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Abstract

Search-based program synthesis systematically explores a space
of programs to find one that satisfies a given specification. While
effective for small programs, it struggles with scalability due to
the combinatorial explosion of the search space. In contrast, large
language models (LLMs) can generate large programs but often
produce solutions that are incorrect or fail to meet the specification.
We propose a novel distance-guided search algorithm that lever-
ages imperfect LLM-generated programs to guide both top-down
and bottom-up synthesis. Using an anti-unification-based distance
metric, we prioritize candidates in the top-down search that are
structurally similar to the LLM output. For bottom-up synthesis,
we generate components close to subexpressions of the LLM so-
lution while preserving completeness and pruning efficiency. We
implement our approach atop TRr1o, a bidirectional synthesizer for
recursive functional programs, and evaluate it on 80 synthesis tasks.
Our results show that distance-guided search effectively combines
the strengths of LLMs and search-based methods, solving tasks
beyond the reach of either technique alone.
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1 Introduction

Search-based program synthesis automatically constructs programs
from specifications such as input-output examples or logical con-
straints. It has been applied successfully to tasks including data
wrangling [6, 9], invariant inference [31], program optimization [21],
end-user programming [39], and security [19]. While highly effec-
tive for small programs over domain-specific languages (DSLs),
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Figure 1: Overview of our distance-guided search algorithm.

its scalability is limited due to the combinatorial explosion of the
search space.

In contrast, large language models (LLMs) have demonstrated
remarkable scalability in generating large programs by predicting
code directly from specifications. However, this scalability comes at
the cost of reliability - LLM-generated programs often fail to satisfy
the specification, particularly when targeting unfamiliar DSLs.

The complementary strengths and weaknesses of search-based
synthesis and LLMs have motivated research that integrates the
two [2, 13, 27, 28, 41]. Search-based synthesis (when with a verifier)
ensures semantic correctness, while LLMs offer expressiveness
power. ! In such approaches, the synthesizer defines the DSL as
the target language, and the LLM generates candidate programs in
this DSL. Even if the LLM-generated solution is incorrect, it often
contains useful structural hints and can be used to guide the search
by prioritizing candidates close to the LLM output — under the
hypothesis that the correct program lies in its vicinity. However,
existing LLM-guided synthesis methods face three limitations.

First, there is no effective way to measure the similarity between
candidate programs and the LLM-generated solution to guide the
search. Based on the hypothesis that the LLM output is close to
the correct program, prior methods have used edit distance metrics
to explore candidates similar to the LLM solution first [26, 41].
However, computing edit distance metrics such as Levenshtein
distance is computationally expensive, making them impractical for
guiding search where many candidates (e.g., hundreds of thousands)
must be explored quickly.

Second, they lack a mechanism to adjust the level of confidence
in the LLM-generated solution. Existing approaches make one of
two assumptions: either (1) the LLM output is mostly correct and
can be directly reused without modification, or (2) it is largely
'f LLMs are with an external verifier, they can also ensure semantic correctness by
re-generating code until it generates a correct one. However, this approach may require

many attempts and thus can be inefficient when the LLM struggles with the target
DSL, as we observed in our experiments.
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incorrect but informative enough to train a surrogate model (e.g., a
probabilistic grammar) that indirectly guides synthesis. There is no
middle ground that allows flexible use based on confidence. Ideally,
we would use the LLM output directly when confident and use it
more loosely - e.g., as a search heuristic — when less certain.

Lastly, prior methods typically support only top-down or bottom-
up synthesis, not both. Top-down synthesis starts with a partial
program with missing parts (holes) and incrementally fills the holes,
while bottom-up synthesis composes programs from smaller ex-
pressions. Each has strengths and weaknesses, and bidirectional
synthesis — used in various systems [6, 14, 23, 24, 51] - has proven
effective. In bidirectional synthesis, the top-down search gener-
ates partial program candidates with holes, while the bottom-up
search generates components that can be used to fill in the holes
in the partial program candidates. A unified LLM-guided approach
supporting both strategies is thus desirable.

In this paper, we propose a novel distance-guided search algo-
rithm that leverages imperfect LLM solutions to guide both top-
down and bottom-up synthesis. As shown in Fig. 1, given a synthesis
task that cannot be easily solved by a synthesizer, we prompt the
LLM to generate candidate programs and iteratively refine them
with counterexamples. If the LLM still fails after several iterations,
its final output is used to guide the subsequent search.

In the top-down phase, we prioritize candidates structurally
close to the LLM output, using an anti-unification-based distance
metric. This metric is efficient to compute and captures structural
similarity better than expensive alternatives like tree edit distance
or Levenshtein distance, making it practical for guiding search over
large candidate sets.

In the bottom-up phase, we generate components whose distance
to some subexpression of the LLM output is within a threshold §.
This threshold controls how strictly the search should follow the
LLM guidance. However, standard bottom-up enumeration relies
on observational equivalence [46] to prune redundant components.
This pruning could eliminate components similar to the LLM output,
undermining the guidance. To address this, we introduce a novel
bottom-up enumeration strategy that incorporates pareto optimal-
ity with respect to distances to LLM subexpressions. This approach
retains components useful for LLM guidance while preserving the
benefits of equivalence-based pruning.

We implement our method on top of Tr1o [24], a bidirectional
synthesizer for recursive functional programs, and evaluate it on
80 synthesis tasks. Our experiments show that distance-guided
synthesis effectively combines the strengths of LLMs and search-
based techniques, solving problems that are challenging for either
approach alone. We also demonstrate that our metrics are cost-
effective and that our method outperforms previous approaches.
The contributions of this paper are summarized as follows:

e We propose a novel anti-unification-based distance metric that
efficiently measures structural similarity between candidate pro-
grams and imperfect LLM solutions to prioritize promising can-
didates during synthesis.

o We develop a new bottom-up enumeration algorithm that incor-
porates pareto optimality over distances to LLM subexpressions,
while preserving observational equivalence-based pruning and
enabling flexible confidence control via a distance threshold.
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e We propose a unified approach to guide both top-down and
bottom-up synthesis using LLM-generated solutions as flexible
hints.

e We implement our approach in Tr1o and evaluate it on 80 syn-
thesis tasks, demonstrating improved effectiveness over both
standalone and existing LLM-guided methods.

2 Overview

In this section, we give an overview of our method using the prob-
lem of synthesizing a recursive function that manipulates lists of
integers as an example.

Problem Specification. Given two lists of integers, we want to
synthesize a function that compares the elements of the two lists
at each index, gets the sum of the larger element at each index,
and adds any remaining elements from the longer list if one list is
longer than the other. For example, given the two lists [1, 2, 3]
and [0, 1], the function should return 6.

The specification for the problem comprises inductive data types
and helper functions that may be used by the target function to be
synthesized, and input-output examples that the target function
should satisfy. The following is the specification of the problem in
OCaml-like syntax:

(* Inductive data types *)
type cmp = LT | EQ | GT

(* Helper functions x)
:int) (x2 :
match x1 with
| @ -> (match x2 with @ -=> EQ | _ -> LT)
| _ -> (match x2 with @ -> GT

| _ => compare (x1 - 1) (x2 - 1))

let compare (x1 int) : cmp =

(* Input-output examples *)
[1 [e] -> o,
[1, 2, 31 [0, 1] > 6

Various approaches have been proposed to synthesize a recursive
function from such a specification, enabling diverse applications
such as end-user programming [18, 52], invariant inference [31].
and refactoring [16, 20].

