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Can LLMs Perform Synthesis?

Derek Egolfi) , Yuhao Zhou

Abstract—How do LLMs compare with symbolic tools on
program synthesis tasks? We investigate this question on sev-
eral synthesis domains: LTL reactive synthesis, syntax-guided
synthesis, distributed protocol synthesis, and recursive function
synthesis. For each domain, we choose a state-of-the-art symbolic
tool and compare it to an open-source, 32 billion parameter
version of the QWEN LLM and the proprietary, frontier LLM
GPT-5. We couple QWEN with a symbolic verifier and run it
repeatedly until it either produces a solution that passes the
verifier, or until there is a timeout, for each benchmark. We run
GPT-5 once per benchmark and verify the generated output.
In all domains, the symbolic tools solve more benchmarks than
QWEN and either outperform or are about on par with GPT-5.
In terms of execution time, the symbolic tools outperform QWEN
and GPT-5 in all domains, despite the fact that the LLMs are
run on significantly more powerful hardware.

I. INTRODUCTION

The goal of program synthesis has been to generate, as
automatically as possible, systems that are correct by construc-
tion, that is, that are guaranteed to satisfy a given correctness
specification [18], [29]. Since the publication of Church’s
problem in the 1950s [18], synthesis has come a long way,
from the early approaches of deductive program synthesis [53]
and reactive synthesis [62], [29], to more recent approaches
such as sketching [70], [69], syntax-guided synthesis [5], and
others [31].

On the other hand, the field of programming itself is
currently undergoing rapid changes; LLMs are now routinely
used to generate code for common programming tasks [57],
[17], [78].

These developments lead naturally to the question: can
LLMs do synthesis? Specifically, we want to evaluate how
good LLMs are at synthesizing programs from formal speci-
fications, compared to symbolic tools. Therefore, we rephrase
our research question as follows: how do LLMs compare with
state-of-the-art symbolic synthesis tools?

Choice of synthesis domains: As there are many kinds of
synthesis problems, the answer to the above question generally
depends on the particular synthesis domain that is chosen. In
this paper, we examine the following synthesis domains:

o LTL reactive synthesis [62], [29]: the problem is to syn-
thesize a finite state machine (FSM) which implements
(realizes) a given specification in Linear Temporal Logic
(LTL) [61].

o Syntax-guided synthesis (SyGuS) [5]: the problem is
to synthesize, given a specification and a grammar, a
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program that can be generated by the grammar and that
satisfies the specification.

« Distributed protocol synthesis by sketching [23], [24]:
given a sketch of a distributed protocol in TLA* [44], the
problem is to complete the sketch such that the resulting
protocol satisfies a given set of TLA* properties.

o Recursive program synthesis by sketching [25]: given a
sketch of a recursive function in the LISP-like ACL2s
programming language [21], and a specification in first-
order logic, the problem is to complete the sketch such
that the resulting program satisfies the specification.

Choice and use of LLMs: Across all domains, we compare
the corresponding symbolic tool with two LLMs: QWEN-2.5-
CODER-32B-INSTRUCT [35] (hereafter referred to as QWEN)
and GPT-5 [68]. QWEN is a 32 billion parameter model.
To our knowledge, it is the state-of-the-art open-source LLM
for code generation that fits on an NVIDIA H200 GPU (the
hardware that we use to run it). GPT-5 is a proprietary model,
and to our knowledge OpenAl has not publicly disclosed the
number of parameters it uses. GPT-3, a model released in
2020, had 175 billion parameters [11], so we can reasonably
assume that GPT-5 has significantly more than that.

We emphasize that, in all cases, we use these LLMs “out
of the box” meaning that we do not train the LLMs ourselves,
we do not fine-tune them, we do not use RAG or similar
techniques, and so on. In the spirit of our original question
can LLMs do synthesis?, we want to evaluate to what extent
LLMs are able to do synthesis on their own, as opposed to how
LLMs might be integrated into more sophisticated “hybrid”,
“neurosymbolic”, or similar techniques. We do believe that
such techniques are important, but they are beyond the scope
of our comparison here. (We review related neurosymbolic
techniques in our related work section §VII.)

At the same time, we take a pragmatic, user-oriented per-
spective. How might a user use an LLM for code synthesis?
LLM outputs come with no guarantees, so a user will have
to check the output to ensure that it satisfies the problem re-
quirements. For that reason, we couple LLMs with a symbolic
verifier which checks the LLM output, and potentially has the
LLM retry in case of failure. In the spirit of fairness, we try to
allocate similar resources to the toolchains under comparison,
as much as possible.

Section II that follows presents in more detail the way
we use LLMs, discusses fairness considerations and resource
allocation, and describes other common elements across all
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domains. Sections III-VI present the experimental results for
each domain. Section VII discusses related work. Section VIII
concludes the paper.

II. METHODOLOGY AND COMMON ELEMENTS ACROSS
DOMAINS

Fair comparison: A fair comparison of two tools ideally
requires running both tools on the same computing hardware
and allocating the same time and memory resources to both.
This is impossible to achieve in our case, because, unlike all
the symbolic synthesis tools that we consider, neither QWEN
nor GPT-5 can be effectively run on a CPU. As we still
want our comparison to be as fair as possible, our philosophy
is to provide as equal as possible computational resources
to the compared toolchains. By computational resources we
mean the product of hardware computing power and time
allocated to perform the computation (which we control by
means of timeouts). Ideally, we would like this product to be
equal so that, for example, if tool A is run on a hardware
twice as fast as that of tool B, then the timeout for tool B
should be two times that of tool A. In practice, however, this
calculation is impossible to achieve, because the computing
power of hardware is difficult to measure/compare across
hardware architectures. Moreover, to our knowledge, OpenAl
does not even disclose the exact hardware used to run GPT-5.

We therefore take a pragmatic approach, and proceed as
follows:

e We run all symbolic tools on CPUs, with a 10-minute
timeout for each benchmark (15 mins for the recursive
program synthesis domain in §VI).

e We use a single NVIDIA H200 GPU to run QWEN. We
couple QWEN with a verifier (run on a CPU) which
checks each candidate that QWEN generates. For each
benchmark, the whole process is iterated until a correct
solution is found, or a 10-minute time limit is reached
(15 min for §VI).

e We run GPT-5 using the OpenAl APIL In all domains,
we set an output token budget of 16,384 and set the
reasoning parameter to “medium”. For each benchmark,
we run GPT-5 once, and check any generated solution
with a verifier (run on a CPU), allocating a total of 10
minutes both for GPT-5 generation and verification (15
min for §VI).

