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—— Abstract

Termination — proving there are no inputs on which a function runs forever — is one of the most
fundamental problems in software verification, and competitions comparing termination analysis
tools have run for over twenty years. We integrate two state-of-the-art, open-weight LLMs with a
theorem prover’s built-in automation to generate termination proofs, solving 39% more problems
than the best LLM alone and more than tripling the number solved by the built-in analysis on our
benchmark. This is the first, to our knowledge, integration of an LLM with a termination-analysis
algorithm, and is generalizable to any theorem prover based on a functional language. Our design
is informed by nine ablations considering what theorem-prover feedback helps the LLM and four
experiments on how the model decomposes problems.
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1 Introduction

Recently, LLMs have had remarkable success writing computer-checkable formal proofs [1,10,
16,25,37,39,45,46]. Two models [1,10], for example, achieved gold-medal-level performance
on the 2025 International Mathematical Olympiad with solutions formalized in Lean [14].
AxiomProver [4] and Aristotle [1] scored 9/12 and 10/12 respectively on the 2025 Putnam
Competition, also formalizing solutions in Lean. In response, a promising new line of
work [7,13,38,41,51] considers if the mathematical capabilities of LLMs might translate to
software verification.

One of the most fundamental problems in software verification is termination. The
Lean [14], Rocq [40], and ACL2 [22] theorem provers require all admitted logical functions to
be proven terminating, and terminating functions give rise to induction schemes widely used to
prove properties of recursive functions. As such, a considerable amount of research [11,17,28]
considers how to automatically prove functions terminate with the Annual International
Termination Competition [30] held since 2004 to evaluate these tools.

This paper investigates how gpt-oss-120b [35] and Qwen3-32B [50], two state-of-the-art
open-weight models, prove functions terminate using the ACL2s [15] theorem prover. We ask
three questions: Q1 How good are the models at proving functions terminate? Q2 What
theorem-prover feedback is useful? Q3 Can the models be integrated synergistically with
the theorem-prover’s automated termination analysis? Focusing on two models lets us look
closely at these questions, the experiments here requiring 786 hours on an H200 GPU. Code
for reproducing and extending our results is publicly available in § 11.

? Zeke Medley and l?anagiotis Mano.lios;
37 icensed under Creative Commons License CC-BY 4.0
17th International Conference on Interactive Theorem Proving (ITP 2026).
Editors: Ekaterina Komendantskaya and Tobias Nipkow; Article No. 22; pp. 22:1-22:19

\\v Leibniz International Proceedings in Informatics
LIPICS Schloss Dagstuhl — Leibniz-Zentrum fiir Informatik, Dagstuhl Publishing, Germany


mailto:medley.g@northeastern.edu
mailto:p.manolios@northeastern.edu
https://orcid.org/0000-0003-0519-9699
https://doi.org/10.4230/LIPIcs.ITP.2026.22
https://github.com/0xekez/fslatp
https://archive.softwareheritage.org/swh:1:dir:26cbefe528532dda47d04b7198cca383281e5a72;origin=https://github.com/0xekez/fslatp;visit=swh:1:snp:c0586566dcf43c2bf58ba92e5b738480c1db6b0b;anchor=swh:1:rev:98d85b5d1e46d2428b51d5e3799812e2a07387e6
https://creativecommons.org/licenses/by/4.0/
https://www.dagstuhl.de/lipics
https://www.dagstuhl.de

22:2

Feedback & Synthesis in LLM-Assisted Termination Proofs

The feedback question is interesting because, despite being state-of-the-art at the time of
their release, neither DeepSeek-Prover v1, v1.5, nor v2 [39,48,49] provides theorem-prover
error messages to the LLM during proof generation, nor does Godel-Prover [25], and others
like Kimina-Prover [46] employ an explicit training step to encourage the model to use them.
It is only more recently that models like SeedProver [10] and Aristotle [1] began integrating
theorem-prover feedback. The success of these earlier models despite not using feedback
raises questions about how and to what extent it is useful.

As our evaluation dataset, we curate a base corpus of interesting termination problems
from a university course on program verification [27] and past termination competitions [30].
Then, we develop three ways to synthetically generate terminating functions from our
base corpus and evaluate the model on these. Previous work [32] has shown that adding
inconsequential details to problems from a math benchmark [33] can degrade performance,
suggesting models use memorized patterns rather than genuine reasoning. Our synthetic
functions being novel help guard against memorization.

