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• Automatically generate programs from a specification

￼2

Program Synthesis

• Grammar: 
 ￼, ￼, ￼, ￼, 
￼ , ￼  


• Input-output Examples:  
￼

x 0 1 2
□1 + □2 □1 × □2

1 → 4, 2 → 6

Specification

Synthesizer

￼(x + 1) × 2

What the program looks like

What the program 
should do



Search-based Synthesis
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Top-down Bottom-up

￼1 ￼x ￼2

￼x + 1
￼x × 1

￼x + 2

￼(x + 1) × 2

Same 
outputs

……

￼□

￼□1 + □2 ￼x

…

Starts from empty program, fills in holes Builds larger programs from smaller ones

￼□1 × □2

￼( □1 + □2 ) × □3

Function f ￼ = ￼  (spec: ￼ )x □ 1 → 4, 2 → 6

￼0 × □

Prune infeasible partial programs
(i.e., keep only candidates that can satisfy the spec)

Infeasible

Prune redundant subexpressions
(i.e., keep only one representative per same output)
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￼x + 1
￼x + 2

…

Components

￼x × 1

Same 
outputs

Function f ￼ = ￼  (spec: ￼ )x □ 1 → 4, 2 → 6

Search-based Synthesis : Bidirectional

Top-down + Bottom-up

Bottom-up Enumerates

Sub-programs

￼0 ￼x￼1 ￼2
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￼□

￼□1 + □2

￼□1 × □2

…

Search-based Synthesis : Bidirectional

Top-down + Bottom-up
Top-down starts  

from empty program

Function f ￼ = ￼  (spec: ￼ )x □ 1 → 4, 2 → 6

￼x + 1
￼x + 2

…

Components

￼x × 1

Same 
outputs

￼x￼0 ￼1 ￼2
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￼□

￼□1 + □2

￼□1 × □2

…

Search-based Synthesis : Bidirectional

Top-down + Bottom-up
Function f ￼ = ￼  (spec: ￼ )x □ 1 → 4, 2 → 6

￼x
￼x + 1
￼x + 2

…

Components

￼x × 1

Same 
outputs

□i : 1 → 2, 2 → 3
￼2 × □i

￼2 × (x + 1)

Finding a solution 
effectively

fills in hole with components

Infeasible
￼0 × □

￼0 ￼1 ￼2



let rec f n t -> 

      match t with

      | Leaf -> True

      | Node(x, left, right) -> 

        match (compare n x) with

        | EQ -> False 

        | GT -> (f n left)￼(f n right)

        | LT -> (f n left)￼(f n right)

∧
∧

Recursion Synthesis from I/O examples w/ LLM #1
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• GPT-4o-mini generated a program, but the solution was incorrect.

Desired 
SolutionLLM solution is wrong

let rec f n t -> 

      match t with

      | Leaf -> True

      | Node(x, left, right) -> 

        match (compare n x) with

        | EQ -> False 

        | GT -> (f n right)

        | LT -> (f n left)



• GPT-4o-mini generated a program, but the solution was incorrect.

let rec f x y -> 

      match x with

      | [] ->

         match y with

         | [] -> 0

         | n2 :: rest2 -> n2

      | n1 :: rest1 ->

         match y with

         | [] -> n1

         | n2 :: rest2 -> 

             (compare n1 n2) + (f rest1 rest2)
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(a) A solution to the synthesis speci�cation

1 let rec f x y =

2 match x with

3 | [] ->

4 match y with

5 | [] -> 0

6 | n2 :: rest2 -> n2 + (f [] rest2)

7 | n1 :: rest1 ->

8 match y with

9 | [] -> n1 + (f rest1 [])

10 | n2 :: rest2 ->

11 match (compare n1 n2) with

12 | EQ -> n1 + (f rest1 rest2)

13 | GT -> n1 + (f rest1 rest2)

14 | LT -> n2 + (f rest1 rest2)

(b) Incorrect solution generated by an LLM

1 let rec f x y =

2 match x with

3 | [] ->

4 match y with

5 | [] -> 0

6 | n2 :: rest2 -> n2

7 | n1 :: rest1 ->

8 match y with

9 | [] -> n1

10 | n2 :: rest2 ->

11 (compare n1 n2) + (f rest1 rest2)

12

13

14

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

ExistingBidirectional Search-Based Synthesis. Apopular ap-
proach to search-based program synthesis is to use a bidirectional
search algorithm [1, 12–15] that alternates 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 �lls the holes with subexpressions or more concrete
partial programs. During the search, input-output examples that
should be satis�ed 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 = ⇤

and re�nes 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 :: rest1 -> ⇤2

and infers input-output examples that should be satis�ed by the
hole ⇤1 as [] [0] -> 0 and by the hole ⇤2 as [1, 2, 3] [0,

1] -> 6. Then, each hole is further re�ned with another partial
program with generating new holes associated with inferred input-
output examples, or with a complete subexpression that satis�es
the input-output examples, which is generated by the bottom-up
search that will be described next. In addition to this re�nement,
the top-down search also often prunes infeasible candidates that
cannot satisfy the speci�cation no matter how the holes are �lled.

The important aspect of the top-down search is that how to
pick candidates for further re�nement is crucial for the e�ciency
of the search. To tame the large search space, there have been
various approaches to explore promising candidates �rst, such as
using heuristics based on syntactic features of candidates [12, 22]
or statistical models [23–25].