The rationale is to give the same timeout to each toolchain,
even though the toolchains are executed on different hardware.
To compensate for the fact that GPT-5 is itself very powerful
and also run on very powerful hardware, we only query GPT-
5 once per benchmark, and do not iterate like we do with
QWEN. This is still a somewhat unfair comparison between
symbolic tools and QWEN, as the latter is run on much more
powerful hardware. We accept this until a better comparison
methodology is found.

LLM toolchains: Pictorially, our LLM toolchains across all
domains look like the one in Figure 1. Note that the QWEN
toolchain has the reprompt loop, but the GPT-5 toolchain does
not (GPT-5 is only queried once per benchmark). We handle

timeouts as follows. In the GPT-5 toolchain, we allocate a 10-
min time limit (15 min for §VI) to the entire toolchain, per
benchmark. This means, for example, that if GPT-5 takes 3
mins to generate a candidate solution, then the verifier has
7 mins to check that candidate. A solution which is both
generated and verified correct within 10 mins is counted as a
correct solution. In the QWEN toolchain, we allocate 10 mins
per benchmark (15 min for §VI), and let the loop iterate as
many times as possible until the 10 mins are exhausted, or a
correct solution is found. Again, we count a solution as correct
if it is both generated and verified within the time limit.

We call this method iterate-LLM-until-solution-or-timeout
(ILST). We remark that, for a given benchmark, the prompt
remains the same for each iteration of the loop. That is, we
do not provide any verification feedback to the LLM: no
counterexamples and no other indication that the previously
generated solutions were incorrect. This would not only re-
quire adding the previously generated (incorrect) solutions to
the prompt, but it would also go against our premise to test
whether LLMs can do synthesis on their own, and not as
part of a neurosymbolic loop. It therefore often happens that
the LLM generates the same solution many times during the
loop, despite using temperature and other parameters which
make the generation more flexible and less deterministic (for
all QWEN toolchains we use temperature=0.8, top_p=0.95,
and top_k=50). In some domains, we cache the generated
solutions within the ILST loop, and if the same solution
is generated twice, we skip the verification step since we
already know that this solution is incorrect. Using a higher
temperature parameter could increase diversity, but it could
also increase syntax or semantic failures. A systematic and
thorough evaluation of that tradeoff and in general of the
effect of temperature (and possibly also the many other LLM
parameters) on performance, would require a separate study
and is beyond the scope of the current paper.

We remark that we also considered the option of asking
the LLM to generate a bundle of, say k£ > 1, different
solutions, and then verifying all of them. We opt instead to
use ILST for the following reasons. First, in the k-bundle
approach, it is unclear how to handle verification time budgets
in a meaningful way. For example, what happens if the LLM
generates k = 2 solutions and the first one is model-checked
to be incorrect while the second one is model-checked correct
but the model-checker exceeds its timeout? In contrast, in
ILST, the time spent generating and verifying is automatically
balanced appropriately. Second, ILST more closely resembles
how a human would use the LLM: generate a solution, check
it, and try again if necessary. Finally, many symbolic synthesis
tools are enumerative in nature, meaning that they enumerate
a candidate solution, check it, and if incorrect, try again. This
similarity makes ILST a natural fit for comparison against
symbolic tools.

Artifact: Our artifact and final experimental results are
available in a permanent repository [27].
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Fig. 1: LLM-based synthesis methodology: the QWEN toolchain has the reprompt loop, but the GPT-5 toolchain does not

(GPT-5 is only queried once per benchmark).

III. LTL REACTIVE SYNTHESIS

The problem is to synthesize an FSM which implements
(realizes) a given LTL specification [62], [29]. We adopt the
problem format from the LTL Synthesis Track of SYNT-
COMP [37] — https://www.syntcomp.org/. SYNTCOMP uses
the Temporal Logic Synthesis Format (TLSF) [36] for specifi-
cations. A TLSF file declares the input and output variables of
the FSM to be synthesized, and the LTL formulas over these
variables that the FSM must implement.

A. Experimental Setup

Symbolic tool: We compare LLMs with the state-of-the-
art synthesis tool 1tlsynt [65], which solved the most
benchmarks in the LTL Synthesis Track of SYNTCOMP 2025.
1tlsynt produces solutions in the AIGER format [10]. We
allocate a 10-minute timeout to 1t1lsynt for synthesis. We
adhere to SYNTCOMP’s verification methodology and employ
its verification pipeline to check all results of 1t1synt for
correctness. First, we use SyFCo [36] to convert the TLSF
input into SMV/nuXmv format, which is subsequently com-
piled into an AIGER monitor. This monitor is then combined
with the candidate solution, and the combined AIGER file is
checked by the nuXmv model checker [13]. We allocate a
10-minute timeout for this entire verification pipeline. Such
post-synthesis verification is unnecessary in principle for a
symbolic tool like 1tlsynt which guarantees correctness
by construction. However, we still perform it in order to
ensure correctness and maintain consistency with the LLM
experiments.

LLM Toolchains: As the choice of output format can
impact LLM performance, for this domain, we ask each LLM
to synthesize the FSM either in AIGER [10] (the output
format of SYNTCOMP) or in SMV (the input format of
nuxmv). QWENAC and GPT-51C (respectively, QWENMY
and GPT-5°MV) denote the LLM toolchains that generate
AIGER (respectively, SMV) outputs. The AIGER toolchains
use different prompts and verifiers than the SMV ones.

For QWEN toolchains we use an ILST loop (c.f. §II) with
a cumulative 10-minute timeout, while for GPT-5 toolchains
we use a single-pass generation with a combined 10-minute
timeout for generation and verification. For QWEN toolchains
we impose a token limit of 16,384 tokens per inference, but
we allow the model to generate as many candidate solutions as
needed within the time constraint. Each individual QWEN gen-
eration is capped at the relatively large limit of 16,384 tokens,
which serves only to prevent excessively long solutions. For
GPT-5 toolchains we enforce a combined 10-minute timeout

for generation and verification, subject to the token budget
described in §II.