At a glance, our findings are as follows.

Q1 The models can solve difficult termination problems, considerably outperforming ACL2s
built-in analysis [28]. However models struggle with problem decomposition, often failing
to prove termination of trivial combinations of functions whose termination it can prove
individually.

Q2 The models use all levels of theorem-prover feedback from syntax errors to proof failure

)

diagnostics. However, including a history of previous attempts and errors does not always
improve performance. For example, gpt-oss-120b does better when shown only its
most recent failed attempt than when shown a complete history of attempts and their
corresponding errors. Moreover, the best-performing configuration for both models does
not include any information about the history of previous attempts. More theorem-prover
feedback is not always better.

Q3 While the set of problems solved by the model is considerably larger than ACL2s’ built-in
analysis, it is not a superset. When the built-in analysis analyzes a function, it decomposes
it into its individual loops; we suspected this might help the model with decomposition,
therefore, our best theorem-prover LLM integration provides LLM-generated proofs these
inner loops terminate to the built-in analysis as a hint. This considerably outperforms
the model and built-in analysis alone, demonstrating that existing proof automation
techniques can work synergistically with an LLM.

The paper is organized as follows. Section 2 reviews related work in termination analysis
and LLM-assisted theorem proving. Section 3 describes the integration of the models with
the ACL2s theorem prover and the design of the feedback mechanism. Section 4 details the
model configurations and experimental environment. Section 5 introduces the base problem
corpus, and Section 6 details how synthetic problems are generated from it. Section 7 presents
the results of nine ablation experiments on the feedback mechanism. Section 8 describes an
integration of ACL2s’ built-in termination analysis with an LLM, solving 39% more problems
than the best LLM alone. Section 9 experimentally investigates the model’s underperformance
decomposing termination problems. Section 10 concludes and gives directions for future
research.

In summary, our contributions are as follows.

1. A method for integrating an LLM with automated termination analysis which solves 39%
more problems than the LLM alone on our benchmark.

2. The first, to our knowledge, evaluation of an LLM on termination proofs, and a method
for synthetically generating challenging termination problems.
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3. Through nine ablations, an evaluation of the impact of theorem-prover feedback on LLM
performance. While feedback on proof failures improves performance, providing a history
of past attempts often degrades it. Our best configuration uses error feedback without
history.

4. Experimental results that the model fails to reliably decompose termination problems,
even when the problem structure is explicitly revealed. This justifies our architecture
where the theorem prover handles decomposition and the LLM solves the resulting
sub-problems.

2 Related Work

A common design choice across theorem prover lineages is the requirement that all functions
terminate. This decision buys nice meta-theory, a powerful relationship between recursive
functions and induction, and makes proving function termination one of the most fundamental
problems in theorem proving.

In the Boyer—-Moore theorem prover tradition (NQTHM [6] — ACL2 [22] — ACL2s [15])
a recursive function f is only admitted once a well-founded relation between its successive
recursive calls has been proven to exist [22,27]. A relation over a set X is well-founded if
it contains no infinite decreasing sequences. In the termination context where X denotes
recursive calls to f, the existence of a well-founded relation means there is no infinite sequence
of recursive calls to f, and in turn f terminates on all inputs.

For example, consider the function

(definec £ (x y :int) :tl
(if (< x 0)
0O
f +txy) -y 1IN

To prove f terminates, we can define a measure m(x,y) = (y + 1)? + 2z and note that on a
recursive call to f, m decreases.

When a recursive call to f occurs, z > 0, so m maps successive recursive calls to f to a
decreasing sequence over the natural numbers, there are no infinite, decreasing sequences over
the natural numbers, so m gives rise to a well-founded relation between successive recursive
calls to f, and in turn f is proven to terminate.