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 0, variables such as f and x, and
constructs larger expressions such as (f x []) by combining
smaller expressions. The generated expressions are used to �ll 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 �rst element of the list y. Then, the expres-
sions 0 and n2 are observationally equivalent because they produce
the same output for all input examples (n2 always evaluates to 0
since the �rst 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 signi�cantly reduces the number of
expressions to be considered in the bottom-up search. This pruning
is crucial for the e�ciency of not only the bottom-up search, but
also the top-down search by reducing the number of component
expressions that can be used to �ll holes.

How the top-down and bottom-up searches interplay in the
bidirectional search is various. For example, they may run in paral-
lel [15] or the bottom-up search is �rst run to generate components
and then the top-down search is run to �ll holes with the generated
components [12, 13].

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-Uni�cation-BasedDistanceMetric forGuidingTop-Down
Search. Since the LLM’s incorrect solution often contains a cor-
rect overall structure despite some details being incorrect, we guide
the top-down search to prioritize candidates having a similar struc-
ture to the LLM solution.

To this end, we use a distancemetric based on anti-uni�cation [26]
that can measure the structural similarity between two programs.

3

Desired 
Solution

LLM solution is wrong

Recursion Synthesis from I/O examples w/ LLM #2



Observation
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• Even though LLM solutions are incorrect, they often contain useful structural 
hints. 233
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(a) A solution to the synthesis speci�cation

1 let rec f x y =

2 match x with

3 | [] ->

4 match y with

5 | [] -> 0

6 | n2 :: rest2 -> n2 + (f [] rest2)

7 | n1 :: rest1 ->

8 match y with

9 | [] -> n1 + (f rest1 [])

10 | n2 :: rest2 ->

11 match (compare n1 n2) with

12 | EQ -> n1 + (f rest1 rest2)

13 | GT -> n1 + (f rest1 rest2)

14 | LT -> n2 + (f rest1 rest2)

(b) Incorrect solution generated by an LLM

1 let rec f x y =

2 match x with

3 | [] ->

4 match y with

5 | [] -> 0

6 | n2 :: rest2 -> n2

7 | n1 :: rest1 ->

8 match y with

9 | [] -> n1

10 | n2 :: rest2 ->

11 (compare n1 n2) + (f rest1 rest2)

12

13

14

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

ExistingBidirectional Search-Based Synthesis. Apopular ap-
proach to search-based program synthesis is to use a bidirectional
search algorithm [1, 12–15] that alternates 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 �lls the holes with subexpressions or more concrete
partial programs. During the search, input-output examples that
should be satis�ed 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 = ⇤

and re�nes 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 :: rest1 -> ⇤2

and infers input-output examples that should be satis�ed by the
hole ⇤1 as [] [0] -> 0 and by the hole ⇤2 as [1, 2, 3] [0,

1] -> 6. Then, each hole is further re�ned with another partial
program with generating new holes associated with inferred input-
output examples, or with a complete subexpression that satis�es
the input-output examples, which is generated by the bottom-up
search that will be described next. In addition to this re�nement,
the top-down search also often prunes infeasible candidates that
cannot satisfy the speci�cation no matter how the holes are �lled.

The important aspect of the top-down search is that how to
pick candidates for further re�nement is crucial for the e�ciency
of the search. To tame the large search space, there have been
various approaches to explore promising candidates �rst, such as
using heuristics based on syntactic features of candidates [12, 22]
or statistical models [23–25].

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 0, variables such as f and x, and
constructs larger expressions such as (f x []) by combining
smaller expressions. The generated expressions are used to �ll 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 �rst element of the list y. Then, the expres-
sions 0 and n2 are observationally equivalent because they produce
the same output for all input examples (n2 always evaluates to 0
since the �rst 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 signi�cantly reduces the number of
expressions to be considered in the bottom-up search. This pruning
is crucial for the e�ciency of not only the bottom-up search, but
also the top-down search by reducing the number of component
expressions that can be used to �ll holes.

How the top-down and bottom-up searches interplay in the
bidirectional search is various. For example, they may run in paral-
lel [15] or the bottom-up search is �rst run to generate components
and then the top-down search is run to �ll holes with the generated
components [12, 13].

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-Uni�cation-BasedDistanceMetric forGuidingTop-Down
Search. Since the LLM’s incorrect solution often contains a cor-
rect overall structure despite some details being incorrect, we guide
the top-down search to prioritize candidates having a similar struc-
ture to the LLM solution.

To this end, we use a distancemetric based on anti-uni�cation [26]
that can measure the structural similarity between two programs.

3

similar to  
(f rest1 rest2)similar match 

structures

Expressions 
in solution

let rec f x y -> 

      match x with

      | [] ->

         match y with

         | [] -> 0

         | n2 :: rest2 -> n2

      | n1 :: rest1 ->

         match y with

         | [] -> n1

         | n2 :: rest2 -> 

             (compare n1 n2) + (f rest1 rest2)



let rec f x y -> 

      match x with

      | [] ->

         match y with

         | [] -> 0

         | n2 :: rest2 -> n2

      | n1 :: rest1 ->

         match y with

         | [] -> n1

         | n2 :: rest2 -> 

             (compare n1 n2) + (f rest1 rest2)

• Even though LLM solutions are incorrect, they often contain useful structural 
hints.