For verification, the AIGER toolchains use the same veri-
fication procedure as 1tlsynt’s post-synthesis verification
described above. Any syntactic errors, such as malformed
AIGER files or inconsistencies between the solution’s in-
put/output symbols and the TLSF specification, are auto-
matically detected during this verification procedure. In the
SMYV toolchains, we convert the TLSF specifications to SMV
format using SyFCo, combine them with the LLM-generated
SMV module, and model-check the result with nuXmv —ctt.
The -ctt flag ensures that the transition relation is total
(this, for instance, prevents the LLM from “cheating” by
generating solutions that trivially satisfy the LTL formulas
by deadlocking). We remark that FSMs written in AIGER
are deterministic by construction, but LLMs that output SMV
could theoretically generate nondeterministic FSMs (but after
carefully crafting the prompt, this ends up never happening
in our experiments). We therefore check that the results of
the SMV LLM toolchains are deterministic. We perform this
check only post-synthesis, and not during the ILST loop,
because checking determinism is computationally expensive
(see the appendix of the full version of this paper [26]). Inside
the loop, we rely solely on nuXmv -ctt.

Prompts: For the AIGER LLM toolchains, the prompt
instructs the LLM to synthesize an implementation of the input
TLSF specification in the ASCII AIGER format. The prompt
consists of a brief description of the ASCII AIGER format
followed by illustrative examples that demonstrate expected
LLM’s output in AIGER. The complete prompt is provided in
the appendix of the full version [26].

The prompt for the SMV toolchains is designed to ensure
that the LLM generates a valid, deterministic FSM. To achieve
this, we impose strict structural constraints. First, a rigid
mapping between TLSF concepts and SMV sections: (1) all
TLSF inputs must be declared in an IVAR section to prevent
assignments to input variables (which can only be controlled
by the environment); (2) internal state variables must be
declared in the VAR section; (3) all variables must be of
type boolean; (4) TLSF outputs must be defined in the
DEF INE section. Second, to avoid nondeterministic solutions,
we request that the FSM is defined using only an ASSIGN
block with explicit init () and next () assignments for
every state variable, and we forbid the use of INIT and
TRANS sections. We also provide explicit instructions on
boolean operator syntax to minimize syntax errors during
generation. Finally, as none of the benchmarks in our suite
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require a Moore target FSM (where outputs depend exclusively
on state), we do not add any relevant instructions in our
prompt. The complete prompt is provided in the appendix of
the full version [26].

Benchmarks: We use benchmarks from the LTL Synthesis
Track of SYNTCOMP 2025. There are 1586 benchmarks in
that suite. Some of these benchmarks are labeled as realizable,
unrealizable, or unknown. For our experiments, we select all
benchmarks marked as realizable, a total of 433 benchmarks.
We only select realizable benchmarks in order to avoid con-
fusing the LLMs.

Hardware and Parameters: We ran 1t 1synt on a machine
with 4 CPU cores and 64GB RAM. The QWEN toolchains ran
with the same hardware specification plus an NVIDIA H200
GPU. We ran GPT-5 via the official OpenAl API. We use
the parameters described in §II for the QWEN and GPT-5
toolchains.

B. Experimental Results

The results are presented in Table I. The Solved column
reports the number of correct solutions obtained within the 10-
minute timeout. 1t 1synt generated solutions for 396 out of
the 433 benchmarks. We were able to verify (post-synthesis)
354 of those solutions; for the remaining 42, nuXmv timed
out after 10 minutes (this 10-minute limit applies only to
post-synthesis verification and is not counted towards the 10-
minute timeout allocated to 1t1synt). In the 433—396 = 37
benchmarks that 1t1synt did not solve, it timed out 34
times (generating no solution) and crashed 3 times (e.g., due
to memory allocation failure).

1tlsynt solved 143 benchmarks that no LLM toolchain
managed to solve. GPT-5219 solved 2 benchmarks that
ltlsynt and the other LLM toolchains failed to solve. Sim-
ilarly, GPT-5°MV solved 3 benchmarks that no other method
could solve. We also observed that 1t1synt solved every
benchmark that the QWEN toolchains successfully solved,
while QWEN"I® and QWENMY solved 1 and 6 benchmarks
that GPT-51C and GPT-5™" failed to solve, respectively. In
total, 401 out of 433 benchmarks were solved by at least one
method.

The Success Time columns present execution time statistics
(minimum, maximum, and average execution time in seconds)
only for the successful cases, where the toolchains generate a
correct solution. For 1t1synt, we count all 396 generated
outputs as correct solutions for the purpose of execution time
statistics. As shown, 1t1synt significantly outperforms the
LLM toolchains in the execution time metric.

The Success Iteration columns present the minimum, max-
imum, average, and median number of iterations required for
the QWEN ILST loops to find a solution (successful cases
only). QWENMY sometimes generates a correct solution on
the first try, while in other cases it requires up to 135 attempts
(recall that no feedback is provided to the LLM). The Fail
Iteration columns present the same statistics for the failed
cases. The minimum of 1 for QWENS™Y occurs because, in
some cases, nuXmv timed out while verifying the very first
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Fig. 2: If each benchmark is allowed the time budget shown
in the x-axis, the y-axis shows how many benchmarks can
be solved by the corresponding tool, for the LTL synthesis
domain.

candidate produced. Iteration statistics are omitted for GPT-
5 as it is queried only once per benchmark and therefore
not iterated. Iteration statistics are also omitted for 1t1synt
which is a game-based synthesis pipeline, rather than an
explicit iterative refinement loop.

Because the ILST loop iterates until a correct solution is
found or the time budget is exhausted, QWEN can produce the
same candidate more than once for a given benchmark. Across
the 433 benchmarks, QWENAIG produced 17,974 candidates,
of which 16,624 were distinct; the remaining 1,350 (7.5%)
repeated an earlier candidate for the same benchmark. For
QWENSMV, 15,403 of the 17,338 candidates were distinct, and
the remaining 1,935 (11.2%) were repeats.

Cactus Plots: In addition to the timing statistics in Table I,
we provide a cactus plot in Figure 2. The point (¢, ¢) on
each curve means that the corresponding method can solve
¢ benchmarks if each benchmark is given a time budget of ¢
seconds.

Determinism Checking of LLM SMV Solutions: As dis-
cussed above, we verify all LLM SMV solutions post-
synthesis, to ensure that they represent deterministic FSMs. We
checked the determinism of all solved LLM-generated SMV
benchmarks of Table I automatically, subject to a 10-minute
timeout per benchmark. We used a standard self-composition
technique which consists in instantiating two copies of the
FSM, feeding the same inputs to both, and checking that in
all reachable global states, the two FSMs have identical local
states (see the appendix of the full version [26] for details). All
50 QWENMY solutions were verified as deterministic within
the timeout. Out of the 229 GPT-5MY solutions, 225 were
verified automatically as deterministic. In the remaining 4
cases the automatic determinism check timed out, but we
confirmed the determinism of all these 4 solutions through
manual inspection.

