves theorems
without access to CoqHammer; ii) Claude Code proves theorems
with access to CoqHammer via the corresponding skills; iii) Claude
Code proves theorems with the LLM2Ltac-specific skills. For each
setting, we record the number of theorems successfully proved and
the total token consumption of Claude Code.

Table 4: Performance of the LLM Agents

Claude Code Claude Code
+ CoqHammer

Claude Code
+ LLM2Ltac

#Thm 71 101 111 (↑ 9.90%)
Tokens 59,899,928 38,346,691 34,317,809 (↓ 10.51%)
Cost $67.21 $44.30 $39.77 (↓ 10.23%)

Results. As reported in Table 4, the LLM2Ltac-enhanced agent
proved 111 out of 200 randomly sampled theorems, compared to
101 by the CoqHammer-enhanced agent (a 9.90% improvement).
This result demonstrates that LLM2Ltac is more effective than
CoqHammer when integrated into a LLM-based proving agent.
Meanwhile, the token consumption decreased from 38,346,691 to
34,317,809, a 10.51% reduction. Accordingly, the monetary cost de-
creased from $44.30 to $39.77, a 10.23% reduction. This demonstrates
that LLM2Ltac not only enhances the proving capability of LLM
agents but also reduces their token cost.

Answer toRQ3:Themined tactics from LLM2Ltac can benefit
LLM agents by improving their theorem-proving success rate
and reducing token consumption.

5.4 RQ4: How does LLM2Ltac perform

compared to existing extraction methods?

Procedure. As will be discussed in Section 6, a recently posted
work, Strat2Rocq [17], mines lemmas from the LLM reasoning
process to enhance symbolic provers.

For Strat2Rocq, we conduct two evaluations. Setting I: we mine
lemmas from the RQ1 dataset and test on the RQ2 benchmarks. Set-
ting II: we use 90% of the theorems in RQ1 for learning and the
remaining 10% for testing. These two settings respectively simu-
late the scenarios where the projects are less closely related and
more closely related. In both settings, the extracted lemmas are
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integrated into CoqHammer to compare with our approach. We
also compare LLM2Ltac against TacMiner [45], the state-of-the-art
tactic mining approach. To compare our approach with TacMiner,
we implemented TacMiner to extract tactics over the same dataset
used in RQ1. We then integrate the extracted tactics into CoqHam-
mer and evaluate the performance improvement on the same four
benchmarks used in RQ2.

Results. The results are shown in Table 5. By reproducing Strat2Rocq
in Setting I, we extracted 2,977 new lemmas and integrated them
into CoqHammer’s context. In our experiments, we observe that,
under the current experimental setup, Strat2Rocq does not ef-
fectively enhance the symbolic prover. This discrepancy from the
existing evaluation results reported in the Strat2Rocq paper may
be attributed to the differences in dataset selection. In their paper,
the dataset for mining lemmas and the dataset for testing are more
related, and may come from the same project, while in our evalua-
tion the two sets are from strictly different projects, better matching
real-world scenarios. This result suggests that the tactics mined
by our approach are more generalizable across different projects
compared to the lemmas mined by Strat2Rocq. In the setting II of
Strat2Rocq, where we use 90% of the theorems in RQ1 for learning
and the remaining 10% for testing, we mined 1367 new lemmas
and evaluate on 966 theorems. CoqHammer proved 521 theorems,
CoqHammer with Strat2Rocq proved 546, and CoqHammer with
LLM2Ltac proved 722. These results show that even across closely
related projects, our approach still achieves better performance.

As for TacMiner, we mined 1,217 usable tactics in total. TacMiner
extracts less than 10% as many tactics as our approach, and these
tactics provide only a marginal improvement of 1.76% compared
to our approach’s 23.87% improvement. This indicates that, com-
pared with the state-of-the-art approach, the tactics mined by our
approach are more broadly applicable.

Answer to RQ4:

Compared with existing state-of-the-art extraction methods,
LLM2Ltac is better than them in both applicability and capa-
bility.

5.5 RQ5: How do mining methods affect the

mined tactics?

Procedure. To evaluate the contribution of different components
in themining process, we conduct an ablation study usingDeepseek-
V3.2. Specifically, we compare three configurations: (1) the original
LLM2Ltac with all components, (2) LLM2Ltac without the nat-
ural language analysis step (the first step in Section 4.1), and (3)
LLM2Ltac without the natural language generalization step (the
second step in Section 4.1). We apply these configurations to mine
tactics from the same dataset and measure the number of mined
tactics, valid tactics, and generalizable tactics.

Results. As shown in Table 6, the ablation study reveals the im-
portance of both natural language analysis and generalization steps
in LLM2Ltac. Removing the natural language analysis step leads
to a 34.31% reduction in mined tactics, with more drops in valid
tactics (51.64% decrease) and generalizable tactics (71.56% decrease)

test pass rates. This indicates that the analysis step is helpful for
guiding LLMs to generate higher-quality tactic candidates.

Without the natural language generalization step, valid tactics
drop by 66.49%. This indicates that directly formalizing proof anal-
ysis is more challenging for LLMs than describing tactics in natural
language. Generalizable tactics decreased by 88.59%. This demon-
strates that the tactic generalization step plays a crucial role in
producing the final usable generalizable tactics.

