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Abstract. Reactive synthesis is a challenging problem for two reasons:
It is algorithmically hard, and writing formal specifications by hand is
notoriously difficult. In this extended abstract, we report on current ad-
vances in tackling both sides of the problem with Large Reasoning Models
(LRMs). On the algorithmic side, we present a neuro-symbolic approach
that couples LRMs with model checkers to iteratively repair a synthe-
sized Verilog implementation via sound symbolic feedback. Our approach
solves more benchmark instances than last year’s SYNTCOMP winner
and extends to constructing parameterized systems. On the specification
side, we introduce an autoformalization step that shifts the specification
task from temporal logic to natural language and introduce a dataset of
natural-language specifications for evaluation. We demonstrate perfor-
mance comparable to that of starting from formal specifications, estab-
lishing natural synthesis as a viable end-to-end workflow.

1 Introduction

Large Language Models (LLMs) and Large Reasoning Models (LRMs) have re-
cently demonstrated the ability to bridge informal and formal languages [14,1]
and have achieved remarkable success in formal reasoning tasks [9,3]. Those
abilities make them promising tools for hardware design and in particular for
synthesis applications. Synthesis lends itself to neuro-symbolic methods given
that generated implementations can be automatically verified and hence can be
used to guide the model predictions. So far, neural and symbolic integrations
have only been studied for comparatively small neural networks trained from
scratch [13,2] and in an LRM evaluation without verification feedback [4]. In this
extended abstract, based on [12], we report on recent results on the capabilities
of LRMs for the reactive synthesis problem and provide an empirical perspective
on how modern LRMs fare against state-of-the-art synthesis algorithms. We first
present a combination of LRMs with feedback from formal verification tools to
generate provably correct hardware circuits from temporal logic specifications
(Section 2). We then apply the same methodology to parameterized synthesis
and extend it to handle natural-language specifications (Section 3).
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2 Counterexample-Guided Synthesis with Large
Reasoning Models

In this section, we consider the classical reactive synthesis problem for linear-time
temporal logic. We closely follow the problem formulation posed in the annual
reactive synthesis competition (SYNTCOMP) [6] with specifications expressed in
Temporal Logic Synthesis Format (TLSF) [7]. We take, however, a fundamentally
different approach than algorithms in the competition: We use LRMs to directly
generate implementations in a hardware description language and introduce a
feedback loop via model checking.

Specifically, we first prompt an LRM to emit a Verilog module that satisfies
a given specification in TLSF. We intentionally stay at a high abstraction level
for both specification and implementation, allowing the LRM to use more of
the reasoning context window to iterate and refine solutions. To handle both
realizable and unrealizable specifications, we instruct the model to either gener-
ate a Verilog module satisfying the specification or to produce a Verilog module
serving as an environment strategy. The resulting Verilog module is then auto-
matically verified by a model checker. In case the specification is violated, we
provide the counterexample to the LRM as feedback creating a loop in which
sound symbolic feedback complements the LRM’s unsound reasoning.

In Table 1, we compare with the winner and runner-up of the 2025 SYNT-
COMP. We evaluated both Gemini 3.1 Pro [5] and GPT-5.5 [10] configured
with their highest reasoning setting. Both LRMs clearly outperform state-of-
the-art tools, with GPT-5.5 performing best and solving 170 more instances
than ltlsynt. The results show that the models benefit from sound feedback
from a model checker. The effect is most pronounced for the Gemini model, with
162 additional instances solved after including the counterexamples provided by
the model checker. In comparison with prior work by Egolf et al. [4], we highlight
that supporting unrealizable specifications, generating Verilog modules, provid-
ing counterexamples, and using higher reasoning budgets are key.

Table 1. Reactive synthesis results on SYNTCOMP’25 comparing LRMs with algo-
rithms SemML and ltlsynt. LRMs were run with their highest reasoning configurations.

Type Name CEX Iterations Solved

Algorithm SemML [8] 1295 / 1586
ltlsynt [11] 1297 / 1586

LRM

GPT-5 [4] 229 / 1586

Gemini 3.1 Pro
0 1193 / 1586
1 1311 / 1586
2 1355 / 1586

GPT-5.5
0 1392 / 1586
1 1449 / 1586
2 1467 / 1586
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3 Reactive Synthesis Beyond Decidability and Temporal
Logics

Beyond classical reactive synthesis, we show that LRMs can generalize the prob-
lem in two important aspects: (a) synthesizing implementation templates for
parameterized specifications; (b) starting from informal natural-language de-
scriptions, circumventing the need for a formal logic specification.

Parameterized Synthesis. We follow the method for reactive synthesis and mod-
ify the LRM instruction to generate a parameterized Verilog module. Impor-
tantly, we can no longer automatically verify the parameterized implementation
and therefore resort to testing individual parameter values. We still obtain a
sound counterexample that we provide to the LRM as feedback, however, we
can no longer guarantee correctness in the positive case. For evaluation, we de-
rived 57 parameterized specifications from the SYNTCOMP benchmarks. Gem-
ini 3.1 Pro and GPT-5.5 are both able to find parameterized implementations
for 35 of the 57 benchmarks. The Gemini model benefits from additional verifi-
cation feedback, solving up to 38 instances. The task of finding a parameterized
implementation seems only moderately harder for LRMs than finding an imple-
mentation for a specific parameter value. For comparison, the models solve up
to 41 instances when instantiating the problems with a parameter value.

Synthesis from Natural Language. With LRMs, we can now address the entire
reactive-synthesis pipeline – from informal requirements to formal temporal-
logic specifications to verified implementations – end-to-end. First, we manually
authored a dataset of natural-language specifications corresponding to instanti-
ations of the parameterized specifications introduced above. Second, we perform
natural synthesis by 1) autoformalizing the natural-language specification into
a formal specification in TLSF format and then synthesizing a Verilog module,
and 2) prompting the LRM to directly synthesize a Verilog module from the
natural-language specification. Our results show that informal descriptions are
a viable starting point, with autoformalization performing comparably to direct
synthesis. With Gemini 3.1 Pro, 31 out of 57 are synthesized correctly for the
direct route, 30 for the autoformalized route. On the same instances (but formal
specifications) the best algorithmic tools stand at 19, while LRMs at 38.

4 Conclusion

We introduced natural synthesis, a neuro-symbolic approach to reactive syn-
thesis that combines Large Reasoning Models with counterexample-guided rea-
soning. Our pipeline substantially outperforms state-of-the-art algorithms on
SYNTCOMP, extends to parameterized synthesis, and supports synthesis from
natural-language descriptions through autoformalization and direct circuit gen-
eration, all verified against temporal specifications. These results highlight the
potential of neuro-symbolic methods to bring reactive synthesis into real-world
hardware design workflows.
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