Fig. 2a shows a solution to the problem. Because the function
involves complex nested pattern matching and recursion, it is dif-
ficult to synthesize even for the state-of-the-art synthesizers for
recursive programs [24, 29, 30] within 2 minutes.

We then use an LLM to generate a solution to the problem. 2
We prompt the LLM with the above specification and ask it to
generate a solution. Whenever the LLM generates a syntactically
invalid program or a program that does not satisfy the input-output
examples, we ask it to regenerate a solution. After a few attempts,
the LLM generates a solution as shown in Fig. 2b. However, a line-
by-line inspection of the solution reveals that it is incorrect for the
following reasons:

e It does not recursively call the function on the remaining ele-

ments when either list is empty (lines 6 and 9).

%In this example, we use the OpenAl GPT-40-mini model. In the evaluation, we use
more powerful models such as GPT-40 and 03-mini as well.
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(a) A solution to the synthesis specification

let rec f xy =
match x with
| [1->
match y with
| [1 >0
| n2 :: rest2 -> n2 + (f [] rest2)
: restl ->
match y with
| [1->n1 + (f restl [1)
| n2 :: rest2 ->
match (compare nl1 n2)
| EQ => n1 + (f restl
| GT => n1 + (f restl
| LT => n2 + (f restl

| n1

with

rest2)
rest2)
rest2)

1

o
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(b) Incorrect solution generated by an LLM

let rec f xy =
match x with

| [1->

match y with

| [1 >0

| n2 :: rest2 -> n2
| n1 :: restl ->

match y with

| [1->nl

| n2 :: rest2 ->

(compare n1 n2) + (f restl rest2)

Figure 2: Motivating example of our method. Incorrect lines in the LLM solution are highlighted in red.

e When both lists are non-empty, it causes a type error by adding
a cmp value from compare to an integer from the recursive call.
(line 11).

The LLM’s solution is not directly repairable through simple
edits, as two branches must be fixed and one added simultaneously
due to their mutual dependence. Nevertheless, it captures partial
structure, relevant operations, and key subexpressions, serving as
a noisy yet informative signal that guides the synthesizer toward
the correct solution.

We can observe that
e The overall structure of pattern matching is correct, as decisions

are made based on whether the two given lists are non-empty.

e Key subexpressions such as (compare n1 n2) (that can be used
as a scrutinee in the innermost pattern matching) and (f rest1
rest2) (that can be used for the recursive call) are present. Even
though some desired expressions are not present, there are similar
ones. For example, the expression (f [] rest2) in the correct
solution is similar to (f restl rest2) in the LLM solution.

Based on these observations, we can guide the synthesis process to

find a correct overall structure with missing parts and key subex-

pressions that can be used to complete the missing parts.

Existing Bidirectional Search-Based Synthesis. A popular search-
based approach to program synthesis is bidirectional search [6, 14,
23, 24, 51], alternating between top-down and bottom-up search.

In the top-down search, the algorithm starts from an incomplete
program with holes representing missing parts of the program,
and gradually fills the holes with subexpressions or more concrete
partial programs. During the search, input-output examples that
should be satisfied by holes are inferred and used to guide the
search. For example, in the top-down search for the above problem,
the algorithm starts with a program skeleton such as

let rec f x y = O

and refines the hole with a more concrete program such as

Listing 1: Example of partial program candidate

let rec f x y =
match x with
| [1 >

| n1 :: restl -> 0Oy

and infers input-output examples that should be satisfied by the
hole O; as [] [@] -> 0 and by the hole Oy as [1, 2, 3] [0,
1] -> 6. Then, each hole is further refined with another partial
program with generating new holes associated with inferred input-
output examples, or with a complete subexpression that satisfies
the input-output examples, which is generated by the bottom-up
search that will be described next. In addition to this refinement,
the top-down search also often prunes infeasible candidates that
cannot satisfy the specification no matter how the holes are filled.

The important aspect of the top-down search is that how to
pick candidates for further refinement is crucial for the efficiency
of the search. To tame the large search space, there have been
various approaches to explore promising candidates first, such as
using heuristics based on syntactic features of candidates [24, 33]
or statistical models [1, 3, 25].

In the bottom-up search, the algorithm starts from the smallest
expressions such as constants and variables and constructs larger
expressions by combining smaller expressions. For example, in the
bottom-up search for the above problem, the algorithm starts with
constants such as [] and variables such as f and x, and constructs
larger expressions such as (f x [1). Such expressions are used to
fill the holes in partial programs generated by the top-down search.

The important aspect of the bottom-up search is that redundant
expressions are pruned using the observational equivalence rela-
tion, which is a relation that two expressions are equivalent if they
produce the same output for all input examples. For example, let
variable n2 denote the first element of the list y. Then, the expres-
sions @ and n2 are observationally equivalent because they produce
the same output for all input examples (n2 always evaluates to 0
since the first element of the second input list is 0 in every case).
When n2 is generated after 0 is generated, the algorithm discards
n2. In this manner, only one representative for each observational
equivalence class is kept, which significantly reduces the number of
expressions to be considered in the bottom-up search. This pruning
is crucial not only for expediting the bottom-up search itself but
also for improving the overall efficiency of the bidirectional search
by reducing the number of component expressions for hole filling.
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How the top-down and bottom-up searches interplay in the
bidirectional search is various. For example, they may run in paral-
lel [14] or the bottom-up search is first run to generate components
and then the top-down search is run to fill holes with the generated
components [23, 24].

Based on the observations on the LLM solution, we propose a
distance-guided search algorithm that guides both the top-down
and bottom-up search with the LLM solution.

Anti-Unification-Based Distance Metric for Guiding Top-Down
Search. Since the LLM’s incorrect solution often contains a correct
overall structure despite some details being incorrect, we guide the
top-down search to prioritize candidates having a similar structure
to the LLM solution.

To this end, we use a distance metric based on anti-unification [40]
that can measure the structural similarity between two programs.
Anti-unification is a process that generalizes two programs by re-
placing their mismatched parts with variables and leaving only
common parts. For example, the anti-unification of the LLM solu-
tion in Fig. 2b and the correct solution in Fig. 2a is as follows:

let rec f xy =
match x with
| [ ->
match y with
| [1->0
| n2 :: rest2 > X
| nT :: restl ->
match y with
[ [1—>Y
| n2 :: rest2 > Z

where X, Y, and Z are variables that represent the mismatched parts
(often called pattern variables). Then, the distance from program
Py to another program P, is defined as the size of the expressions
in P; corresponding to the pattern variables X, Y, and Z (i.e., the
mismatched parts in P;), which is measured by the number of nodes
in the abstract syntax tree (AST) of the expressions.

A complication that arises here is that partial program candidates
generated by the top-down search may have holes in contrast to
the LLM solution, which is a complete program. Because holes
are not concrete expressions, they cannot be directly compared
with expressions in the LLM solution. To address this, we deal with
holes by treating them as placeholders that can be filled with any
expression. For example, the anti-unification of the partial program
in Listing 1 and the LLM solution in Fig. 2b is the partial program
itself. Because we optimistically assume that the holes can be filled
in a way that minimizes the distance to the LLM solution, the holes
are not replaced with pattern variables in the anti-unification.