The theorem-proving power of terminating functions comes from the induction schemes
they give rise to. For example, to prove ¢ using the induction scheme of f our proof
obligations become:

1. (=(intp =) V =(intp ¥)) — ¢
2. ((dntp #) A (dntp y) A2 <0) — ¢
3. ((Antp @) A (dntp y) A2z >0 Az =x+y, y=y—1]) = ¢

Where (intp z) is true if x is an integer. For more information about how terminating
functions give rise to induction schemes, see Part V of Reasoning About Programs [27]. These
induction schemes are one of the most powerful tools available in theorem provers, making
proving function termination one of the most important skills for users, and motivating this
paper’s study of how well LLMs prove function termination.
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While we focus on the ACL2s theorem prover, provers in the CIC/MLTT lineage (Rocq,
Agda, Lean) likewise require all logical definitions to be terminating to maintain consistency.
Although this requirement is justified by strong normalization at the level of the core calculus,
termination is enforced operationally through structural and well-founded recursion checks.
Rocq utilizes structural recursion checks and well-founded recursion [12,36]. Agda supports
structural termination through sized types [2], and Lean 4 provides termination_by and
decreasing_by for proving termination [24]. The underlying logics differ, but the challenge
of identifying a decreasing measure is shared across all these systems.

2.1 Termination Cores

ACL2s’ built-in termination analysis constructs an overapproximation of program behaviors
called the calling context graph (CCG) [28]. If it cannot prove termination automatically,
it analyzes the CCG to find one simple cycle which it cannot prove terminates, called a
termination core [29]. The termination core is surfaced to the user, who can provide hints to
the analysis to prove the core terminates. For example, consider the function f below.

(definec £ (x y :nat) :nat
(if (and (< x y) (> x 0))
(f (3 x) (x2y))
(Af G xy)
(f x (+y 1)
y)))

f consists of two recursive calls: f;, which runs when z is less than y and z is greater than 0,
multiplies x by 3 and y by 2; and f, which runs when z is greater than y, adding 1 to y.
f’s calling context graph has vertices f; and fs, and an edge between two vertices if ACL2s
cannot prove! a call of one cannot result in a call of the other. For f, this means there is no
edge from fy to f1, as when y is less than x adding 1 to y will never make it greater than x,
yielding the CCG below.
SR
Next, ACL2s analyzes the CCG using the Size-Change Termination (SCT) principle. It
constructs size-change graphs for the edges and verifies that every infinite path through
the CCG contains a thread of measures that decrease infinitely often and never increase,
typically by analyzing idempotent matrices or performing a global graph analysis. If such a
decreasing thread is found for all infinite paths, the function’s termination is proven. Simple
cycles that ACL2s cannot automatically prove the termination of are called termination
cores. When ACL2s tries to admit f, it cannot prove the termination of the cycle f; — fi,
so the termination core below is surfaced to the user.

(definec f_1 (x y :nat) :all
(if (and (< x y) (< 0 x))
(1 (*3 %) (*27y)

(list x y)))

Optimistically, if the function is actually terminating, the user then provides a measure
for the termination core, and f is proven terminating. Later in this paper (§ 9), we will
experimentally notice gpt-oss-120b struggles to decompose problems: often failing to prove

! This is the sense in which the CCG is an overapproximation of the program’s behavior.
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the termination of a combination of functions, despite successfully proving the termination
of each individually. We will then integrate the model with ACL2s’ ability to decompose
problems into termination cores to considerable success.

2.2 LLMs & Formal Theorem Proving

Computer-checked formal proofs have an extremely high bar for correctness, making them
resistant to hallucinations [20] and other inaccuracies that typically plague LLMs. This
has led to considerable research on training LLMs to generate formal proofs, as they
present a well-defined objective and, at least in humans, might transfer to general reasoning
abilities [23,47]. Results on training models to write formal proofs are promising, for example,
on MiniF2F [52] (a collection of Olympiad-level, formalized math problems), DeepSeek-
Prover-V1.5 [49] improves from 29.7% to 51.6% accuracy (Pass@1282) on the test split after
fine-tuning and reinforcement learning. Many other success stories, including ones mentioned
in the introduction, exist in the literature [1,10,16,25,37,39,45,46].

Building off the success of LLMs in mathematical theorem proving, several works [7,13,
38,41,51] have considered whether LLMs can prove theorems about computer programs.
These results are also promising, and good LLM theorem-prover integrations have potential
to decrease the amount of manual effort required to verify software, a significant barrier to
wider adoption of formal verification [18].