Observation
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(a) A solution to the synthesis speci�cation

1 let rec f x y =

2 match x with

3 | [] ->

4 match y with

5 | [] -> 0

6 | n2 :: rest2 -> n2 + (f [] rest2)

7 | n1 :: rest1 ->

8 match y with

9 | [] -> n1 + (f rest1 [])

10 | n2 :: rest2 ->

11 match (compare n1 n2) with

12 | EQ -> n1 + (f rest1 rest2)

13 | GT -> n1 + (f rest1 rest2)

14 | LT -> n2 + (f rest1 rest2)

(b) Incorrect solution generated by an LLM

1 let rec f x y =

2 match x with

3 | [] ->

4 match y with

5 | [] -> 0

6 | n2 :: rest2 -> n2

7 | n1 :: rest1 ->

8 match y with

9 | [] -> n1

10 | n2 :: rest2 ->

11 (compare n1 n2) + (f rest1 rest2)

12

13

14

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

ExistingBidirectional Search-Based Synthesis. Apopular ap-
proach to search-based program synthesis is to use a bidirectional
search algorithm [1, 12–15] that alternates 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 �lls the holes with subexpressions or more concrete
partial programs. During the search, input-output examples that
should be satis�ed 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 = ⇤

and re�nes 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 :: rest1 -> ⇤2

and infers input-output examples that should be satis�ed by the
hole ⇤1 as [] [0] -> 0 and by the hole ⇤2 as [1, 2, 3] [0,

1] -> 6. Then, each hole is further re�ned with another partial
program with generating new holes associated with inferred input-
output examples, or with a complete subexpression that satis�es
the input-output examples, which is generated by the bottom-up
search that will be described next. In addition to this re�nement,
the top-down search also often prunes infeasible candidates that
cannot satisfy the speci�cation no matter how the holes are �lled.

The important aspect of the top-down search is that how to
pick candidates for further re�nement is crucial for the e�ciency
of the search. To tame the large search space, there have been
various approaches to explore promising candidates �rst, such as
using heuristics based on syntactic features of candidates [12, 22]
or statistical models [23–25].

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 0, variables such as f and x, and
constructs larger expressions such as (f x []) by combining
smaller expressions. The generated expressions are used to �ll 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 �rst element of the list y. Then, the expres-
sions 0 and n2 are observationally equivalent because they produce
the same output for all input examples (n2 always evaluates to 0
since the �rst 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 signi�cantly reduces the number of
expressions to be considered in the bottom-up search. This pruning
is crucial for the e�ciency of not only the bottom-up search, but
also the top-down search by reducing the number of component
expressions that can be used to �ll holes.

How the top-down and bottom-up searches interplay in the
bidirectional search is various. For example, they may run in paral-
lel [15] or the bottom-up search is �rst run to generate components
and then the top-down search is run to �ll holes with the generated
components [12, 13].

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-Uni�cation-BasedDistanceMetric forGuidingTop-Down
Search. Since the LLM’s incorrect solution often contains a cor-
rect overall structure despite some details being incorrect, we guide
the top-down search to prioritize candidates having a similar struc-
ture to the LLM solution.

To this end, we use a distancemetric based on anti-uni�cation [26]
that can measure the structural similarity between two programs.

3

similar to  
(f rest1 rest2)similar match 

structuresImperfect LLM solutions can be used to 
guide the search.

Expressions 
in solution



Key Idea
• Applying LLM guidance to each direction in bidirectional search

Top-down guidance prioritizes candidates close to the LLM solution using an 
effective distance metric

Bottom-up guidance enumerates components close to LLM subexpressions.
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Distance-Guided Search in Program Synthesis with Imperfect
LLM Solutions
Anonymous Author(s)

Abstract
Search-based program synthesis systematically explores a space
of programs to �nd one that satis�es a given speci�cation. While
e�ective 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 speci�cation.
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-uni�cation-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 e�ciency. We
implement our approach atop T���, a bidirectional synthesizer for
recursive functional programs, and evaluate it on 80 synthesis tasks.
Our results show that distance-guided search e�ectively combines
the strengths of LLMs and search-based methods, solving tasks
beyond the reach of either technique alone.
ACM Reference Format:
Anonymous Author(s). 2025. Distance-Guided Search in Program Synthesis
with Imperfect LLM Solutions. In . ACM, New York, NY, USA, 11 pages.
https://doi.org/10.1145/nnnnnnn.nnnnnnn

1 Introduction
Search-based program synthesis automatically constructs programs
from speci�cations such as input-output examples or logical con-
straints. It has been applied successfully to tasks including data
wrangling [1, 2], invariant inference [3], program optimization [4],
end-user programming [5], and security [6]. While highly e�ective
for small programs over domain-speci�c languages (DSLs), its scal-
ability 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 speci�cations. However, this scalability comes
at the cost of reliabilityâĂŤLLM-generated programs often fail to
satisfy the speci�cation, particularly when targeting unfamiliar
DSLs.

The complementary strengths and weaknesses of search-based
synthesis and LLMs have motivated research that integrates the
two [7–11]. Search-based synthesis ensures semantic correctness,
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classroom use is granted without fee provided that copies are not made or distributed
for pro�t or commercial advantage and that copies bear this notice and the full citation
on the �rst page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior speci�c permission
and/or a fee. Request permissions from permissions@acm.org.
Conference’17, Washington, DC, USA
© 2025 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM ISBN 978-x-xxxx-xxxx-x/YYYY/MM
https://doi.org/10.1145/nnnnnnn.nnnnnnn

Figure 1: Overview of our distance-guided search algorithm.

while LLMs o�er expressive power. In such approaches, the synthe-
sizer de�nes the DSL as the target language, and the LLM generates
candidate programs in this DSL. Even if the LLM-generated solu-
tion 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 two limi-
tations.