During the top-down search, we use the distance metric to pick
a candidate that is most similar to the LLM solution among can-
didates to be explored next. This way, we can guide the search to
explore candidates that are structurally similar to the LLM solution
first, which is likely to lead to a correct solution. In addition to
preserving the common structure, another important benefit of
this anti-unification-based metric is that it can be done efficiently
with a linear time complexity with respect to the size of programs
being compared, which is crucial for our purpose since millions of
candidates are explored during the top-down search.
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Similarity-Based Guidance for Bottom-Up Search. In the bottom-
up search, we guide the search to generate components that are
similar to the LLM solution.

We define a similar component as a component having an edit
distance to a subexpression of the LLM solution that is smaller than
a user-provided threshold §. This threshold controls how confident
we are about the LLM solution is correct. The distance is measured
by the anti-unification-based distance metric described above.

Unfortunately, how to apply the observational equivalence prun-
ing while generating only similar components is not straightfor-
ward. Suppose we perform the bottom-up search as usual with only
difference that we discard any components that are not similar to
the LLM solution. Then, the search may discard a component that
may be used to construct a larger component that is similar to the
LLM solution. For example, suppose J is set to 1 (meaning that we
only generate components that appear in the LLM solution) and we
enumerate the component @. The LLM solution has a subexpression
0. Therefore, the edit distance of 0 is 0, which is smaller than the
threshold . Then, the component 0 is kept. Next, we enumerate
the component n2. n2 is discarded because it is observationally
equivalent to @. Then, we never be able to construct compare n1
n2 but just compare n1 @ because n2 was discarded. compare n1
0 has an edit distance of 1 because the closest subexpression of the
LLM solution is compare n1 n2, which has an edit distance of 1
from compare n1 0. Thus, we cannot construct compare n1 n2
that should have been generated by the bottom-up search because
its edit distance is smaller than the threshold é.

To address this issue of search incompleteness, we propose a
new bottom-up search algorithm based on the notion of pareto
optimality. We first extract all subexpressions of the LLM solution:
[0,n2,n1,x,y,...] and whenever we enumerate a component, we
compute edit distances of the component to all subexpressions of
the LLM solution. For example, for the component n2, the list of
edit distances to the subexpressions is [1,0,1,1,1,...] and for the
component 9, the list of edit distances is [0,1,1,1, 1,...]. When we
enumerate a component, we keep it not only when it is unique (i.e.,
no other component is observationally equivalent to it), but also
when it is pareto optimal with respect to the list of edit distances.
A component is pareto optimal if there is no other component that
has a smaller edit distance to all subexpressions of the LLM solution.
For example, n2 is kept because even though it is observationally
equivalent to 0, since there is no other component that has a smaller
edit distance to all subexpressions of the LLM solution.

This way, we can ensure that the search never misses a compo-
nent that is similar to the LLM solution while enjoying the benefits
of the observational equivalence pruning, which we have formally
proved in the paper.

With the incorrect LLM solution and the top-down and bottom-
up search guidance methods based on the novel anti-unification-
based distance metric, we can successfully synthesize a correct
solution within 6 seconds.

3 Problem Definition

In this section, we define the problem of guiding program synthe-
sis with incorrect LLM solutions. We first introduce preliminary
concepts and then define a generic program synthesis algorithm
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based on top-down search and bottom-up search, which is often
called bidirectional search. Lastly, we define the problem of guiding
this algorithm with LLM solutions.

3.1 Preliminaries

Terms. A signature ¥ is a set of function symbols each of which
has an arity. A constant is a special function symbol of arity 0 (i.e., a
nullary function symbol). Let V be a set of variables. A term over
and V is inductively defined; a variable is a term, a constant symbol
is a term, and if f € ¥ is a function symbol of arity n and t1, ..., t,
are terms, then f(#1,...,t,) is also a term. The size of a term is the
number of function symbols and variables in it, and we use |¢| to
denote the size of a term ¢t. We use subterms(t) to denote the set of
all subterms of a term ¢ (including ¢ itself). We often use the term
program or expression interchangeably with a term.

Context-Free Grammar. A context-free grammar G is a tuple
(N, %, R, S) where N is a set of non-terminal symbols, X is a set of
terminal symbols, R is a set of production rules, and S € N is the
start symbol. Each production rule is of form A, A;,---,Ax € N,
f € T and arity(f) = k.3 A sequence symbols containing at least
one non-terminal symbol is called a partial program, and a sequence
of terminal symbols is called a complete program. A program P’ is
derived from another partial program P in one step if there exists a
production rule A — « in R such that P’ can be obtained from P
by replacing a non-terminal symbol A in P with a. We say that a
partial program P’ is derived from a partial program P if P’ can be
obtained from P by applying a sequence of production rules in R.
We use L(N) to denote the set of all complete programs that can be
derived from a nonterminal symbol N in G. The language of G is
defined as L(G) = L(S), which is the set of all complete programs
that can be derived from the start symbol S in G.

Program Synthesis. A program synthesis task is defined as a tuple
(G, ®) where G = (N, %, R, S) is a context-free grammar and @ is a
specification of the desired program. A specification @ is a logical
formula that describes the properties that the synthesized program
should satisfy. Input-output examples, pre- and post-conditions are
common forms of such specifications. We say that a program P
satisfies @ (denoted P |= ®@). A program synthesis algorithm takes
a program synthesis task (G, ®) and returns a complete program
P € L(G) such that P |= @ if such a program exists.

Anti-Unification. A substitution o = [x1 > t1,--- ,xp b I] is
a mapping from variables in V to terms over X. We write o(t) to
denote the term obtained by applying the substitution ¢ to term ¢.

A term t is more general than another term ¢/, written ¢t C ¢,
if there exists a substitution o such that ' = o(¢). For example,
f(x,1) C f(2,1) because we can apply the substitution [x > 2] to
f(x,1) to obtain f(2, 1). The relation L is a partial order on terms,
which is reflexive, transitive, and antisymmetric.

The anti-unification of two terms t; and 2 (denoted t; Ll t2) is
a term ¢ such that ¢ is the least general term that is more gen-
eral than both #; and #o, i.e., t C t and 3 C t. For example, the
anti-unification of f(x, 1) and f(1,y) is f(x,y), which is the least
general pattern that is more general than both f(x, 1) and f(1,y).

3This grammar is actually a regular tree grammar, but we stick with the more familiar
context-free grammar for simplicity of presentation.
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Algorithm 1 Bidirectional Search-Based Synthesis

Require: A synthesis task (G = (N, 2, R, S), D)
Ensure: A solution program P € L(G) that satisfies ®
1: procedure SYNTHESIS(G, D)

22 C:=0 >C: P (L(G))
3 n:==1

4 repeat

5: C := BortomU?P (G, n)

6: Q = {S}

7: while Q is not empty do

8 P :=Pick(Q)

9 Q:=0\{P}

10: if P is partial then

11: Q = QUREFINE(P,R,C)
12: else

13: if P |= @ then return P
14: end if

15: end while
16: n:=n+1

172 until the budget is exhausted
18: end procedure

Computing the anti-unification of two terms can be done by a sim-
ple top-down traversal of the two terms, replacing any mismatched
subterm by a new fresh variable.