For termination in particular, recent work [42,43] has used LLMs to predict if a program
is terminating or not. With test-time-scaling, the authors found GPT-5 [34] and Claude
Sonnet-4.5 [3] would rank just behind the top-ranked tool in the Termination category of the
International Competition on Software Verification [5] 2025. Though, the authors did not
actually enter the tools into the competition; timeouts and hardware limitations would likely
be an issue if they did. Furthermore, this work did not require the models generate proofs
the functions terminate and, because it evaluates models on publicly available problems, risks
conflating memorized responses from training data with genuine capability. Our work requires
proofs of termination and generates synthetic termination problems to avoid memorization.

We are aware of only one prior work by Kamath et al [21] on how LLMs do at proving
functions terminate; however, the integration with the proving system is very minimal.
Candidates are accepted or rejected based on a binary verification outcome, and failed
attempts do not produce feedback. Instead, the model is repeatedly prompted until a
correct answer is produced or time runs out (equivalent to the nothing configuration in our
ablations). In contrast, our approach treats the theorem prover as a first-class component
in the synthesis loop. Rather than using the prover solely as a post-hoc filter, we expose
detailed prover feedback — such as failed subgoals, counterexamples, and intermediate proof
obligations — to the model and leverage this information to guide subsequent generations.
This enables iterative refinement driven by semantic proof state, allowing the model to adapt
its hypotheses in response to specific proof failures.

Moreover, our work is distinct in two further ways. First, as discussed in the previous
section, to prove a function terminates we use ACL2s’ CCG and termination core algorithms
to decompose it into simple loops, then we prompt the LLM to prove the termination
of these, the LLM interacts with the theorem prover to do so, and finally the proofs are
automatically combined to prove the whole function terminates. This inverts the typical setup
where the LLM controls how a problem is decomposed, and shows how LLMs and existing

2 At least one in 128 attempts yield a correct proof.

22:5

ITP 2026



22:6

Feedback & Synthesis in LLM-Assisted Termination Proofs

Algorithm 1 Theorem-Prover LLM Integration.

Require: function f
Require: time limit T
Require: generators: MODEL(), PROMPT()
M < MODEL()
to + Now()
m < M(PROMPT.MEASURE(f))
while Now() — ¢y < T do
if CONTEXTWINDOWEXHAUSTED() then
return false
end if

> Admission
v <= VALIDATEMEASURE(m)
: if v # OK then
10: m < M (PROMPT.VALIDATIONERROR(m, f,v))
11: continue
12: end if

© ®

> Verification
13: if ACL2s(m, f) then

14: return true
15: end if
> Verification feedback
16: (kind,msg) <— DIAGNOSEFAILURE(m, f)
17: if kind = COUNTEREXAMPLE then
18: m < M (PROMPT.COUNTEREXAMPLE(m, f,msg))
19: else
20: m < M(PROMPT.PROOFFAILED(m, f, msg))
21: end if

22: end while
23: return false

theorem-proving automation can be integrated synergistically. Second, beyond implementing
and evaluating an LLM theorem-prover integration, we run extensive ablations on what
theorem prover feedback is actually useful to the model. Counterintuitively, we find that
giving the model the full theorem-prover output (what a human user sees) performs worse
than our more limited feedback configurations, and that what feedback is useful differs across
models. We hope these results provide guidance for future authors of LLM—-theorem-prover
integrations.

3 Theorem-Prover Integration

In line with previous work [7,13,38,41] our theorem-prover integration divides errors into two
phases, admission and verification. After the LLM proposes a measure, we try and admit it
with ACL2s and check the return type. If this fails, it is considered an admission error and
the model is prompted to try again. If admission succeeds, we have the theorem prover try to
prove the function’s termination using the LLM’s measure function. A proof attempt can fail
because the measure is invalid, or because the measure is valid but the theorem prover failed
to prove it decreases on recursive calls. For the former case, after proof failure we use ACL2s’
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counterexample generation abilities [8,9] to find a counterexample to the measure working. If
a counterexample is found, the feedback to the model is the counterexample, otherwise it is
the theorem prover’s diagnostic information about the proof failure. Algorithm 1 illustrates
this process.

Context-Window Exhaustion

Error Types

120 - 114
105 1

Verification errors 90 1 79

1,193 (40%) 75
62

60 1

Episodes

Admission errors

1,827 (60%) 45 A
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Figure 1 (Left) Distribution of error types during our ablation. (Right) Context-window
exhaustion, a failure mode where the model outputs similar reasoning repeatedly until exhausting
its context window, and when it occurred.