First, they lack a mechanism to adjust the level of con�dence
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 modi�cation, or (2) it is largely
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 �exible use based on con�dence. Ideally,
we would use the LLM output directly when con�dent and use it
more loosely – e.g., as a search heuristic – when less certain.

Second, priormethods typically support only top-down or bottom-
up synthesis, not both. Top-down synthesis starts with a partial
programwith missing parts (holes) and incrementally �lls the holes,
while bottom-up synthesis composes programs from smaller ex-
pressions. Each has strengths and weaknesses, and bidirectional
synthesis – used in various systems [1, 12–15] – has proven e�ec-
tive. In bidirecioal synthesis, the top-down search generates partial
program candidates with holes, while the bottom-up search gener-
ates components that can be used to �ll in the holes in the partial
program candidates. A uni�ed 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 �rst use an
LLM to generate a candidate solution. If it fails to satisfy the speci�-
cation, we provide counterexamples and request a revised solution.
After a few iterations, if the LLM still fails, we use its output to
guide the search.

1



Problem Example

• Target domain: recursive functional programs from input-output examples

• Generate a function that takes two lists of integers and returns the sum of the 
larger elements at each position.

• Spec:    f : int list ￼  int list ￼  int 
           f [] [0] ￼  0 
     f [1, 2, 3] [0, 1] ￼  6 
     using  
           (+) ,  compare  
           … 

→ →
→

→
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Abstract
Search-based program synthesis systematically explores a space
of programs to �nd one that satis�es a given speci�cation. While
e�ective 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 speci�cation.
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-uni�cation-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 e�ciency. We
implement our approach atop T���, a bidirectional synthesizer for
recursive functional programs, and evaluate it on 80 synthesis tasks.
Our results show that distance-guided search e�ectively 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 speci�cations such as input-output examples or logical con-
straints. It has been applied successfully to tasks including data
wrangling [1, 2], invariant inference [3], program optimization [4],
end-user programming [5], and security [6]. While highly e�ective
for small programs over domain-speci�c languages (DSLs), its scal-
ability 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 speci�cations. However, this scalability comes
at the cost of reliabilityâĂŤLLM-generated programs often fail to
satisfy the speci�cation, particularly when targeting unfamiliar
DSLs.

The complementary strengths and weaknesses of search-based
synthesis and LLMs have motivated research that integrates the
two [7–11]. Search-based synthesis ensures semantic correctness,
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Figure 1: Overview of our distance-guided search algorithm.

while LLMs o�er expressive power. In such approaches, the synthe-
sizer de�nes the DSL as the target language, and the LLM generates
candidate programs in this DSL. Even if the LLM-generated solu-
tion 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 two limi-
tations.

First, they lack a mechanism to adjust the level of con�dence
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 modi�cation, or (2) it is largely
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 �exible use based on con�dence. Ideally,
we would use the LLM output directly when con�dent and use it
more loosely – e.g., as a search heuristic – when less certain.

Second, priormethods typically support only top-down or bottom-
up synthesis, not both. Top-down synthesis starts with a partial
programwith missing parts (holes) and incrementally �lls the holes,
while bottom-up synthesis composes programs from smaller ex-
pressions. Each has strengths and weaknesses, and bidirectional
synthesis – used in various systems [1, 12–15] – has proven e�ec-
tive. In bidirecioal synthesis, the top-down search generates partial
program candidates with holes, while the bottom-up search gener-
ates components that can be used to �ll in the holes in the partial
program candidates. A uni�ed 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 �rst use an
LLM to generate a candidate solution. If it fails to satisfy the speci�-
cation, we provide counterexamples and request a revised solution.
After a few iterations, if the LLM still fails, we use its output to
guide the search.

1



Problem Example (1/3)

• Generate a function that takes two lists of integers and returns the sum of the 
larger element at each corresponding index. 
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Abstract
Search-based program synthesis systematically explores a space
of programs to �nd one that satis�es a given speci�cation. While
e�ective 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 speci�cation.
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-uni�cation-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 e�ciency. We
implement our approach atop T���, a bidirectional synthesizer for
recursive functional programs, and evaluate it on 80 synthesis tasks.
Our results show that distance-guided search e�ectively 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 speci�cations such as input-output examples or logical con-
straints. It has been applied successfully to tasks including data
wrangling [1, 2], invariant inference [3], program optimization [4],
end-user programming [5], and security [6]. While highly e�ective
for small programs over domain-speci�c languages (DSLs), its scal-
ability 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 speci�cations. However, this scalability comes
at the cost of reliabilityâĂŤLLM-generated programs often fail to
satisfy the speci�cation, particularly when targeting unfamiliar
DSLs.

The complementary strengths and weaknesses of search-based
synthesis and LLMs have motivated research that integrates the
two [7–11]. Search-based synthesis ensures semantic correctness,
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Figure 1: Overview of our distance-guided search algorithm.

while LLMs o�er expressive power. In such approaches, the synthe-
sizer de�nes the DSL as the target language, and the LLM generates
candidate programs in this DSL. Even if the LLM-generated solu-
tion 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 two limi-
tations.