Answer to RQ5: Both the proof analysis and tactic general-
ization steps are essential for LLM2Ltac to mine tactics from
LLMs.

5.6 RQ6: Do tactics with different generalization

abilities impact the improvement of

symbolic provers?

Procedure. Since there are infinitelymany possibleways to choose
the interval, we divide the overall generalizability into small inter-
vals and evaluate the impact of each interval on symbolic proving.
Specifically, we divide the generalization passing rate into intervals
of 10%, and evaluate on the same four benchmarks used in RQ2,
counting the number of theorems proved within each interval.

Figure 9: The statistics of the generalization intervals

Results. As shown in Figure 9, directly using all mined tactics
without generalization testing (the 0%–100% configuration) proves
substantially fewer theorems than our current filtered configura-
tion ([10%, 100%)), which confirms that the generalization filtering
is indeed beneficial. Moreover, both the intervals with general-
izability no larger than 40% and the [100%, 100%] interval yield
relatively limited improvements, which shows that discarding tac-
tics with low generalizability as well as fully general (100%) tactics
is a feasible design choice. Finally, further restricting the range to
[40%, 100%) significantly outperforms our current result, indicating
that, by selecting appropriate interval parameters, the effectiveness
of LLM2Ltac can be further improved significantly.
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Table 5: Comparison with the state-of-the-art extraction approaches Strat2Rocq and TacMiner

CoqHammer CoqHammer
+Strat2Rocq

CoqHammer
+TacMiner

CoqHammer
+LLM2Ltac

CompCert 1022 1072 1031 1276
Ext-Lib 79 73 79 99
Coq-Art 411 379 427 498

Vfa 80 71 83 99
Total 1592 1595 1620 (↑ 1.76%) 1972 (↑ 23.87%)

Table 6: The ablation study of the mining methods

Original
Tactics

-NL
Analysis

-NL
Generalization

# Change # Change
Mined 35408 23256 ↓34.31% 38003 ↑7.33%
Valid 13174 6371 ↓51.64% 4415 ↓66.49%
Gen. ([10%,100%)) 2025 576 ↓71.56% 231 ↓88.59%

Answer to RQ6: Tactics with different generalization abil-
ities have different effects on the proving performance of
LLM2Ltac.

6 Related Work

Recent work uses LLMs to extract structured knowledge such as
logic rules [27], mathematical equations [36], knowledge graphs [47],
and lemmas [17]. These methods target specific rule types and data
sources, and none of them mine reusable tactics from formal proofs.
LLM2Ltac fills this gap by mining reasoning strategies from exist-
ing proofs and using the mined tactics to enhance symbolic provers.

The most related work is Strat2Rocq [17], which also enhances
automatic theorem proving but extracts lemmas rather than tac-
tics. LLM2Ltac differs in three ways: (1) we mine reusable tactics
from existing formal proofs (written by humans or LLMs), rather
than extracting strategies solely from LLM internals; (2) tactics are
more generally applicable than lemmas, which only match proof
goals of specific types; and (3) we introduce an indirect retrieval
method that addresses the lack of textual information in Ltac tactics.
Our evaluation shows that LLM2Ltac significantly outperforms
Strat2Rocq.

Different from our approach, both TacMiner [45] and Peano [32]
apply pattern mining to discover common patterns in existing
proofs, and the mined new tactics are merely sequences of existing
tactics. Our approach is able to infer the application condition
of tactics (the “match goal” part in Ltac) with the help of LLMs.
Furthermore, in our approach, generalization testing ensures that
the extracted tactics have generalization capability, and we further
recombine existing proof strategies into new proof strategies and
attach application conditions to existing tactics. Finally, previous
approaches extract tactics to enhance the capability of AI models,
whereas our approach is the first to apply the extracted strategies
to symbolic provers.

Machine learning-based methods. Many machine learning meth-
ods have been applied to theorem proving [6, 7, 18, 20, 21, 26, 35,
40, 41, 46]. These approaches can be divided into two categories: i)

training new models for theorem proving through large amounts
of corpus, and ii) implementing agents to interact with LLMs to
generate proof scripts. In other way, a non-trivial neural model is
involved in the proving process. On the other hand, LLM2Ltac fo-
cuses on enhancing symbolic provers, and as our evaluation shows,
the enhancement complements neural models, and can further im-
prove the performance of proving agents as well as reducing their
costs.

Symbolic provers. Many existing symbolic provers are proposed
to reduce the burden of manually writing proof scripts, such as
CoqHammer [12], Lean-auto [33], and Sledgehammer [8]. These
provers typically focus on integrating existing automated theorem
provers (ATPs) such as SMT solver to prove theorems in the target
proof language, and none of them attempt to mine new tactics from
existing proofs as far as we are aware.

7 Conclusion and Future Work

In this paper, we studied how to enhance provers to mine general-
izable tactics from large language models. We proposed LLM2Ltac,
the first framework for mining tactics from LLMs with support for
generalization validation. Our evaluation experiments demonstrate
that by using LLM2Ltac, the success rate of CoqHammer improved
by 23.87%.

Currently, because automated theorem provers in interactive
theorem assistants do not support user-defined tactics, the mined
tactics can only be used externally to the symbolic prover. But
this way cannot be deeply integrated into the automated proving
processes of the symbolic solvers. How to integrate mined tactics
into the automated proving processes remains as future work.
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