LLM Response Failures: QWENMY solved 50 benchmarks
and reached the 10-min timeout in the remaining 433 — 50 =
383 cases. In 276 of these 383 cases, a final candidate was
generated by the LLM, but was not model-checked (due to the
timeout having been reached). Since 276 is a large percentage
of 383, we used nuXmv to check whether any of those “last-
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Method # Solved Success Time Success Iterations Fail Iterations
within TO | Min Max Mean | Min Max Mean Med | Min Max Mean Med
ltlsynt 354+42 0.5 301.6 4.6 - - - - - - - -
QWENAIG 4 5.4 261.5 79.6 5 136 39.2 8 2 522 41.5 7
QWENSMV 50 1.5 5759 164.9 1 135 239 9 1 202 42.1 33
GPT-54I6 150 149 3114 1240 - - - - - - - -
GPT-55MV 229 13.8 4653 107.0 - - - - - - -

TABLE I: Summary statistics on 433 LTL reactive synthesis benchmarks.

minute” solutions happened to be correct. All 276 turned out
to be wrong: 134 were syntactically incorrect (i.e., files that
nuXmv could not parse) and 142 were semantically incorrect
(i.e., violating the LTL formulas).

GPT-5"1Y ran out of its token budget in 90 cases, generating
no solution. In all remaining 433—90 = 343 cases, it generated
a solution within the 10-min timeout. These 343 candidates
were then verified by nuXmv (with the timeout set to the
remaining time within the total 10-minute limit). Of these 343
candidates, 150 passed the model checker (correct solutions);
145 failed due to syntax errors; 48 failed due to semantic
errors; and no cases timed out during model checking.

GPT-5™V exhausted its token budget in 72 cases. In all
remaining 433 —72 = 361 cases, it generated a solution within
the 10-minute time limit. These 361 candidates were then
verified by nuXmv (with the timeout set to the remaining time
within the total 10-minute limit). Of these 361 candidates, 229
passed the model checker (correct solutions); 51 failed due to
syntax errors; 40 failed due to semantic errors; and 41 timed
out during model checking. We reran nuXmv on the latter
41 cases with a fresh 10-minute timeout, but all still timed
out during model checking (recall that for GPT-5 we use a
total 10-minute timeout for both generation and verification,
so the original nuXmv runs generally had less than 10 minutes
available).

GPT-5: Tokens and Monetary Cost: For the GPT-51¢
experiment, the average input length was 1,831 tokens per
benchmark, and the average output length was 10,004 tokens.
The total cost for all 433 queries was 43.97 USD. For the
GPT-5"MV experiment, the average input length was 1,737
tokens per benchmark, and the average output length was
8,930 tokens. The total cost for all 433 queries was 39.58
USD.

IV. SYNTAX-GUIDED SYNTHESIS

The SyGuS problem is to synthesize, given a specification
and a grammar, a program that (1) can be generated by the
grammar and (2) satisfies the specification [5]. We adopt
the SyGuS Input Format (SyGuS-IF) 2.1 standard [59] for
expressing SyGuS problems. A SyGuS-IF problem description
consists of three main components: a background theory (e.g.,
linear integer arithmetic), one or more function signatures to
synthesize along with optional grammar constraints, and a set
of semantic constraints that the synthesized functions must
satisfy.

A. Experimental Setup

Symbolic tool: We compare LLMs with the state-of-the-
art tool cvc5 [7]. Its precursor cvc4d [8] was the winner
of 4/5 tracks of the last SyGuS Competition [6], held in
2019. Given a SyGuS-IF 2.1 specification, cvc5 attempts to
synthesize function implementations in SMT-LIB format [9].
We use cvch in its default setting, without supplying any
additional command line arguments to it. For this synthesis
task, we allocate a 10-minute timeout to cvcb.

We verify the solutions produced by cvc5 for both gram-
matical and semantic correctness. (In principle this is un-
necessary, as cvc5 guarantees correctness by construction.
However, we still perform this post-synthesis verification to
ensure correctness and maintain consistency with the LLM
experiments.) First, a custom grammar checker ensures that
the generated solutions conform to any syntactic constraints
defined in the original SyGuS-IF specification (if no grammar
is specified, this check trivially passes). Second, to verify
semantic correctness, we use a custom tool to convert the
SyGuS-IF specification into an SMT query; we then combine
this query with the synthesized function implementations and
verify it using the Z3 solver [20]. We rely on custom tools
for these verification steps because the standard utilities from
SyGuS-COMP 2019 can only process SyGuS-IF 1.0 files,
whereas cvc5 and our benchmarks adhere to SyGuS-IF 2.1.
The timeout for these post-synthesis verification tasks is set
to 10 minutes per benchmark.

LLM toolchains: We evaluate a QWEN ILST loop and a
GPT-5 toolchain, as described in §II. Both are instructed to
generate SMT-LIB output. In both cases we apply the same
verification procedure as for cvcb5: solutions are checked
for both grammar conformance and semantic correctness. A
solution is correct if and only if it passes both checks. In the
QWEN toolchain, the ILST loop iterates until a correct solution
is found, subject to a cumulative timeout of 10 minutes per
benchmark. Each individual QWEN generation is capped at
4,096 tokens, a relatively large limit that serves only to prevent
excessively long inferences. No inference reached this cap
in our experiments. In the GPT-5 case we generate a single
candidate solution per benchmark, subject to the token budget
described in §II. This candidate is then verified for both
semantic correctness and grammar conformance. We use a
total 10-min timeout for the entire generation and verification
process.

Prompts: Both the QWEN and GPT-5 toolchains are pro-
vided with an identical prompt. The prompt instructs the
model to generate SMT-LIB function implementations that
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satisfy the grammar and semantic constraints of the SyGuS-
IF input. We strictly constrain the output format: the LLM
must produce only self-contained (define-fun .) ex-
pressions that match the signature of the target synth-fun,
without helper functions or natural language explanations. To
prevent common syntax errors, the prompt explicitly lists valid
SMT-LIB primitives. For instance, it enforces the use of ite
for conditionals (rejecting if), and requires correctly typed

bitvector literals (e.g., (_ bv10 32)). The full prompt is
provided in the appendix of the full version [26].
Benchmarks: We select our benchmarks from the

test/regress/cli directory in the cvc5 repository [72],
which contains more recent problems than the SyGuS Compe-
tition (SyGuS-COMP) [6], last held in 2019. We extract from
the above directory all realizable SyGuS-IF specifications,
excluding those requiring optional SyGuS-IF features (c.f.
Appendix C in [59]) or experimental cvc5 features. This
extraction yields 148 benchmarks in total.