The left side of Figure 1 shows the distribution of admission and verification errors
during our ablation experiments on gpt-oss-120b. Admission errors are more frequent than
verification errors and tend to come from unbalanced parentheses and misuse of built-in
functions. For example, in ACL2 the floor function takes two arguments and returns
the floor of their division, as opposed to many other languages where floor takes a single
argument. Non-standard design choices like this are a common reason for admission errors.

Our integration’s feedback mechanism is parameterized by two variables: history and phase.

If history is enabled, in addition to feedback about the most recently attempted measure,
the model also receives a history of previous feedback. The phase is either nothing, last
attempt, admission, or verification. When the phase is nothing, the model receives no
feedback from the theorem prover. When the phase is last attempt, the model receives
the last measure attempted as feedback. When the phase is admission or verification,
the model receives admission errors and admission & verification errors respectively. For
example, with history and last attempt the model sees all previously attempted measures
as feedback; with history and verification the model sees each previously attempted
measure along with the error that occurred when using it. Notice that the nothing phase is
the same with and without history, as no feedback means the history of feedback is empty.

An important part of the feedback mechanism is that each error phase gives the model a
strict superset of the information available in the previous one. That is, the information in
verification is a superset of the information in admission, is a superset of last attempt,
is a superset of nothing. This design is important for our ablation experiment (c.f. § 7)
as it ensures a performance increase at a given phase is due only to the new information
available at that phase.
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4 Model Configuration

We run gpt-oss-120b and Qwen3-32B via vLLM with zero temperature on a single H200
GPU. gpt-oss-120b uses high reasoning effort. Despite zero temperature, the models’
output is still non-deterministic [19] unless we fix a seed value in vLLM. Rather than doing
our experiments with respect to ‘model with fixed seed z’, we use multiple samples with
different seeds where appropriate in our experiments.

We chose these models for three reasons. First, they are some of the most powerful
public models that can be run on a single H200 GPU. Second, querying a model via an
API wouldn’t allow us to get reliable timing information as the hardware can vary. Third,
public APIs don’t guarantee the model isn’t quantized or otherwise changed throughout an
experiment, using open-weight models ensures our work is reproducible.

While running gpt-oss-120b we noticed a failure mode where it enters a repetitive
reasoning loop and exhausts its context window on hard problems. We call this context-
window exhaustion. When this happens while trying to prove a function’s termination, we
consider the attempt failed, as there is no obvious way to continue with an exhausted context
window. A small excerpt from the model’s “thinking” during one of these episodes is shown
below.

But we can try measure = y + 1 + (abs y) + (if y <= O then 3121 else 0). But
we saw that fails for y = 1. But we can try measure =y + 1 + (abs y) + (if
y <= 0 then 3122 else 0). But we saw that fails for y = 1. But we can try
measure = y + 1 + (abs y) + (if y <= O then 3123 else 0). But we saw that
fails for y = 1. But we can try measure =y + 1 + (abs y) + (if y <= 0 then
3124 else 0). But we saw that fails for y = 1. But we can try measure = y +
1+ (abs y) + (if y <= ...

The right side of Figure 1 shows the distribution of which phase context-window exhaustion
occurred in during our ablation experiments.

5 Termination Problem Corpus

To evaluate LLMs’ ability to prove functions terminate, we collect 42 interesting, terminating
functions from a university-level Logic and Computation course [27] and past competitions for
automatically proving function termination [30]. Problems from the termination competition
are not written in ACL2, so these were converted by hand. gpt-oss-120b outperformed
Qwen3-32B. In a configuration where the gpt-oss-120b receives counterexamples and ad-
mission errors, 70% of Logic and Computation problems were solved and 93% of termination
competition problems were solved, surpassing ACL2s’ built-in termination analysis [28] which
solves 65% and 63% of problems respectively.

We'll highlight two problems gpt-oss-120b struggled with. ACL2s’ built-in termination
analysis is able to prove the termination of the first example automatically but fails on the
second.

First, exercise 5.44 from the course textbook, below, was solved in one of twenty attempts
by a configuration where the model receives admission errors and a history of attempts.