3.2 A Generic Program Synthesis Algorithm

We consider a generic synthesis algorithm that uses top-down
search and bottom-up search (often called bidirectional search)
to synthesize a program from a context-free grammar G and a
specification ®.

Algorithm 1 describes the algorithm that takes as input a context-
free grammar G and a specification ® and returns a solution if
it exists. The algorithm maintains a component set C containing
complete terms that can be used to complete partial programs.
The components are generated by the BorromUP function (line 5)
which generates components of size < n from the grammar G. The
size limit n is initialized to 1 (line 3) and is increased by 1 at the end
of each iteration (line 16). The inner loop from lines 7 to 15 performs
the top-down search. At every iteration, a candidate program P is
picked from the queue Q (line 8), and if P is partial, it is refined by
the ReFINE function (line 11) which generates a set of candidate
programs that can be explored in the next iteration. To guarantee
termination, the REFINE function returns the empty set if the size of
P exceeds a certain limit. Bounding the search space is a common
practice in synthesis [24, 29, 30]. If no complete program during
the search satisfies the specification @, the algorithm increases the
size limit n and repeats the process with more components of size
<n.

Note that the BorromUp that performs bottom-up enumera-
tion applies the observational equivalence pruning. It constructs the
smallest components first and then combines them to form larger
components. During the process, only either one of two compo-
nents e and e’ that are equivalent to each other with respect to the
specification ® (denoted e =¢ €’) is kept in C. For example, if ® is a
set of input-output examples, e =¢ €’ if e and ¢’ generate the same
output for all input examples in .
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The algorithm is general enough to cover not only bidirectional
algorithms [6, 14, 23, 51] but also the ones solely based on top-
down [25, 29] or bottom-up search [3, 30, 46] by disabling either
one of the two search strategies.

3.3 Guiding Program Synthesis with LLM
Solutions

Now we define the problem of guiding the synthesis algorithm with
incorrect LLM solutions. Suppose we have a synthesis task (G, @)
which is challenging to solve with Algo. 1 within a given budget. We
assume that we have access to a large language model (LLM) £ that
can generate a solution P s to the task. Suppose P s is incorrect. It
is known that even if LLMs generate incorrect solutions, the correct
solutions are often in the vicinity of the incorrect solutions. Based

on this observation, we aim to guide the search of Algo. 1 using P s

as a hint by modifying the P1ck function (line 8) and the BorromUp

function (line 5).

Suppose we have a distance function dist that computes the
distance between two programs and a similarity function sim that
computes the similarity between two programs.

The P1ck function for guiding the top-down search should satisfy
the following condition:

o Prioritization: Let P = P1ck(Q) where Q is a set of partial or
complete programs. Then, there exists a program P’ that can be
derived from P such that sim(P’, Ps) is maximizes among all
programs that can be derived from partial programs in Q.

The BorToMUP function for guiding the bottom-up search should

satisfy the following conditions:

e Proximity: Let C = BortoMUP(G, n) for a size limit n. Then,
for every component e € C, there exists a subexpression e’ €
subterms(P ) such that dist(e,e’) < & where § is a distance
threshold that can be set by the user (denoted e ~5 P ).

e No redundancy: No two components should be equivalent to
each other with respect to the specification @ (i.e., Ve, e’ € C, if
e=¢ e, thene=¢).

e Completeness: For every complete programe € L(G) of size < n
that is similar to a subexpression of Py, there exists a component
in C that is equivalent to e with respect to the specification .
Formally,Ve € L(G). l[e] <nAexgPy = Je’ €C.e =g ¢’
In the next section, we present our algorithms for these two

functions that satisfy the above criteria.

4 Our Algorithm

In this section, we present our design of the Pick and BottomUp
functions that guide top-down and bottom-up search respectively
using an incorrect LLM solution P s. Throughout this section, we as-
sume that the LLM solution P s is a global variable that is accessible
to both functions.

4.1 The Pick Function for Top-Down Guidance

The P1ck function is used to select a promising candidate program
to be explored first from a set of candidates Q. The function is
defined as follows:

P1ck(Q) def argmax sim(P,Py)
PeQ
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where sim(P, P y) is a function that measures the similarity between
a candidate program P and the LLM solution P ;. The similarity
function is defined as follows:
2% (|Pg| - dist(P,Py))

[Pl +1P £l
where dist(P, P) is a distance function that measures the distance
between the two programs P and P y. The distance function returns
a value between 0 and |P |, where 0 means that the two programs
are identical and |Pz| means that they are completely different,
thereby making the similarity function also return a value between
0 and 1.

There are many ways to measure the distance between two
programs, such as tree edit distance [36, 37] or even string edit
distance if the programs are represented as strings. However, these
methods are not suitable for our purpose because they are not
efficient enough to compute during the synthesis process. The dist
function is invoked as many as the number of candidate programs
explored during the synthesis process, which can be very large
(e.g., millions). The tree edit distance has a cubic complexity in the
worst case, and the string edit distance has a quadratic complexity
in the worst case. These complexities are too high to be used in our
synthesis algorithm as will be shown in Sec. 6.

We use anti-unification to measure the distance between two
programs. Computing the anti-unification of two terms can be done
in linear time with respect to the size of the two terms. The distance
function is defined as follows:

dist(P,Pz) = > |o(x)]

xeV

sim(P,Py) =

where ¢ is a substitution such that ¢(P U* Py) = P, and U" is
the anti-unification operator that computes the anti-unification
of two terms considering nonterminal symbols. Since nonterminal
symbols are placeholders that can be replaced with any term, we
should regard them as wildcards that can match any term. The new
anti-unification operator LI* is defined as follows:

fu U tar, ..., t1n U t2n) (1= f(t11,. .5 tin)s
t2 = f(ta1, .., t2n))

def
Ut =y (h €N)
t2 (t2 € N)
a fresh variable x (otherwise)

Theorem 1. The PIck function satisfies the prioritization condi-
tion.

PRrROOF. Available in the supplementary material. O

4.2 The BottomUp Function for Bottom-Up
Guidance

Algo. 2 describes our bottom-up enumeration algorithm. The algo-
rithm takes as input a context-free grammar G and a size limit n
and returns C containing components similar with respect to the
LLM solution P .

To define what similar components are, we begin with the fol-
lowing definition:

DEFINITION 2 (DISTANCE PROFILE). The distance profile of a term
t is defined as follows:

profile(t) = [dist(t1,t), dist(ta, t), ..., dist(tm, t)]
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Algorithm 2 Our Bottom-Up Enumeration Algorithm

1: procedure BorToMUP(G = (N, X, R, S), n)

2 C=0

3 k=1

4 repeat

5: forall A— f € Rdo

6 E:={ple1/A1,....em/Am] | ei € C,A; € N, A; in B}
7 forall e € E do

8 ifeg L(A)V |e| > kV (e #5 P#) then continue
9: if unique(e, C,®) V pareto(e, C) then
10: C:=CuU{e}
11: end if
12: end for
13: end for
14: k=k+1

150  untilk > n

16:  C := REMOVEREDUNDANT(C)
17: return C

18: end procedure

where dist(t,t’) is the distance between t and t’ as defined in Sec. 4.1
andt; is thei-th element of subterms(P p), which is the list of subterms
of the LLM solution P s .