First, they lack a mechanism to adjust the level of con�dence
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 modi�cation, or (2) it is largely
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 �exible use based on con�dence. Ideally,
we would use the LLM output directly when con�dent and use it
more loosely – e.g., as a search heuristic – when less certain.

Second, priormethods typically support only top-down or bottom-
up synthesis, not both. Top-down synthesis starts with a partial
programwith missing parts (holes) and incrementally �lls the holes,
while bottom-up synthesis composes programs from smaller ex-
pressions. Each has strengths and weaknesses, and bidirectional
synthesis – used in various systems [1, 12–15] – has proven e�ec-
tive. In bidirecioal synthesis, the top-down search generates partial
program candidates with holes, while the bottom-up search gener-
ates components that can be used to �ll in the holes in the partial
program candidates. A uni�ed 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 �rst use an
LLM to generate a candidate solution. If it fails to satisfy the speci�-
cation, we provide counterexamples and request a revised solution.
After a few iterations, if the LLM still fails, we use its output to
guide the search.

1

[1, 2, 3]

[0, 1   ]



• Generate a function that takes two lists of integers and returns the sum of the 
larger element at each corresponding index.
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Abstract
Search-based program synthesis systematically explores a space
of programs to �nd one that satis�es a given speci�cation. While
e�ective 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 speci�cation.
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-uni�cation-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 e�ciency. We
implement our approach atop T���, a bidirectional synthesizer for
recursive functional programs, and evaluate it on 80 synthesis tasks.
Our results show that distance-guided search e�ectively 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 speci�cations such as input-output examples or logical con-
straints. It has been applied successfully to tasks including data
wrangling [1, 2], invariant inference [3], program optimization [4],
end-user programming [5], and security [6]. While highly e�ective
for small programs over domain-speci�c languages (DSLs), its scal-
ability 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 speci�cations. However, this scalability comes
at the cost of reliabilityâĂŤLLM-generated programs often fail to
satisfy the speci�cation, particularly when targeting unfamiliar
DSLs.

The complementary strengths and weaknesses of search-based
synthesis and LLMs have motivated research that integrates the
two [7–11]. Search-based synthesis ensures semantic correctness,
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Figure 1: Overview of our distance-guided search algorithm.

while LLMs o�er expressive power. In such approaches, the synthe-
sizer de�nes the DSL as the target language, and the LLM generates
candidate programs in this DSL. Even if the LLM-generated solu-
tion 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 two limi-
tations.

First, they lack a mechanism to adjust the level of con�dence
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 modi�cation, or (2) it is largely
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 �exible use based on con�dence. Ideally,
we would use the LLM output directly when con�dent and use it
more loosely – e.g., as a search heuristic – when less certain.

Second, priormethods typically support only top-down or bottom-
up synthesis, not both. Top-down synthesis starts with a partial
programwith missing parts (holes) and incrementally �lls the holes,
while bottom-up synthesis composes programs from smaller ex-
pressions. Each has strengths and weaknesses, and bidirectional
synthesis – used in various systems [1, 12–15] – has proven e�ec-
tive. In bidirecioal synthesis, the top-down search generates partial
program candidates with holes, while the bottom-up search gener-
ates components that can be used to �ll in the holes in the partial
program candidates. A uni�ed 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 �rst use an
LLM to generate a candidate solution. If it fails to satisfy the speci�-
cation, we provide counterexamples and request a revised solution.
After a few iterations, if the LLM still fails, we use its output to
guide the search.
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• Generate a function that takes two lists of integers and returns the sum of the 
larger element at each corresponding index.
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Abstract
Search-based program synthesis systematically explores a space
of programs to �nd one that satis�es a given speci�cation. While
e�ective 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 speci�cation.
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-uni�cation-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 e�ciency. We
implement our approach atop T���, a bidirectional synthesizer for
recursive functional programs, and evaluate it on 80 synthesis tasks.
Our results show that distance-guided search e�ectively 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 speci�cations such as input-output examples or logical con-
straints. It has been applied successfully to tasks including data
wrangling [1, 2], invariant inference [3], program optimization [4],
end-user programming [5], and security [6]. While highly e�ective
for small programs over domain-speci�c languages (DSLs), its scal-
ability 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 speci�cations. However, this scalability comes
at the cost of reliabilityâĂŤLLM-generated programs often fail to
satisfy the speci�cation, particularly when targeting unfamiliar
DSLs.

The complementary strengths and weaknesses of search-based
synthesis and LLMs have motivated research that integrates the
two [7–11]. Search-based synthesis ensures semantic correctness,
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Figure 1: Overview of our distance-guided search algorithm.

while LLMs o�er expressive power. In such approaches, the synthe-
sizer de�nes the DSL as the target language, and the LLM generates
candidate programs in this DSL. Even if the LLM-generated solu-
tion 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 two limi-
tations.

First, they lack a mechanism to adjust the level of con�dence
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 modi�cation, or (2) it is largely
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 �exible use based on con�dence. Ideally,
we would use the LLM output directly when con�dent and use it
more loosely – e.g., as a search heuristic – when less certain.