(definec f (x y acc :tl) :tl
(cond ((~ (endp x) (endp y)) acc)
((endp x) (f x (rest y) (cons (first y) acc)))
((endp y) (f y x acc))
(t (£ x nil (£ acc nil y)))))
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The subtlety of this problem lies in the case where neither x nor y is empty: Here, the
measure must decrease on both the inner and outer call to £, but because £ has not been
admitted, no reasoning can be done about the outer call’s acc argument. In its one successful
attempt of twenty the model proposes the measure below to handle this subtlety.

(definec m (x y acc :tl) :nat
(let* ((lenx (len x))
(leny (len y))
(lenc (len acc))
(cond-both
(if (and (not (endp x)) (not (endp y))) 1 0))
(cond-x-nonempty-y-empty
(if (and (not (emdp x)) (endp y)) 1 0)))
(+ (* 2 lenx)
(* 2 leny)
(* 2 lenc cond-both)
cond-x-nonempty-y-empty)))

Another problem at the edge of the model’s abilities is twn01.1lisp [26] which is solved
twice in twenty attempts.

(definec f (a b :nat) :nat
(if (and (< a b) (> a 0))
(f (x 3a) (x20b))
0))

Intuitively, this function terminates because each recursive call reduces the ratio between b
and a by % A fact exploited by the model’s measure function, below.

(definec m (a b :nat) :nat
(if (or (<= a 0) (mot (< a b)))
0
(floor (* 3 b) a)))

While this base corpus provides challenging termination problems, it is limited by public
availability. This makes it possible solutions appear in the model’s training data, and in
turn responses are memorized. To address these limitations, we synthetically generate new
termination problems from the base corpus.

6 Problem Synthesis

Many of the problems in our base corpus are publicly available, raising a concern that
model responses are memorized. To ameliorate this, we generate synthetic termination
problems from the base corpus and evaluate the model on these. We employ three techniques

to generate hundreds of new problems by combining existing ones: stack, race, and fuse.

These techniques are designed to increase the complexity of the control flow and variable
dependencies, challenging the model’s ability to reason about termination rather than relying
on memorized structural patterns. To demonstrate these, we use the following two function
definitions.

(definec append (x y :tl) :tl
(if y (cons (car y) (append x (cdr y))) x))

22:9
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(definec reverse (x :tl) :tl
(and x (append (list (car x)) (reverse (cdr x)))))

Stacking append and reverse yields a combined function taking an additional boolean flag
argument. This technique creates a function with disjoint termination conditions governed by
a static control variable. If flag is true, the function mirrors the execution path of append;
otherwise, it mirrors the path of reverse.

(definec stack (x0 yO x1 :tl flag :bool) :tl
(if flag
(if yo
(cons (car y0) (stack x0 (cdr y0) x1 flag))
x0)
(and x1
(append (1list (car x1)) (stack x0 yO (cdr x1) flag)))))

Racing append and reverse yields a similar function, but the flag is toggled on every
recursive call. This intertwines the execution paths of the original functions. Consequently,
the active decreasing variable alternates with each step, requiring the termination analysis
to track multiple variables across varying recursive depths.

(definec race (x0 yO x1 :tl flag :bool) :tl
(if flag
(if yo
(cons (car y0) (race x0 (cdr y0) x1 (not flag)))
x0)
(and x1
(append (list (car x1)) (race x0 yO (cdr x1) (not flag))))))

Fusing append and reverse introduces nested recursion. Here, the flag controls the inlining
of append into the recursive step of reverse. By forcing the output of one recursive
call to become the argument for another, this technique significantly complicates the data
dependencies required to prove termination.

(definec fuse (x0 yO x1 :tl flag :bool) :tl
(if flag
(if yo
(cons (car y0) (fuse x0 (cdr yO) x1 flag))
x0)
(and x1
(fuse (list (car x1)) (fuse x0 yO (cdr x1) flag) x1 t))))

All of these methods can be extended to support more than two input functions. If the
synthesis method is known, synthesizing a measure for the combined function is straightfor-
ward. If m1 and m2 are valid measures for the respective input functions, then the sum of
these measures, (+ (m1 x0 y0) (m2 x1)) using the variables from this example, serves as a
valid measure for the synthetic function. We make use of this property in our decomposition
experiment, § 9, to observe how the model’s performance changes when this structural
information is revealed.
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7 Ablation Experiment
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Figure 2 Comparison of different LLM theorem-prover integrations on the stack synthetic corpus
with respect to number of LLM queries run and time elapsed. The model is given a thirty-minute
time limit per problem.