DEFINITION 3 (SIMILAR COMPONENTS). For a given § as a maxi-
mum edit distance threshold, a component e is similar with respect to
P (denoted e ~5 P r) iff v € profile(e). v < 6.

We say a profile p is less than or equal to a profile p” (denoted
p < p’)ifforall i, p; < p!. Based on this partial order, we define
the notion of pareto-optimality as follows:

DEFINITION 4 (PARETO-OPTIMAL COMPONENTS). Given a set of
terms C, a component e is pareto-optimal (denoted pareto(e, C)) iff
there is no other component e’ € C such that profile(e’) < profile(e).

Lemma 5. Suppose we have e, e’ € L(G) such that profile(e) <

profile(e’) and|e| < |e’|. Then, forevery termt € L(G), profile(t[e/e’])

< profile(t) where t[e/e’] is the term obtained by replacing every
occurrence of ¢’ withe int.

PROOF. Available in the supplementary material. O

The following theorem states that a non-pareto-optimal compo-
nent e’ that is equivalent to another pareto-optimal component e
with respect to the specification ® can be replaced by the pareto-
optimal component if e is not larger than e’.

Theorem 6. For a synthesis task with a grammar G and a speci-
fication ®, suppose we have two terms e, e’ € L(G) such thate =g ¢’,
profile(e) < profile(e’), and |e| < |e’|. Then, for everyt € L(G)
containing e’ such thatt ~5 P g, t[e/e’] ~5 Py andtle/e’] =¢ t
where t[e/e’] is the term obtained by replacing every occurrence of
e withe int.

PRroOF. Available in the supplementary material. O

Now we are ready to explain our BottomUp function described
in Algo. 2. The algorithm starts with the initial set of components
C which is empty at the beginning (line 2). The algorithm then
iterates over the production rules of the grammar G (line 5) and
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generates a set E of new component candidates by replacing non-
terminal symbols in the right-hand side of each production rule
with components from C (line 6). If e € E cannot be derived from
the nonterminal symbol A (i.e., e ¢ L(A)), or if the size of e is larger
than k which is the current size limit, or if e is not similar with
respect to Py (i.e., e #5 Pg), then it is discarded (line 8). If e is
unique with respect to the specification @ ( i.e., there is no other
component e’ € C such that e’ =¢ e), or if e is pareto-optimal with
respect to the components in C (line 9), then e is added to the set of
components C (line 10). This process is repeated until the size limit
n is reached (line 15). Finally, the algorithm removes redundant
components from C (line 16) (i.e., among multiple components that
are equivalent to each other with respect to the specification ®, only
one is kept) and returns the set of components C (line 17). The crux
of the algorithm is to add pareto-optimal components even if they
are not unique with respect to the specification @ (line 9). This part
is for the completeness condition, which ensures that we do not
miss any component that is similar with respect to Pz during the
bottom-up enumeration. The completeness condition is guaranteed
by the theorem above. If the component e does not satisfy the con-
dition at line 9, that is, there exists another component ¢’ € C such
that e =¢ €’ and profile(e’) < profile(e). Because we enumerate
components in a bottom-up manner, e’ that is generated before e
must be smaller than or equal to e in size. By the previous theorem,
we can guarantee that e’ can be used in place of e in any program
that contains e. Therefore, we can discard e and keep e’ in the set
of components C to ensure that we do not miss any component
similar to the components of the LLM solution P /.

The following theorem states that the algorithm satisfies the
three conditions mentioned above.

Theorem 7. The BottomUp function satisfies the proximity, no
redundancy, and completeness conditions.

ProoF. Available in the supplementary material. O

4.3 Working Example

In this section, we illustrate the interaction between the Picx and
BorToMUP functions through a simple example.

Given two integers x and y, suppose we wish to synthesize a
function that returns their maximum. The specification ® provided
to Algorithm 1 consists of three input-output examples: -1 @ ->
0,0 0 -> 0,and 1 @ -> 1. The desired solution is:

match compare x y with LT -=>y | EQ -> x | GT -> x

Suppose the LLM-generated solution P s is: compare x y

The input grammar G for Algorithm 1 includes production rules
for generating match expressions, function calls to compare, the
parameter variables x, y, and the constant 0. We set the maximum
edit-distance threshold ¢ to 1. The list of subterms of P, is:

[compare, x, y, compare x y].

We first illustrate how the BorTomUP function operates. Suppose
that, in line 5 of Algorithm 1, it is invoked to generate compo-
nents for bottom-up guidance with n = 3. The function initial-
izes C as an empty set (line 2 in Algorithm 2) and begins gener-
ating components of size 1 (line 3). The first component, X, has
distance profile profile(x) = [1,0, 1, 1]. Since some element is < §,
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we have x =5 P s, and it is added to C. Next, 0 is generated with
profile(0) = [1,1,1,1] and added similarly. Then, y is generated
with profile(y) = [1,1,0,1]. Although y =¢ @ (both return 0 for
all inputs), it is Pareto-optimal since profile(®) is strictly greater
and profile(x) is incomparable. Thus, y is also added to C. After
completing the size-1 generation, C = {x, 0, y}.

Next, k is incremented to 3 (line 14), and the BortomUP func-
tion generates compare x x. Its profile profile(compare x x) =
[3,3,3,1] has a value < §, where the last element is 1 since dist(
compare X y,compare X X) = Y ey |o(x)| witho =y +— x. Thus,
compare x x =5 P, and, being unique under ®, is added to C.
Then, compare x y is generated with profile(compare x y) =
[3,3,3,0]; it also satisfies ~5 and is added to C. The next candi-
date, compare @ x, has profile(compare @ x) = [3,3,3, 2] with no
entry < §, so it is discarded (line 8). Continuing this process, the
loop (lines 4-15) yields C = {x,y, 9, compare x x,compare X Y,
compare x 0}. After applying REMOVEREDUNDANT (line 16), where
compare x y =¢ compare x @andy =¢ 0, only compare x yand
y remain. Hence, the final component set is

C = {x,y, compare x x,compare X y}.

This final C is returned for bottom-up guidance in the subsequent
top-down search (line 5).

Now suppose the P1ck function (line 8 in Algorithm 1) is invoked
to select a partial program from the queue Q during the top-down
search. Assume Q contains two partial programs:

{P; = match compare x y with LT ->0O¢ |EQ ->Oy | GT ->0Os,

P, = compare Op Oz}

P, is closer to the LLM solution Py than Py, with dist(P;,Py) =3
and dist(P2,Pz) = 0 (" P, U™ compare x y = compare (07 U*
x) (O U* y) = compare O; Oy, introducing no fresh variables).
Hence, P1ck selects P2 and refines it by filling 0 and Oy with
components from C or other partial programs under grammar G.

Suppose Oy is instantiated with x and y, producing P21 = compare x Oz

and Pyy = compare y Oy. Their distances are dist(P21, P ) = 0 and
dist(P22, Pr) = 1. Since both are closer to P than Pj, they are
prioritized in subsequent iterations of the top-down search.

As this process continues, all candidates derivable from P; are
eventually explored without discovering the desired solution (after
finitely many iterations, since the search space is bounded). At that
point, the queue Q contains only P;. The P1ck function then selects
P; and proceeds to refine it by filling the holes 0Oy, Og, and O3 using
components from C and other partial programs. Ultimately, the
desired solution is obtained by instantiating these holes with y, x,
and X, respectively.