Second, priormethods typically support only top-down or bottom-
up synthesis, not both. Top-down synthesis starts with a partial
programwith missing parts (holes) and incrementally �lls the holes,
while bottom-up synthesis composes programs from smaller ex-
pressions. Each has strengths and weaknesses, and bidirectional
synthesis – used in various systems [1, 12–15] – has proven e�ec-
tive. In bidirecioal synthesis, the top-down search generates partial
program candidates with holes, while the bottom-up search gener-
ates components that can be used to �ll in the holes in the partial
program candidates. A uni�ed 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 �rst use an
LLM to generate a candidate solution. If it fails to satisfy the speci�-
cation, we provide counterexamples and request a revised solution.
After a few iterations, if the LLM still fails, we use its output to
guide the search.
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• Generate a function that takes two lists of integers and returns the sum of the 
larger element at each corresponding index.
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Distance-Guided Search in Program Synthesis with Imperfect
LLM Solutions
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Abstract
Search-based program synthesis systematically explores a space
of programs to �nd one that satis�es a given speci�cation. While
e�ective 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 speci�cation.
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-uni�cation-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 e�ciency. We
implement our approach atop T���, a bidirectional synthesizer for
recursive functional programs, and evaluate it on 80 synthesis tasks.
Our results show that distance-guided search e�ectively 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 speci�cations such as input-output examples or logical con-
straints. It has been applied successfully to tasks including data
wrangling [1, 2], invariant inference [3], program optimization [4],
end-user programming [5], and security [6]. While highly e�ective
for small programs over domain-speci�c languages (DSLs), its scal-
ability 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 speci�cations. However, this scalability comes
at the cost of reliabilityâĂŤLLM-generated programs often fail to
satisfy the speci�cation, particularly when targeting unfamiliar
DSLs.

The complementary strengths and weaknesses of search-based
synthesis and LLMs have motivated research that integrates the
two [7–11]. Search-based synthesis ensures semantic correctness,
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Figure 1: Overview of our distance-guided search algorithm.

while LLMs o�er expressive power. In such approaches, the synthe-
sizer de�nes the DSL as the target language, and the LLM generates
candidate programs in this DSL. Even if the LLM-generated solu-
tion 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 two limi-
tations.

First, they lack a mechanism to adjust the level of con�dence
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 modi�cation, or (2) it is largely
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 �exible use based on con�dence. Ideally,
we would use the LLM output directly when con�dent and use it
more loosely – e.g., as a search heuristic – when less certain.

Second, priormethods typically support only top-down or bottom-
up synthesis, not both. Top-down synthesis starts with a partial
programwith missing parts (holes) and incrementally �lls the holes,
while bottom-up synthesis composes programs from smaller ex-
pressions. Each has strengths and weaknesses, and bidirectional
synthesis – used in various systems [1, 12–15] – has proven e�ec-
tive. In bidirecioal synthesis, the top-down search generates partial
program candidates with holes, while the bottom-up search gener-
ates components that can be used to �ll in the holes in the partial
program candidates. A uni�ed 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 �rst use an
LLM to generate a candidate solution. If it fails to satisfy the speci�-
cation, we provide counterexamples and request a revised solution.
After a few iterations, if the LLM still fails, we use its output to
guide the search.

1
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(a) A solution to the synthesis speci�cation

1 let rec f x y =

2 match x with

3 | [] ->

4 match y with

5 | [] -> 0

6 | n2 :: rest2 -> n2 + (f [] rest2)

7 | n1 :: rest1 ->

8 match y with

9 | [] -> n1 + (f rest1 [])

10 | n2 :: rest2 ->

11 match (compare n1 n2) with

12 | EQ -> n1 + (f rest1 rest2)

13 | GT -> n1 + (f rest1 rest2)

14 | LT -> n2 + (f rest1 rest2)

(b) Incorrect solution generated by an LLM

1 let rec f x y =

2 match x with

3 | [] ->

4 match y with

5 | [] -> 0

6 | n2 :: rest2 -> n2

7 | n1 :: rest1 ->

8 match y with

9 | [] -> n1

10 | n2 :: rest2 ->

11 (compare n1 n2) + (f rest1 rest2)

12

13

14

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

ExistingBidirectional Search-Based Synthesis. Apopular ap-
proach to search-based program synthesis is to use a bidirectional
search algorithm [1, 12–15] that alternates 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 �lls the holes with subexpressions or more concrete
partial programs. During the search, input-output examples that
should be satis�ed 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 = ⇤

and re�nes 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 :: rest1 -> ⇤2

and infers input-output examples that should be satis�ed by the
hole ⇤1 as [] [0] -> 0 and by the hole ⇤2 as [1, 2, 3] [0,

1] -> 6. Then, each hole is further re�ned with another partial
program with generating new holes associated with inferred input-
output examples, or with a complete subexpression that satis�es
the input-output examples, which is generated by the bottom-up
search that will be described next. In addition to this re�nement,
the top-down search also often prunes infeasible candidates that
cannot satisfy the speci�cation no matter how the holes are �lled.

The important aspect of the top-down search is that how to
pick candidates for further re�nement is crucial for the e�ciency
of the search. To tame the large search space, there have been
various approaches to explore promising candidates �rst, such as
using heuristics based on syntactic features of candidates [12, 22]
or statistical models [23–25].

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 0, variables such as f and x, and
constructs larger expressions such as (f x []) by combining
smaller expressions. The generated expressions are used to �ll 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 �rst element of the list y. Then, the expres-
sions 0 and n2 are observationally equivalent because they produce
the same output for all input examples (n2 always evaluates to 0
since the �rst 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 signi�cantly reduces the number of
expressions to be considered in the bottom-up search. This pruning
is crucial for the e�ciency of not only the bottom-up search, but
also the top-down search by reducing the number of component
expressions that can be used to �ll holes.