Hardware and Parameters: We ran cvc5 on a machine
with 4 CPU cores and 64GB RAM. The QWEN toolchain
ran with the same hardware specification plus an NVIDIA
H200 GPU. We ran GPT-5 via official OpenAl API. We use
the parameters described in §II for the QWEN and GPT-5
toolchains.

B. Experimental Results

The results are summarized in Table II. The Solved column
reports the number of benchmarks for which a correct solution
was found within the 10-minute timeout. cvc5 successfully
solved 137 out of 148 benchmarks. All 137 solutions were
confirmed as correct by our post-synthesis verification. The
meaning of the other columns is the same as in the corre-
sponding columns of Table I. As for other domains, we omit
iteration statistics for GPT-5 since it is always queried once
per benchmark. We also omit iteration statistics for cvc5
because its public statistics interface does not provide an
iteration count.

cvch solved 4 benchmarks that no LLM toolchain could
solve. GPT-5 solved 10 benchmarks that cvc5 failed to solve.
We also observed that GPT-5 solves every benchmark that
QWEN solved, while QWEN solved 6 benchmarks that cvc5
failed to solve. In total, 147 out of 148 benchmarks were
solved by at least one method.

Because the ILST loop iterates until a correct solution is
found or the time budget is exhausted, QWEN can produce the
same candidate more than once for a given benchmark. Across
the 148 benchmarks, QWEN produced 24,059 candidates, of
which only 2,288 were distinct; the remaining 21,771 (90.5%)
repeated an earlier candidate for the same benchmark.

Cactus Plots: Figure 3 shows cactus plots for this domain,
following the same convention as for Figure 2.

LLM Response Failures: The QWEN toolchain solved 96
benchmarks and reached the 10-minute timeout in the remain-
ing 148 — 96 = 52 benchmarks. In all 52 failed cases, the
LLM generated a final candidate that was not verified due
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Fig. 3: If each benchmark is allowed the time budget shown

in the x-axis, the y-axis shows how many benchmarks can be

solved by the corresponding tool, for the SyGuS domain.

to the timeout. We used the verifier to check if these “last-
minute” solutions were correct (note that they are not counted
as “solved” in Table II, even if verified to be correct). Of these
52 candidates, 2 were actually correct, 46 were semantically
incorrect (i.e., violating grammar or specification constraints),
and 4 were syntactically incorrect (i.e., causing parsing errors
in the verifier).

The GPT-5 toolchain failed to solve 5 out of 148 bench-
marks. Among these 5 failures, 3 were semantically incorrect,
and 2 were caused by GPT-5 exceeding the token budget.

GPT-5: Tokens and Monetary Cost: For the GPT-5
toolchain, the average input length was 1,340 tokens per
benchmark, while the average output length was 1,609 tokens.
The total cost for all 148 queries was 2.62 USD.

V. TLA* DISTRIBUTED PROTOCOL SYNTHESIS

Given a sketch of a distributed protocol in TLA™ [44], the
synthesis problem is to complete the sketch such that the
completed protocol satisfies a given set of properties. A sketch
is a TLA* protocol with holes, along with grammars that
define the set of expressions that can be used to fill the holes.
If the protocol is parameterized, e.g. by the number of nodes
participating in the protocol, we assume that the parameters
are finitized to specific values, which is standard practice [24].

A. Experimental Setup

Symbolic Tool: Our evaluation includes the state-
of-the-art symbolic distributed protocol synthesis tool
POLYSEMIST [24]. POLYSEMIST uses an enumerative,

counterexample-guided synthesis algorithm. Internally, it
enumerates candidate protocols, applies the TLC model
checker [77], and halts if a candidate protocol satisfies the
properties. If not, it continues enumerating candidates. There-
fore, POLYSEMIST cannot return a protocol that violates the
properties specified by the user [24]. Because POLYSEMIST
enumerates protocols from the language of the grammar [24],
the synthesized protocol is guaranteed to conform to the
grammar.

LLM Toolchains: We instantiate GPT-5- and QWEN-based
toolchains for this domain, and we use the TLC model
checker [77] as the core verification engine. Because grammar
conformance is particularly important in this domain [23],
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Method # Solved Success Time

Success Iterations

Fail Iterations

within TO | Min Max Mean | Min

Max Mean Med | Min Max Mean Med

cveb 137
QWEN 96
GPT-5 143

0.01
0.54
2.35

104.1 1.8 -
439.6 278 1
270.1 28.7 -

450 16.3 1 15 921 4325 466.5

TABLE II: Summary statistics on 148 SyGuS benchmarks.

[24], our QWEN toolchain also uses a custom grammar verifier
which checks that the LLM responses conform to the provided
grammar, before passing the response to TLC. We use the
same custom grammar verifier to check the solutions generated
by GPT-5. Additionally, for this domain, our QWEN ILST
loop maintains a cache mapping LLM responses to model
checking results. If an LLM repeats itself, we skip model
checking because we can infer that TLC has already rejected
this response.

Prompt: The prompt indicates which holes the LLM should
fill, the actions where these holes appear, the grammars for
each hole, the properties that the completed protocol must
satisfy, and the structure of the protocol in JSON format. We
show the prompt template for this domain in the appendix of
the full version [26].

Benchmarks: In [24], POLYSEMIST was evaluated on a
suite of 171 benchmarks, publicly available at [22]. We use
these same benchmarks for our evaluation. These benchmarks
cover seven distributed protocols, including two reconfigurable
raft protocols. The benchmarks are to fill in missing ex-
pressions within one or two actions of the protocol. These
expressions are either all pre-conditions for these actions, all
post-conditions, or all pre- and post-conditions.

Hardware and Parameters: We run POLYSEMIST on a
machine with an AMD Ryzen 7 7840U CPU (3.3 GHz base
clock) and 14GB of RAM. The QWEN toolchain ran on
a machine with an Intel(R) Xeon(R) Platinum 8276 CPU
(2.20GHz), 16GB RAM, plus an NVIDIA H200 GPU. We run
GPT-5 using the OpenAl API. For GPT-5, we model check
the responses obtained from the API on the same machine
used for POLYSEMIST. The TLC model checker was run with
8 workers in all toolchains and all toolchains had access to at
least 8 CPU cores. There are no other sources of parallelism.
We use the parameters described in §II for the QWEN and
GPT-5 toolchains.