Thus, the P1ck function favors partial programs structurally simi-
lar to the LLM solution P s (e.g., P2), yet preserves exhaustiveness of
the top-down search by eventually exploring structurally different
candidates (e.g., P1).

5 Implementation
5.1 The Underlying Synthesis Tool

We applied our approach to Tr1o, a tool that synthesizes recur-
sive functional programs from input-output examples [24]. TrIO
takes algebraic data-type definitions, a library of usable functions,
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and input-output examples, and synthesizes a recursive program
consistent with those examples.

The DSL underlying Tr1o resembles core ML, supporting alge-
braic data types, pattern matching, and higher-order functions (the
full DSL appears in the prompt template later in this section). We
implemented our P1ck and BorToMUP functions on top of Tr1o and
built GurpeSyn,* which guides Trio using LLMs. Tr1o normally
ranks candidates using a syntactic cost function and performs stan-
dard bottom-up enumeration. We replace these mechanisms with
our Pick function, which selects the candidate most similar to the
LLM solution P s, and our BortomUP function, which generates
components guided by P, using a gradually increasing .

5.2 LLMs and Prompting

For LLM solutions, we use the OpenAl GPT-40-mini [44], a light-
weight general-purpose model, GPT-40, a more capable general-
purpose model, and 03-mini, a reasoning model that performs better
on reasoning tasks such as programming, DeepSeek-Coder-V2 [53],
an open-source model fine-tuned for code generation, and Gemini-
2.5-Flash [11], a cost-efficient closed-source model. Our goal of
using these models is understanding the impact of quality of LLM
solutions on the performance of our algorithm.

When invoking the LLM, we use the following prompt template:

Prompt Template

You are a code generator for an ML-like functional language. You must
strictly follow all the constraints below.

Constraints:

e Output only code. No comments or explanations.

Here’s the ML-like language.

P ::= let rec (f:t) = fun (x:t) > e

e::=x | (ee) | k(e, ..., e | Un_k(e, ..., e) | e.n
| (e,...,e) | match e with bs

bs ::=p ->e | bs '"|"p->e

where f is a function name, t ranges over data types, k ranges over data
type constructors, Un_k denotes a destructor which extracts all the subcom-
ponents of a constructor application of k as a tuple, ...

Give me a single recursive function f in the above language that uses the
following types and helper functions

{Types and helper functions}

and of type {Type} that satisfies the following input-output examples:
{Input-output examples}

Types and helper functions, Type, and Input-output examples
are filled with the algebraic data-type definitions, the target func-
tion’s type, and the examples, respectively. We use a one-shot struc-
tured prompt [4] that assigns the model a code-generation role
and constrains outputs to the Trio DSL, leveraging role-based [45]
and grammar-based [48] prompting to ensure syntactic validity. A
natural question is why we do not ask LLMs to generate code in
more high-resource functional languages such as OCaml or Haskell
and then translate it to the Trio DSL. The issue is that such trans-
lation is unreliable: in our experiments, GPT-40-mini, GPT-40, and
03-mini produced nontranslatable OCaml code for 28, 28, and 34 of
the 80 tasks, often using unsupported operators, external libraries,

“Tool is available at https://github.com/pslhy/guide_syn_artifact
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or syntax (e.g., nested function definitions). Thus, we ask LLMs
to generate code directly in the Trio DSL, which works far more
robustly in practice.

6 Evaluation

We evaluate GUIDESYN to answer the following research questions:

RQ1: How effective is our approach in guiding program synthesis
across different LLMs?

RQ2: How do our top-down and bottom-up guidance methods con-
tribute to synthesis performance individually and in combination?
RQ3: How does GUIDESYN perform if it is equipped with other
possible alternative guidance methods?

All of our experiments were conducted on Linux machines with
Intel Xeon 2.9GHz CPUS, 256GB of memory and NVIDIA RTX
A6000x2 GPUs, running Ubuntu 20.04.6 LTS. We set the timeout
limit to 120 seconds for each synthesis task.

6.1 Experimental Setup

Benchmarks. We use 80 tasks of synthesizing recursive func-
tional programs. 60 out of 80 tasks are from the evaluation bench-
mark of Trio [24], and we devise 20 additional tasks. We added
new tasks because the original 60 were too easy for unguided Trio
(59/60 solved). To better evaluate GUIDESYN on harder problems
requiring LLM guidance, we selected 20 additional tasks from a
functional programming course at our institution, choosing only
assignments without publicly available solutions to avoid contami-
nation. These tasks involve recursion, higher-order functions, and
data-structure manipulation (lists, trees, automata). The detail can
be found in the supplementary material.

Tool Setup. We have implemented GUIDESYN on top of Trio [10,
24]. 5 For each task, we run Tr1o for a second, and if it does not fin-
ish, we stop it considering the problem possibly challenging. ® We
then invoke an LLM to generate a solution candidate. We prompt
each LLM until it generates a correct solution up to a maximum of
3 attempts. ’ Whenever an LLM generates a syntactically wrong
program, we ask the LLM to regenerate a solution by pointing
out the syntax error. If the LLM generates a syntactically correct
program but it does not satisfy the input-output examples, we pro-
vide input-output examples violated by the program as feedback to
the LLM asking it to regenerate a solution. This feedback resem-
bles counterexample-guided inductive synthesis (CEGIS) except
that we do not use a synthesizer but rather use the LLM to gener-
ate a solution candidate at each iteration. There is no guarantee
that the feedback will lead to a better solution. So we use the best
STr1o employs a block-based pruning technique that discards infeasible partial pro-
gram candidates. This pruning is eventually sound: it may initially prune feasible
candidates with insufficient components, but preserves all feasible ones once enough
components are generated. We disable this pruning in our implementation to avoid
interactions with our guidance methods and focus on their pure effect.

SPrior synthesis work shows most successes occur quickly: TrRro 91% [24], Burst
80% [30], Smyth 87% [29] within 1s. Raising the cutoff (e.g., to 30s) barely changes
the “challenging” set but significantly increases runtime. Switching to LLM-guided
synthesis after 1s is therefore cost-effective.

7We set the maximum number of feedback iterations to be 3, which we found to offer

the best trade-off between performance and cost. Further iterations yield marginal
benefit, consistent with prior findings [12, 15].
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Methods Models # Solved (Variance) # LLM Calls Time (s)
gpt-40-mini 48.8 (0.2) 152.2 2.8
gpt-40 62.4(2.3) 133.6 2.3
LLM Only 03-mini (gpt) 68.2 (6.2) 139.0 183
DeepSeek-Coder-V2 39.6 (5.2) 168.8 9.3
gemini-2.5-flash 67.8 (12.7) 129.2 26.0
w/ gpt-4o-mini 51.4 (2.8) 289.2 18.7
w/ gpt-40 66.8 (4.2) 247.0 24.4
THINKREPAIR )/ 03 mini (gpt) 71.2 (1.9) 233.2 100.2
w/ DeepSeek-Coder-V2 41.4(2.3) 303.6 52.6
w/ gemini-2.5-flash 69.2 (3.2) 266.6 149.1
w/ gpt-4o-mini 71.6 (1.3) 58.4 29
w/ gpt-4o 74.0 (3.5) 425 3.6
GuideSyn w/ 03-mini (gpt) 78.4 (0.8) 45.0 8.4
w/ DeepSeek-Coder-V2 66.0 (1.0) 65.4 8.4
w/ gemini-2.5-flash 76.6 (1.3) 434 10.8
Unguided - 68.0 (=) - 3.7

Table 1: Evaluation of LLM only, GuideSyn, and Unguided
methods (averaged over 5 runs, 80 benchmarks).

solution generated during the 3 attempts. As LLMs, as already men-
tioned in Section 5, we use GPT-40-mini, GPT-40, and 03-mini,
DeepSeek-Coder-V2, and Gemini-2.5-Flash as LLMs. 8 Lastly, we
set the threshold § to 5, meaning that only components with a
distance of 5 or less from the LLM solution are considered during
the bottom-up search.