To understand what theorem-prover feedback is useful to the LLMs we ran an ablation
comparing all combinations of our integration’s error and history parameters on the stacked
synthetic problem set. The number of solved problems as a function of queries to the model
and time are shown in Figure 2. For each problem the model was given thirty minutes
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Figure 3 Comparison of our best-performing theorem-prover LLM integration (gpt-oss-120b
with verification errors), ACL2s’ built-in termination analysis [28], a combined configuration where
the two methods are run in parallel and the first successful result returned, and a version where the
model is integrated with ACL2s’ built-in termination analysis to solve decomposed sub-problems.

to produce a solution. We compare performance as a function of queries because, by that
metric, configurations that generate longer prompts with useful information aren’t penalized
by the model taking longer to process them. For example, measuring with respect to number
of queries prevents an integration like nothing from gaining an advantage because it can
sample the model more within the time limit.

By both measures, for both models, verification errors without history are the most
effective. This is notable because the history configuration contains a superset of the
information in the no-history configuration, yet performs worse. This suggests the history
introduces noise that outweighs its utility for the model.

Also of note is the nothing configuration being top-four by both measures for gpt-oss-
120b. This might explain why, as discussed in the introduction, leading models use limited
theorem-prover feedback or explicitly train the model to respond to it. Support for this
hypothesis can be found in the DeepSeek-Prover-V2 evaluations where, with a model that
does not use theorem-prover error messages, on the minif2f dataset of formal Olympiad-level
math problems, the model has a 55% success rate with one sample, but 73% success rate
with 1024 samples: Evidently repeated sampling is a reasonably effective way to synthesize a
proof.

8 Integration With ACL2s’ Built-In Analysis

Figure 3 compares the best performing theorem-prover integration with ACL2s’ built-in
termination analysis [28] on the synthetic stack corpus and considers two integrations of the
model with the built-in termination analysis. Like the LLM, the built-in analysis is given
thirty minutes per problem.

The built-in analysis (blue line) is much faster initially, but its performance doesn’t scale
well with time. Interestingly, nine problems are solved that are not solved by the LLM.
Though note that due to the model’s non-determinism, the size and contents of this set
might vary across runs. As a naive integration of the LLM and built-in analysis (green line)
we consider a configuration where both are run in parallel and the first termination proof is
taken as the answer, the difference between this and the verification configuration (orange
line) is problems solved by built-in analysis but not the model.
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Algorithm 2 Iterative core-guided termination via LLM-generated measures.

Require: function f
Require: time limit T
L: to < Now()
2: H« 0 > Accumulated measure hints
3: while Now() — ¢y < T do
4 (status,C) <+ TERMINATIONALGORITHM( f, H) > C is a termination core.
5: if status = PROVED then
6 return true
7 end if
8 if LLMINTEGRATION(C,T — (Now() — tp)) then
9: m. < Measure generated by LLM
10 H <+ HU{m.}

11: else
12: break
13: end if

14: end while
15: return false

The best performing integration integrates the LLM with ACL2s’ built-in termination
analysis algorithms, an illustration of which is given by Algorithm 2. When ACL2s’ termina-
tion analysis proves the termination of a function, it attempts to decompose the function
into individual loops, called termination cores, and prove the termination of these [29]. For
our stacked synthetic problems, this decomposition yields loops corresponding to their input
functions. Using the :consider-ccms hint, the user of the theorem prover can provide
measures which ACL2s’ analysis will attempt to use for these loops. So, we can ask the
model (with the verification configuration) to prove the termination of these loops (input
functions) and provide the resulting measures as :consider-ccms hints. This (red line) is
the best-performing theorem-prover LLM integration in our experiments, solving 39% more
problems than the LLM and more than tripling the number solved by the built-in analysis.

While our implementation uses the ACL2s theorem prover, it is in principle usable with
any theorem prover. Calling context graphs [28] and termination cores [29], the basis of
ACL2s’ analysis, are applicable to any functional language.