B. Experimental Results

The results are shown in Table III. The Solved column
shows for how many of the 171 benchmarks the corresponding
method produces correct solutions, meaning solutions that
pass both the model checker and the grammar verifier. As
shown in Table III, the symbolic tool POLYSEMIST solves
more benchmarks than GPT-5, and QWEN solves fewer. There
are benchmarks that are solved by the LLMs but not by
POLYSEMIST, and vice versa. Together, GPT-5 and QWEN
solve 17 benchmarks that POLYSEMIST does not solve. Of
these 17, GPT-5 alone solves 11, QWEN alone solves 1,
and there are 5 benchmarks that both LLM toolchains solve
but POLYSEMIST does not. There are 16 benchmarks that
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Fig. 4: If each benchmark is allowed the time budget shown
in the x-axis, the y-axis shows how many benchmarks can be
solved by the corresponding tool, for the TLA+ domain.

POLYSEMIST solves that neither LLM toolchain solves. There
are 28 benchmarks that both GPT-5 and POLYSEMIST solve,
but QWEN does not. There are 4 benchmarks that both QWEN
and POLYSEMIST solve, but GPT-5 does not. There are 92
benchmarks that all three solve and 14 benchmarks that none
of the three solve.

The meaning of the remaining columns of Table III is
the same as the corresponding columns in Table I. In the
case of POLYSEMIST we also report iteration statistics, which
are available for this symbolic tool [24]. Iteration statistics
are omitted for GPT-5 because it is queried only once per
benchmark.

Cactus Plots: In addition to the timing statistics in Table III,
Figure 4 shows cactus plots. The point (¢, ¢) on each curve
means that the corresponding method can solve ¢ benchmarks
if each benchmark is given a time budget of ¢ seconds (it
does not mean that the tool takes ¢ total seconds to solve
¢ benchmarks). The overall trend suggests that POLYSEMIST
tends to solve the easier benchmarks faster than GPT-5. In
the long run, the two tools perform similarly.

LLM Response Failures: GPT-5 failed to solve 35 out of
171 benchmarks. In 33 of these failures the model checker
found counterexamples, and in one case GPT-5 exceeded the
token limit. In one case, GPT-5 produced a correct solution
after more than 10 minutes, which we count as a timeout.

Because QWEN iterates, we received in total 16,824 re-
sponses from the LLM. If we take the sets of distinct responses
for each benchmark and sum their cardinalities, we get 7,326
distinct responses. This means that QWEN repeats itself (in-
correctly) quite often. Of the 16,824 responses, 16,722 were
failed responses. In 11,628 of these cases, the model checker
found counterexamples. In one case, QWEN produced a correct
solution after more than 10 minutes, which we count as a
timeout. In 5,063 cases, the QWEN response did not conform
to the provided grammar (GPT-5 responses always conformed
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Method # Solved Success Time (s) Success Iterations Fail Iterations
within TO | Min Max Mean | Min Max Mean Med | Min Max Mean Med
POLYSEMIST 140 0.70  583.06 70.94 1 219 20.7 10 7 272 97.3 99
QWEN 102 2.03 587.07 35.03 1 254 10.8 1 76 717 2279 202
GPT-5 136 17.55 27535 102.22 - - - - - - - -

TABLE III: Summary statistics on 171 TLA* protocol synthesis benchmarks.

to the provided grammar). In 30 cases QWEN did not even
produce syntactically valid JSON (GPT-5 always produced
syntactically valid JSON).

Relaxing Grammar Constraints: We also evaluated the
LLM toolchains with a relaxed verification engine that does
not check for grammar conformance but only applies TLC
to check for semantic correctness. In the case of QWEN
this means that in the ILST loop, only TLC is used as the
verifier, and when a semantically valid solution is found the
loop exits. Under this relaxed setting, we also omitted the
grammar from the prompt for both QWEN and GPT-5. We
found that both LLM toolchains solve more benchmarks in
this configuration. This result is not surprising, as the LLMs
in this case are solving an easier synthesis problem (without
the grammar constraint). Under this relaxation, QWEN solves
133 benchmarks (compared to 102 in Table III), while GPT-
5 solves 149 benchmarks (compared to 136 in Table III, and
compared to the 140 that POLYSEMIST solves).

GPT-5: Tokens and Monetary Cost: We use GPT-5-
NOGRAM to refer to the GPT-5 toolchain where the grammar
is not checked (for the relaxation discussed above). For GPT-
5, the average number of input tokens per benchmark is 2125,
and for GPT-5-NOGRAM it is 1264. The average number
of output tokens per benchmark is 5389 for GPT-5, and
6041 for GPT-5-NOGRAM. We note that on average the
synthesized solution in both cases is only about 70 tokens
and the majority of output tokens are the so-called “reasoning
tokens.” GPT-5-NOGRAM is given fewer input tokens because
the grammar is not included in the prompt. We note that GPT-
5-NOGRAM produces more reasoning tokens; removing the
grammar causes the model to “think” more. Overall, the total
cost to run all GPT-5 experiments reported for this domain is
about 20 USD.

VI. ACL2Ss RECURSIVE PROGRAM SYNTHESIS

The recursive program synthesis problem considered in this
domain is to complete sketches for one or more recursive
functions such that the program composed of the completed
functions satisfies a given set of correctness properties. As in
§V, a sketch is a program with holes, along with grammars
that define the set of expressions that can be used to fill the
holes. In this domain, the programs are written in the LISP-
like ACL2s programming language [21], while sketches and
grammars are expressed in a similar LISP-like format. The
correctness properties are first-order logic formulas. We refer
the reader to [25] for details.

A. Experimental Setup

Symbolic Tool: We use CATACLYST [25], a symbolic tool
that synthesizes recursive programs from formal specifications.

CATACLYST employs an enumerative, counterexample-guided
synthesis algorithm. CATACLYST internally checks candidate
programs using the verification engine discussed below. A
consequence is that CATACLYST can only output programs that
pass the verification engine. It also cannot output syntactically
invalid programs.