Baselines. We compare GUIDESYN with the following baselines:

o LLM-Onry-model: These baselines use LLMs as standalone syn-
thesizers. We prompt each model up to three times per task, and
tasks unsolved after three attempts are marked as failures. Solv-
ing time is measured as the latency for each model to generate
a solution, but since this depends on provider-specific serving
conditions, the reported times are approximate.

o UNGUIDED: We use the TRrIO program synthesizer as is without
any LLM guidance.

o THINKREPAIR: We use THINKREPAIR [50], a state-of-the-art LLM-
based automated program repair tool. We use it to repair incorrect
programs generated by LLM-ONLy for each synthesis task. Be-
cause THINKREPAIR usually takes long time to repair a program,
we let it run until it exhausts five repair attempts per task without
a time limit.

6.2 Effectiveness of GUIDESYN

Table 1 summarizes the results. Each experiment is repeated 5 times,
and we report the average number of solved tasks with variance
in parentheses. The results show that the synergistic combination
of the existing synthesizer and LLMs is more effective than using
either alone. UNGUIDED solves 68 out of 80 tasks, while LLM-ONLY
with gpt-40-mini, gpt-40, 03-mini, DeepSeek-Coder-V2, and gemini-
2.5-flash solves 48.8, 62.4, 68.2, 39.6, and 67.8 tasks on average,
respectively. In contrast, GUIDESYN with the same LLMs solves 71.6,
74.0, 78.4, 66.0, and 76.6 tasks, consistently outperforming both
LLM-ONtyY and UNGUIDED across most models. The only exception
is DeepSeek-Coder-V2 (relatively outdated), where GUIDESYN is
slightly less effective than UNGUIDED due to the lower quality of
LLM outputs. Compared to UNGUIDED, GUIDESYN solves 3.6, 6.0,
10.4, and 8.6 more tasks with gpt-40-mini, gpt-40, 03-mini, and

8We use models with the temperature set to 1.0, which is the default value.
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gemini-2.5-flash, respectively. Furthermore, GUIDESYN significantly
surpasses the state-of-the-art LLM-based repair tool THINKREPAIR,
solving 20.2, 7.2, 7.2, 24.6, and 7.4 more tasks with the five LLMs,
respectively. These results indicate that simple repair of LLM out-
puts is insufficient: LLM-generated incorrect programs are often
too far from the target to fix directly. By contrast, GUIDESYN ’s
synthesis engine bridges this gap, discovering correct programs
beyond the reach of repair-only methods.

1600 —&— Unguided (solved = 68)
—=— W/ 03-mini (solved = 79)
14001 —— w/ deepseek-coderV2 (solved = 65)
w 1200 —&— w/ gemini-2.5-flash (solved = 75)
o only 03-mini (solved = 70)
€ 1000 only deepseek-coderV2 (solved = 39)
= only gemini-2.5-flash (solved = 66)
800+
3
= 600 1
c
u>3~ 400
2004
04 @t

0 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80
# Solved (total = 80)

Figure 3: Comparison between GUIDESYN, LLM-ONLY, and
UNGUIDED (with GPT-40-mini and 40 omitted for clarity).

Fig. 3 shows the cactus plot of the cumulative solving time of
each synthesizer, with the x-axis representing the number of prob-
lems solved and the y-axis representing cumulative solving time in
seconds. A line closer to the x-axis indicates better performance.
GuIDESYN with LLMs outperforms LLM-ONLY in both the number
of solved tasks and solving time, demonstrating synergy between
the synthesizer and LLMs: easy tasks are solved quickly by the
synthesizer, while harder ones are asked to LLMs. When LLM:s fail,
our guided synthesizer can still solve most tasks using their incor-
rect solutions. GUIDESYN also surpasses UNGUIDED, except with
03-mini, where it is slightly slower due to longer response time.

Answer to Q1: Our approach is effective in guiding program
synthesis across different LLMs. It enables to solve more tasks
than the synthesizer alone, the LLMs alone, and the state-of-the-art
LLM-based program repair tool no matter which LLM is used.

6.3 Ablation Study

We evaluate how much benefit GUIDESYN gains from the top-down
and bottom-up guidance methods using OpenAI models. With only
top-down guidance, GUIDESYN solves 2, 4, and 9 more tasks than
UNGUIDED using 40-mini, 40, and 03-mini, respectively. With only
bottom-up guidance, the improvements are 0, 3, and 8 tasks. When
both methods are combined, GUIDESYN achieves gains of 5, 8, and
11 tasks, respectively.

Answer to RQ2: Both of the guidance methods are crucial for
the performance of GUIDESYN, and the synergy between the two
guidance methods is effective in solving more tasks.

6.4 OQualitative Analysis of LLM Guidance

To see how GUIDESYN benefits from LLM guidance, we examine
two representative examples that highlight the effectiveness of each
guidance method.
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Methods Solved Time (s)
40-mini 40 03-mini 4o-mini 40 03-mini
Unguided 68 68 68 3.7 3.7 3.7

+ Top-Down Guidance 70 (12) 72(14) 77(19) 2.7 1.5 7.9
+ Bottom-Up Guidance 68 (10) 71(13) 76(18) 2.0 1.6 17.1
+ Both Guidance 73(15) 76(18) 79(111) 31 24 89

Table 2: Ablation Study on Guidance Methods.
Top-down Guidance. For the expr_b task where the goal is to

synthesize a function f that evaluates logical formulas, the LLM
(GPT-40-mini) generates the following incorrect program:

let rec f (x :
match x with

BOOL b -> b

NOT p -> not (f p)

ANDALSO (p, @) -> (f p) && (f q)

ORELSE (p, @) -> (f p) || (f @)

IMPLY (p, @) => (f p) | (f @

The incorrect line (in red) should be not (f p) || (f q). While the
unguided version of GUIDESYN fails to find the solution within the
time limit, However, with top-down guidance, GUIDESYN quickly
converges to a partial program candidate with the IMPLY branch
as a hole and the rest filled in as per the LLM output because the
candidate is structurally very similar to the LLM-generated program.
Then, GUIDESYN fills the hole to produce intended solution.

formula) : bool =

Bottom-up Guidance. Even when the LLM-generated solution
is structurally dissimilar to the intended program, GUIDESYN can
still synthesize the correct solution through bottom-up guidance.
For example, in the 1ist_zigzag task, where the goal is to synthe-
size a function f that generates a list by alternating elements from
two input lists x and y, LLM (GPT-40-mini) produces an incorrect
program with a wrong recursive call: x: : (f ys xs) instead of the
correct x: :y:: (f xs ys), where xs and ys are the tails of x and y,
respectively. Our bottom-up guidance enables GUIDESYN to gener-
ate the correct recursive call by mutating the LLM-generated sub-
expression (the distance between x: : (f ys xs) and x::y:: (f xs
ys) is 3, within the similarity threshold 6=>5). Thus, GUIDESYN effi-
ciently generates necessary components that are absent in the LLM
output but are close variants. In the unguided version, GUIDESYN
should have generated all the components up to the certain size to
discover the correct recursive call, which makes the overall synthe-
sis inefficient due to the large number of components.

