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Syntax-Guided Synthesis [2, 4] (SyGuS) is a paradigm where synthesis problems can be
created using syntactic as well as semantic constraints. The SyGuS input format (SyGuS-IF)
is a standardised language that allows users to formulate synthesis problems restricting the
problem syntactically ( using a grammar) and semantically (formal specification).

Machine learning-based synthesis methods range from DeepCoder [5] to the latest large-
language model based code synthesis tools [6]. Here a learner is trained on large swathes of
training data. We hypothesise that the key reason these methods have not been applied to
SyGuS problems is the lack of training data. Despite the broad applications of syntax-guided
synthesis [17, 1, 12, 15, 10], the number of SyGuS benchmarks publicly available is roughly
limited to the number in the SyGuS competition [3], which comprises of a suite of a few hundred
hand-written benchmarks. Efforts to integrate machine learning methods into formal synthesis
algorithms mostly limit themselves to input-output example synthesis (or “programming by
example”) [5, 14, 8, 9, 11, 7, 13]. Automatically generating programming by example problems
is relatively straightforward. Si et al [16] apply a deep learning framework to the problem of
synthesising invariants. They augment a very small training set by mutating the loops in ways
that are guaranteed not to affect the invariant to generate training data.

Automatically generating meaningful logical specifications is challenge that is not tackled
in the literature, and, we believe, has limited the progress of machine learning methods for
SyGuS up until now. In this work we present an algorithm for producing SyGuS problems and
corresponding solutions from SMT problems of the same theory.

Algorithm We assume that we have a valid SMT problem P . This can be obtained by either
negating an unsat problem or using the solution to a sat problem to obtain a valid problem.
Our goal is to generate a SyGuS-Problem and corresponding solution. The algorithm performs
the following steps:

1. generate a set S of sub-terms in P .

2. perform anti-unification on S to obtain least general generalization (LGG) L

3. replace sub-terms S in P with fresh second-order variable

4. use unification to determine order of arguments applied to second-order variable.

5. translate P (with second-order variable) to SyGuS problem Ps.

In the end the pair Ps is a SyGuS problem and L its solution. While steps 2 to 5 are static,
the first step allows for a large amount of variability. This step directly influences the quality
and quantity of the produced SyGuS problem/solution pairs. By using different techniques to
search for “good” sub-terms we can create different training data/ground truths pairs. Further
investigation could lead to using metrics such as largest common prefix or even apply some
adversarial learning mechanisms to identify sub-terms in P that lead to good problem/solution
pairs.
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