Verifier and Correctness Guarantees: Verification of syn-
thesized programs in this domain amounts to first-order logic
validity checking, and is therefore undecidable in general.
We therefore follow the approach taken in [25], and use as
the verification engine of our toolchains the counterexample
generator of the ACL2s theorem prover [21], [15]. A conse-
quence of this is that CATACLYST can, in principle, return a
program that passes the counterexample generator but is not
actually correct. The authors of [25] use the ACL2s theorem
prover to perform post-hoc manual verification of all programs
synthesized in [25] and found that all synthesized programs
were indeed correct. We therefore take for granted that, at
least for the benchmarks in [25] (which we also use here),
passing counterexample generation is a good proxy for full-
blown verification.

LLM Toolchains: As for the prior domains, the LLM
toolchains have the same overall structure as in Figure 1.
We instantiate two LLM toolchains: one using QWEN and
one using GPT-5. Both toolchains are relaxed, in the sense
that they check the correctness properties but do not check
that proposed programs conform to the provided sketches or
grammars. In this domain, the sketches and grammars are
primarily useful for guiding CATACLYST’s enumerative search.
It is not critical that the synthesized programs conform to the
grammar, so long as the programs are syntactically valid. In
the interest of fairness though, we give the LLM toolchains
the sketches and grammars as input. Here, we also cache LLM
responses and skip verification if the LLM repeats itself.

Prompts: For this domain, the prompt template gives: (1)
the function signatures of the functions under synthesis, (2) the
list of primitive functions that can be used in the synthesized
functions, (3) the terminals (constants and function arguments)
that can be used in the synthesized functions, (4) the list
of properties and input-output examples that the synthesized
functions must satisfy, (5) auxiliary information about data
types and functions that may be useful context for the LLM,
and (6) the sketch for each function and the grammar for filling
holes in the sketches. The full prompt template that we use is
shown in the appendix of the full version [26].

Benchmarks: We use the 42 benchmarks used to evaluate
CATACLYST in [25]. These benchmarks include programs for
manipulating lists, trees, and other inductive data structures.
Some benchmarks involve mutually recursive functions, and
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some benchmarks involve properties with existential quanti-
fiers.

Hardware and Parameters: We ran CATACLYST on a ma-
chine with an AMD Ryzen 7 7840U CPU (3.3 GHz base
clock) and 14GB of RAM. The QWEN hardware configuration
is identical to that described in §V for the TLA™ synthesis
domain, except that only one CPU core is allocated. The GPT-
5 toolchain ran verification on the same machine used for
CATACLYST and uses the same LLM parameters as described
in §II. Neither the symbolic tool nor the verifier are configured
to use parallelism.

B. Experimental Results

Our results are summarized in Table IV. All methods
in this domain use a 15 minute timeout rather than the
10 minute timeout used in prior domains. We use a 15-
minute timeout to match the timeout used in the evaluation
of CATACLYST [25]; successes were achieved in less than 10
minutes when success was achieved, so a 10-minute timeout
would only reduce the failure-iteration counts in Table IV.
The Solved column reports solutions that pass the ACL2s
counterexample generator. The meaning of the other columns
is the same as in the corresponding tables of prior domains.
Iteration statistics are omitted for GPT-5 because it is queried
only once per benchmark. As shown in Table IV, QWEN
solved 39/42 benchmarks and both GPT-5 and CATACLYST
solved 41/42 benchmarks. QWEN failed on the following three
benchmarks: “pairs,” “split-on,” and “suffixb” [25]. GPT-5
failed only on “split-on.” CATACLYST failed only on “ternary-
tree-eq.” Thus both LLM toolchains failed on “split-on,” which
CATACLYST solved, while only QWEN failed on “suffixb” and
“pairs.” Both LLM toolchains succeeded on “ternary-tree-eq,’
which CATACLYST could not solve.

Iterations and Failures: As shown in Table IV, in this
domain, when QWEN solves a benchmark, it tends to do so
using just a few iterations (and corresponding LLM queries).
On the other hand, when CATACLYST solves a benchmark,
it often enumerates hundreds of candidate solutions. When
QWEN does not solve a benchmark, it does so after proposing
hundreds of incorrect solutions: 179, 414, and 516 proposals
for the three unsolved benchmarks. In the single case where
CATACLYST fails, it does so after enumerating 4795 candidate
solutions.

We count also the number of distinct solutions proposed by
QWEN in the three failed benchmarks: 91/179, 20/414, 8/516.
I.e., in one of the failed tasks QWEN was asked 179 times
for a solution, and in all but 91 cases it proposed a solution
that it had proposed before. In general, we obtained a total
of 1159 responses from QWEN across all benchmarks. Only
165 of those responses were distinct, so QWEN repeated itself
many times.

Of the 1159 responses we obtained from QWEN, 1120 were
failed responses. 501 of these failures were caused because the
counterexample generator disproved correctness of the pro-
posed solution. 619 failures were due to syntactically invalid
responses from the LLM, e.g., mismatched parentheses. In the
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Fig. 5: If each benchmark is allowed the time budget shown
in the x-axis, the y-axis shows how many benchmarks can be
solved by the corresponding tool, for the ACL2s domain.

one case where GPT-5 failed, it was due to a counterexample
being found.

GPT-5: Tokens and Monetary Cost: For GPT-5, the aver-
age number of input tokens per benchmark is 680, the solution
is composed of 87 output tokens on average, and GPT-5
outputs an average of 2039 reasoning tokens per benchmark.
The total monetary cost for all 42 benchmarks is about 0.93
USD.

VII. RELATED WORK

In the LTL reactive synthesis domain, the works [67],
[66], [19] explore neural approaches and evaluate them on
SYNTCOMP benchmarks. All these works train or fine-tune
transformer models for synthesizing AIGER circuits, whereas
we evaluate off-the-shelf models without any additional train-
ing, and we consider both AIGER and SMV outputs.

In the SyGuS domain, Li et al. [47] propose a hybrid
approach that integrates LLM calls into a weighted proba-
bilistic enumerative search. Their evaluation shows that cvc5
outperforms GPT-3.5 alone, while their hybrid approach out-
performs both. Our work compares cvc5 with the more recent
GPT-5; in our experiments, GPT-5 outperforms cvc5. We
also compare with the 32-billion parameter Qwen-2.5-Coder,
whereas [47] only compare with GPT-3.5. Finally, we use a
different set of benchmarks than those used in [47].