Methods # Solved
40-mini 40
GUIDESYN 73 76
GuIDESYN-RTED 62(L11) 70(]l 6)
GuIDESYN-PCFG 67 (1 6) 67 (1 9)

GuiDESYN-NoMutation 59 (| 14) 64 (| 12)

Table 3: Evaluation of Other Possible Alternatives.

6.5 Other Possible Alternatives

In this section, we evaluate alternative guidance methods to justify
our design choices. Table 3 summarizes the results. To assess the
cost-effectiveness of the anti-unification-based distance metric, we
compare GUIDESYN with GUIDESYN-RTED, which uses RTED [36],
a well-known tree edit distance algorithm. RTED has a worst-case
complexity of O(n?), whereas our method runs in O(n) (n is the size
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of the trees). Although RTED provides more accurate distance esti-
mation, it is computationally expensive. As shown in Table 3, with
GPT-40-mini and GPT-40, GUIDESYN-RTED performs worse than
GUIDESYN and even than UNGUIDED when using GPT-40-mini. This
confirms that our anti-unification-based metric achieves a better
balance between accuracy and efficiency, effectively guiding synthe-
sis. Next, to test whether previous LLM-guided synthesis methods
work in our setting, we compare GUIDESYN with GUIDESYN-PCFG,
which uses a probabilistic context-free grammar (PCFG) trained
on 100 LLM-generated solutions for each task [27, 28]. The trained
PCFG guides the top-down search by always selecting the highest-
probability candidate. However, GUIDESYN-PCFG performs worse
than even UNGUIDED. Most of its time (about 69 seconds per task)
is spent generating 100 candidate programs. In addition, the PCFG
approach is not effective in our setting because PCFGs cannot cap-
ture contextual information around a production position and thus
cannot provide accurate guidance. They give a fixed probability
to each production, no matter where it is used in the program,
which is not suitable in practical synthesis tasks where the context
matters. Lastly, we study the impact of mutating LLM-generated
components during bottom-up search. We compare GUIDESYN with
a variant of setting =0 (GUIDESYN-NoMutation) with GPT-40-mini,
GPT-40, and 03-mini. It solves 59, 64, 75 tasks—14, 12, and 4 fewer
than with 6=5. Hence, mutation is critical.

Answer to RQ3: Our anti-unification-based distance metric is
more cost-effective than the widely used tree edit distance, and our
method is more effective than prior approaches that guide synthesis
using PCFGs trained on multiple LLM-generated solutions or by
directly reusing LLM-generated components without mutation.

7 Related Work

Distance Metrics in Program Synthesis & Repair. Distance metrics
have been used in program synthesis and repair to measure pro-
gram similarity. GIANTREPAIR [26] constructs patch skeletons from
LLM-generated patches and instantiates them with in-scope ele-
ments (e.g., variables, methods), prioritizing candidates close to the
LLM patches using edit distance. Its patch generation is structure-
preserving-it may change the content within a skeleton (e.g., the
condition of an if-statement) but not the overall structure. In con-
trast, GUIDESYN can discover solutions structurally different from
LLM outputs (e.g., Fig. 2a introduces a new innermost match absent
in Fig. 2b). This is enabled by synthesizing from scratch while using
distance to the LLM solution as a soft guide, rather than modifying
the LLM output directly. Rahmani et al. [41] extracts components
from LLM-generated solutions and constructs larger programs by
combining them using the Hamming, Euclidean, and Levenshtein
distances to discard candidates too far from the LLM solutions dur-
ing its beam search. Because those distance metrics are used for
measuring similarity of operator usages only (i.e., which operators
are used and how many times), they cannot capture structural simi-
larity between programs as we do. SYMETRIC [17] and BESTER [38]
also use distance metrics for program synthesis, but only to cluster
or rank candidates, not to guide search.

LLM-Guided Program Synthesis. Recently, LLMs have been used
to guide the search in program synthesis [2, 13, 27, 28]. Li et al. [27,
28] infer a PCFG from multiple LLM-generated solutions and use
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it to guide the search. However, as shown in our evaluation, this
approach is ineffective in our setting because PCFGs cannot capture
contextual information around production sites and thus cannot
provide accurate guidance. Moreover, generating multiple LLM so-
lutions incurs significant computational cost. HysyNTH [2] adopts
a similar approach by learning a PCFG from multiple LLM so-
lutions, but applies it to bottom-up enumeration, suffering from
the same limitation. DRYADSYNTH [13] asks an LLM to generate
useful subexpressions and uses them as reusable components dur-
ing its bottom-up search. Rahmani et al. [41] mine useful initial
components from LLM-generated solutions to guide its component-
based synthesis. All these approaches rely directly on multiple LLM
outputs, making them less robust to noise or deviations from the
intended solution. Our bottom-up guidance, in contrast, generates
variants of LLM subexpressions guided by distance to the LLM solu-
tion, making it more robust to noise and more effective, as shown in
our experiments with §=0 and §=5 in Section 6.5. For synthesizing
semantic regular expressions from examples, SMORE [8] combines
LLM-generated sketches with search-based completion, re-invoking
the LLM when a sketch is infeasible, whereas our approach calls the
LLM only once at synthesis start, reducing LLM queries. For syn-
thesizing robot policies from demonstrations, PROLEX [35] applies
LLM guidance only to top-down synthesis, whereas our method
guides bidirectional, which are equally important as shown in our
evaluation. Our synthesis approach from imperfect LLM solutions
can be viewed as a generate-and-repair approach [49], where the
LLM provides an initial candidate and the synthesizer repairs it.

Anti-Unification for Structural Similarity. Anti-unification [40,
42] has been widely used to analyze structural similarity in code
clone detection [5, 22, 47] and program repair [43]. To our knowl-
edge, our work is the first to employ anti-unification to guide search
in program synthesis, whereas BABBLE [7] uses it only to cluster
similar programs for library learning.

8 Threats to Validity

We discuss potential threats to the validity of our approach and
strategies to mitigate them.

First, our method assumes LLM-generated programs are rea-
sonably close to the correct solution; its effectiveness may drop
when they deviate significantly. In this case, increasing the distance
threshold § may help explore more diverse candidates, at the cost
of a larger search space and longer synthesis time.

Second, LLMs sometimes produce invalid DSL programs in terms
of syntax or types. We allow up to three retries, but if invalid code
persists, the system falls back to unguided synthesis. We expect this
issue of invalid outputs can be mitigated via constrained decoding
techniques that ensure syntactic [34] and type [32] correctness.
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