These experiments show that the proof automation provided by ACL2s is complementary
to the LLM’s abilities. First, while the model solves more problems in total, some problems
remain out of its reach that are solvable by the built-in analysis. Second, the built-in analysis
can help the model decompose an out-of-reach input function into smaller problems, which
can be solved by the model. This synergistic configuration is the best-performing in our
experiments; however, the model’s failure to decompose these problems itself is interesting.
We investigate this in our final set of experiments.

9 Decomposition Experiment

Because a measure for a synthetic function can be easily synthesized given measures for
the functions it is derived from, our final experiment considers if gpt-oss-120b is able to
decompose the synthetic functions into their constituent parts. We selected ten challenging
problems from our ablation experiment, then evaluated the model twenty times on the
problems the challenging problems were derived from, using the best-performing integration
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Figure 4 How well does gpt-oss-120b decompose problems? The expected performance is the
probability that both inputs to the synthetic problem are solved, approximated by twenty samples.
The revealed performance is the success rate when the synthesis method is revealed in the prompt;
the baseline performance is the success rate when it is not.

strategy from our ablation. From this we estimate the probability the model solves each
constituent problem. If p; and ps; are the probability of solving two constituent problems,
then if the model is perfectly decomposing the stacked version of the problems, the expected
probability it solves the stacked problem is py - ps; this is the “Expected” line in Figure 4.
Figure 4 compares the model’s success rate on twenty samples of each of the ten difficult
problems with each problems expectation. The “Baseline” configuration uses the default
prompt and the “Revealed” configuration adds information to the prompt explicitly telling
the model how the stack synthesis method works and how to decompose the problem of
generating a measure.

For seven of the ten problems, the model underperforms or meets expectation for both
prompt variants, and there does not appear to be a major increase in performance when
the synthesis method is revealed. For the problems where baseline outperforms expectation,
we believe these are due to model randomness and sampling. To investigate, we also ran
this experiment using the “Admission History” configuration and in that run the baseline
underperformed expectation on every problem it overperforms in Figure 4’s experiment.
In aggregate, these results suggest the model is not perfectly decomposing the problem of
generating a measure, even when instructions on how to do the decomposition are given in
the prompt.

10 Conclusions and Future Work

We presented the first, to our knowledge, integration of an LLM and a symbolic termination-
proving algorithm. By curating a base corpus of termination problems and introducing three
synthesis techniques to generate novel functions, we avoided contamination from training
data.
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Across nine ablations for two different LLMs, we found that the form of theorem-prover
feedback has a substantial impact on model performance. Our results show that feedback on
proof failures improves performance, while a history of these errors can degrade performance.
Furthermore, the performance of error-message configurations differed by model. This
suggests that (1) while LLMs use error messages, excessive context can be detrimental, and
(2) the efficacy of an error-message configuration can change depending on the model used.
We also observed a failure mode for gpt-oss-120b where repetitive internal reasoning led to
context exhaustion. Overall, both models outperformed ACL2s’ built-in termination analysis.

Our decomposition experiment showed that gpt-oss-120b does not reliably decompose
termination arguments, even when the structure of the synthetic function is revealed. With
this in mind, we integrated the model with ACL2s’ built-in termination analysis, which
is good at decomposing a function into its individual loops. Having the model prove the
termination of these inner loops and having the built-in analysis construct the final proof
solved 39% more problems than the LLM alone and more than tripled the number solved
by the built-in analysis on our benchmark. This demonstrates there can be a synergistic
relationship between existing proof automation and new capabilities from an LLM.

We see many opportunities for integrating LLMs with theorem-proving algorithms.
One obvious area to extend this work would be proving non-termination, using ACL2s to
decompose the problem and asking the LLM to find a witness to non-termination. In a
preliminary experiment, for example, GPT-5 [34] was able to generate a witness for the
non-termination of Zantema_15/ex07 despite no entries in Termination Competition 2025
being able to do so [44]. Furthermore, LLMs could be more deeply integrated with CCG to
assist in proving one function call cannot result in a call to another, thereby decreasing the
size of the graph. Finally, the model’s difficulty decomposing problems warrants investigation;
future work could inspect thinking traces or consider an agentic system where one model
decomposes problems and others attempt to prove the termination of subparts.

11 Code Availability

Code for reproducing the experiments in this paper can be found at

https://github.com/Oxekez/fslatp.
The code was handwritten with help from an LLM.
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