How the top-down and bottom-up searches interplay in the
bidirectional search is various. For example, they may run in paral-
lel [15] or the bottom-up search is �rst run to generate components
and then the top-down search is run to �ll holes with the generated
components [12, 13].

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-Uni�cation-BasedDistanceMetric forGuidingTop-Down
Search. Since the LLM’s incorrect solution often contains a cor-
rect overall structure despite some details being incorrect, we guide
the top-down search to prioritize candidates having a similar struc-
ture to the LLM solution.

To this end, we use a distancemetric based on anti-uni�cation [26]
that can measure the structural similarity between two programs.
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Abstract
Search-based program synthesis systematically explores a space
of programs to �nd one that satis�es a given speci�cation. While
e�ective 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 speci�cation.
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-uni�cation-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 e�ciency. We
implement our approach atop T���, a bidirectional synthesizer for
recursive functional programs, and evaluate it on 80 synthesis tasks.
Our results show that distance-guided search e�ectively 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 speci�cations such as input-output examples or logical con-
straints. It has been applied successfully to tasks including data
wrangling [1, 2], invariant inference [3], program optimization [4],
end-user programming [5], and security [6]. While highly e�ective
for small programs over domain-speci�c languages (DSLs), its scal-
ability 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 speci�cations. However, this scalability comes
at the cost of reliabilityâĂŤLLM-generated programs often fail to
satisfy the speci�cation, particularly when targeting unfamiliar
DSLs.

The complementary strengths and weaknesses of search-based
synthesis and LLMs have motivated research that integrates the
two [7–11]. Search-based synthesis ensures semantic correctness,
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Figure 1: Overview of our distance-guided search algorithm.

while LLMs o�er expressive power. In such approaches, the synthe-
sizer de�nes the DSL as the target language, and the LLM generates
candidate programs in this DSL. Even if the LLM-generated solu-
tion 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 two limi-
tations.

First, they lack a mechanism to adjust the level of con�dence
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 modi�cation, or (2) it is largely
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 �exible use based on con�dence. Ideally,
we would use the LLM output directly when con�dent and use it
more loosely – e.g., as a search heuristic – when less certain.

Second, priormethods typically support only top-down or bottom-
up synthesis, not both. Top-down synthesis starts with a partial
programwith missing parts (holes) and incrementally �lls the holes,
while bottom-up synthesis composes programs from smaller ex-
pressions. Each has strengths and weaknesses, and bidirectional
synthesis – used in various systems [1, 12–15] – has proven e�ec-
tive. In bidirecioal synthesis, the top-down search generates partial
program candidates with holes, while the bottom-up search gener-
ates components that can be used to �ll in the holes in the partial
program candidates. A uni�ed 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 �rst use an
LLM to generate a candidate solution. If it fails to satisfy the speci�-
cation, we provide counterexamples and request a revised solution.
After a few iterations, if the LLM still fails, we use its output to
guide the search.

1

LLM returns an incorrect result. 
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(a) A solution to the synthesis speci�cation

1 let rec f x y =

2 match x with

3 | [] ->

4 match y with

5 | [] -> 0

6 | n2 :: rest2 -> n2 + (f [] rest2)

7 | n1 :: rest1 ->

8 match y with

9 | [] -> n1 + (f rest1 [])

10 | n2 :: rest2 ->

11 match (compare n1 n2) with

12 | EQ -> n1 + (f rest1 rest2)

13 | GT -> n1 + (f rest1 rest2)

14 | LT -> n2 + (f rest1 rest2)

(b) Incorrect solution generated by an LLM

1 let rec f x y =

2 match x with

3 | [] ->

4 match y with

5 | [] -> 0

6 | n2 :: rest2 -> n2

7 | n1 :: rest1 ->

8 match y with

9 | [] -> n1

10 | n2 :: rest2 ->

11 (compare n1 n2) + (f rest1 rest2)

12

13

14

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

ExistingBidirectional Search-Based Synthesis. Apopular ap-
proach to search-based program synthesis is to use a bidirectional
search algorithm [1, 12–15] that alternates 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 �lls the holes with subexpressions or more concrete
partial programs. During the search, input-output examples that
should be satis�ed 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 = ⇤

and re�nes 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 :: rest1 -> ⇤2

and infers input-output examples that should be satis�ed by the
hole ⇤1 as [] [0] -> 0 and by the hole ⇤2 as [1, 2, 3] [0,

1] -> 6. Then, each hole is further re�ned with another partial
program with generating new holes associated with inferred input-
output examples, or with a complete subexpression that satis�es
the input-output examples, which is generated by the bottom-up
search that will be described next. In addition to this re�nement,
the top-down search also often prunes infeasible candidates that
cannot satisfy the speci�cation no matter how the holes are �lled.

The important aspect of the top-down search is that how to
pick candidates for further re�nement is crucial for the e�ciency
of the search. To tame the large search space, there have been
various approaches to explore promising candidates �rst, such as
using heuristics based on syntactic features of candidates [12, 22]
or statistical models [23–25].