To our knowledge, [23], [24] are the only works that
synthesize protocols in TLA*, and they do so with symbolic
tools with no mention of LLMs. The GenAl-accelerated TLA*
challenge [75] called “for submissions showcasing creative
and technically impressive work at the intersection of TLA*,
formal methods, and Al-assisted development,” and announced
winners in 2025. The first place winner Specula takes as input
program source code (e.g. Rust) and outputs TLA*. The third
place winner by Gregory Terzian takes as input TLA* and
produces Rust code. These tools solve TLA* code generation
problems using LLMs, but these problems are different from
the protocol synthesis problem we consider in this paper.

CVC [7], [8] can synthesize non-recursive programs, but
it cannot synthesize recursive programs [1]. Likewise, none
of [30], [43], [3] can synthesize recursive programs. [52],
[4], [32], [58], [28] synthesize recursive programs from input-
output examples. [55], [54], [63], [42], [25], [33] synthesize
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Method # Solved Success Time (s) Success Iterations Fail Iterations

within TO Min Max Mean | Min Max Mean Med | Min Max Mean Med
CATACLYST 41 6.47 10441 31.80 4 2552 495.6 173 | 4795 4795 4795 4795
QWEN 39 3.23 30.42 9.03 1 6 1.3 1 179 516 369.7 414
GPT-5 41 17.33  124.16  48.33 - - - - - - - -

TABLE IV: Summary statistics on 42 ACL2s recursive program synthesis benchmarks.

recursive programs from properties. None of these works
compare LLMs with symbolic tools.

There are other synthesis domains that fall outside the scope
of this paper. LLMs are used to generate loop invariants
in [14], [40], class invariants in [71], spreadsheet formulas
in [39], and to perform C program repair in [74]. These works
address different synthesis problems.

Several of the works cited above can be considered “hy-
brid” or “neurosymbolic” in the sense that they combine
neural networks and symbolic tools (including verifiers, but in
more sophisticated ways than our iterate-LLM-until-solution-
or-timeout approach). Neurosymbolic synthesis [16] is an
active research direction but beyond the scope of our current
evaluation.

Several works propose benchmarks for LLM code gen-
eration in various domains, including general programming
tasks [17], [78], [57], [64], [48], [34], as well as code genera-
tion tasks more closely related to this paper. The works in [76],
[73], [12], [50] propose benchmarks for verification-oriented
languages such as Lean [56], Dafny [46], or Verus [45]. LLM
code generation benchmarks for Solidity smart contracts are
proposed in [60], and for the domain of hardware in [41],
[2], [38], [49], [51]. Several of these works evaluate LLM-
generated code with respect to correctness or efficiency, and
several employ verification tools for checking correctness.
However, the focus of these works is not the comparison of
LLMs with symbolic tools, and their domains are different
from the ones examined in our work.

VIII. CONCLUSIONS

We compared symbolic synthesis tools with LLM
toolchains, across several synthesis domains. Although the
results vary by domain, the following observations can be
made (c.f. Tables I, II, III, IV and the corresponding sections):
(1) The symbolic tools solve more benchmarks than the QWEN
toolchains, in all domains. The difference is dramatic in the
LTL synthesis domain.

(2) 1tlsynt solves significantly more benchmarks than the
GPT-5 toolchains in the LTL synthesis domain. GPT-5 solves
almost the same number of benchmarks as the corresponding
symbolic tool in the other three domains.

(3) There are generally benchmarks that are solved by the
LLM but not by the symbolic tool, and vice versa. From a
practical perspective, this suggests using a portfolio approach
which runs both symbolic and LLM-based toolchains in par-
allel.

(4) The symbolic tools are faster than the GPT-5 toolchains,
in all domains, despite the fact that GPT-5 runs on more
powerful (and proprietary) hardware. In the LTL synthesis

and SyGuS domains, the difference is two and one orders of
magnitude, respectively.

(5) Even though this may not be immediately apparent in
Tables I, II, III, IV, the symbolic tools are also faster than
the QWEN toolchains, in all domains, and despite the fact
that QWEN runs on more powerful hardware. To see this, note
first that the tables show timing statistics about successful runs
only. To get the full picture, the complete execution times must
be inferred. For instance, consider Table III. QWEN solves 102
benchmarks with an average of 35.03 secs per benchmark. But
QWEN also times out on 69 benchmarks, each after 600 secs.
In total, QWEN executed for 35.03-1024-600-69 = 44973 secs
and managed to solve 102 benchmarks in that time. In contrast,
POLYSEMIST executed in total for 70.94 - 140 + 600 - 31 =
28532 secs and managed to solve 140 benchmarks in that time.
The same calculation can be done for Table IV. Using the 900-
second timeout for benchmarks that were not solved, QWEN
runs for 3052 seconds, which is more than CATACLYST’s 2204
seconds.

(6) QWEN toolchains often repeat the same incorrect proposal
many times. An advantage of symbolic tools that use an
enumerative synthesis algorithm is that they can be designed
so that they never repeat the same candidate. Devising ways
to avoid repetitions when using LL.Ms is part of future work
(see also below).

(7) Except for the LTL domain, GPT-5 was quite good at
meeting the syntactic expectations that we set for it (well-
formed code, grammar/sketch conformance). QWEN struggled
with meeting these expectations. Even in the recursive program
synthesis domain, where it ultimately solved many bench-
marks, more than half of its failures were due to syntactic
issues. Symbolic tools are designed to always meet syntactic
expectations, which is an advantage.

Future Work: As explained in Sections I and II, the goal
of this paper is to test whether LLMs can do synthesis on
their own, possibly with several trials (in the case of QWEN),
but without feedback. Investigating approaches where, for
instance, failed verification results are given as feedback to
the LLM, is part of future work. We remark that there
are many ways to provide such feedback to the LLM. The
simplest approach is to provide a list of erroneous solutions,
along with instructions not to output those solutions. A more
sophisticated approach is to annotate each bad solution with a
counterexample input or trace, which might allow the LLM to
infer why a solution is bad. Both approaches would result in
longer and longer prompts as the number of erroneous attempts
grows, which might in turn result in longer inference times or
even in exhausting the context budget. Devising methods to
address such problems is part of future work.
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Prompting approaches bias the LLM towards generating
new responses, but they do not offer any guarantees. In future
work, we plan to explore a neurosymbolic approach where the
LLM is used as a source of statistical bias for an otherwise
symbolic synthesis algorithm. Unlike prompting approaches,
this approach could make it impossible for the LLM to repeat
the same incorrect response, as is achieved by purely symbolic
tools.
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