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 0, variables such as f and x, and
constructs larger expressions such as (f x []) by combining
smaller expressions. The generated expressions are used to �ll 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 �rst element of the list y. Then, the expres-
sions 0 and n2 are observationally equivalent because they produce
the same output for all input examples (n2 always evaluates to 0
since the �rst 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 signi�cantly reduces the number of
expressions to be considered in the bottom-up search. This pruning
is crucial for the e�ciency of not only the bottom-up search, but
also the top-down search by reducing the number of component
expressions that can be used to �ll holes.

How the top-down and bottom-up searches interplay in the
bidirectional search is various. For example, they may run in paral-
lel [15] or the bottom-up search is �rst run to generate components
and then the top-down search is run to �ll holes with the generated
components [12, 13].

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-Uni�cation-BasedDistanceMetric forGuidingTop-Down
Search. Since the LLM’s incorrect solution often contains a cor-
rect overall structure despite some details being incorrect, we guide
the top-down search to prioritize candidates having a similar struc-
ture to the LLM solution.

To this end, we use a distancemetric based on anti-uni�cation [26]
that can measure the structural similarity between two programs.

3



Top-down Guidance

• Prioritize candidates close to the LLM solution
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Abstract
Search-based program synthesis systematically explores a space
of programs to �nd one that satis�es a given speci�cation. While
e�ective 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 speci�cation.
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-uni�cation-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 e�ciency. We
implement our approach atop T���, a bidirectional synthesizer for
recursive functional programs, and evaluate it on 80 synthesis tasks.
Our results show that distance-guided search e�ectively 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 speci�cations such as input-output examples or logical con-
straints. It has been applied successfully to tasks including data
wrangling [1, 2], invariant inference [3], program optimization [4],
end-user programming [5], and security [6]. While highly e�ective
for small programs over domain-speci�c languages (DSLs), its scal-
ability 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 speci�cations. However, this scalability comes
at the cost of reliabilityâĂŤLLM-generated programs often fail to
satisfy the speci�cation, particularly when targeting unfamiliar
DSLs.

The complementary strengths and weaknesses of search-based
synthesis and LLMs have motivated research that integrates the
two [7–11]. Search-based synthesis ensures semantic correctness,
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Figure 1: Overview of our distance-guided search algorithm.

while LLMs o�er expressive power. In such approaches, the synthe-
sizer de�nes the DSL as the target language, and the LLM generates
candidate programs in this DSL. Even if the LLM-generated solu-
tion 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 two limi-
tations.

First, they lack a mechanism to adjust the level of con�dence
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 modi�cation, or (2) it is largely
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 �exible use based on con�dence. Ideally,
we would use the LLM output directly when con�dent and use it
more loosely – e.g., as a search heuristic – when less certain.

Second, priormethods typically support only top-down or bottom-
up synthesis, not both. Top-down synthesis starts with a partial
programwith missing parts (holes) and incrementally �lls the holes,
while bottom-up synthesis composes programs from smaller ex-
pressions. Each has strengths and weaknesses, and bidirectional
synthesis – used in various systems [1, 12–15] – has proven e�ec-
tive. In bidirecioal synthesis, the top-down search generates partial
program candidates with holes, while the bottom-up search gener-
ates components that can be used to �ll in the holes in the partial
program candidates. A uni�ed 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 �rst use an
LLM to generate a candidate solution. If it fails to satisfy the speci�-
cation, we provide counterexamples and request a revised solution.
After a few iterations, if the LLM still fails, we use its output to
guide the search.

1



Distance Metric for Guiding Search
• Compute distance between a candidate program ￼  and the LLM solution ￼   

via anti-unification — replace each mismatched part with pattern variables

• Distance = total size of the mismatched parts
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Abstract
Search-based program synthesis systematically explores a space
of programs to �nd one that satis�es a given speci�cation. While
e�ective 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 speci�cation.
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-uni�cation-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 e�ciency. We
implement our approach atop T���, a bidirectional synthesizer for
recursive functional programs, and evaluate it on 80 synthesis tasks.
Our results show that distance-guided search e�ectively 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 speci�cations such as input-output examples or logical con-
straints. It has been applied successfully to tasks including data
wrangling [1, 2], invariant inference [3], program optimization [4],
end-user programming [5], and security [6]. While highly e�ective
for small programs over domain-speci�c languages (DSLs), its scal-
ability 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 speci�cations. However, this scalability comes
at the cost of reliabilityâĂŤLLM-generated programs often fail to
satisfy the speci�cation, particularly when targeting unfamiliar
DSLs.

The complementary strengths and weaknesses of search-based
synthesis and LLMs have motivated research that integrates the
two [7–11]. Search-based synthesis ensures semantic correctness,
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Figure 1: Overview of our distance-guided search algorithm.

while LLMs o�er expressive power. In such approaches, the synthe-
sizer de�nes the DSL as the target language, and the LLM generates
candidate programs in this DSL. Even if the LLM-generated solu-
tion 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 two limi-
tations.

First, they lack a mechanism to adjust the level of con�dence
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 modi�cation, or (2) it is largely
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 �exible use based on con�dence. Ideally,
we would use the LLM output directly when con�dent and use it
more loosely – e.g., as a search heuristic – when less certain.

Second, priormethods typically support only top-down or bottom-
up synthesis, not both. Top-down synthesis starts with a partial
programwith missing parts (holes) and incrementally �lls the holes,
while bottom-up synthesis composes programs from smaller ex-
pressions. Each has strengths and weaknesses, and bidirectional
synthesis – used in various systems [1, 12–15] – has proven e�ec-
tive. In bidirecioal synthesis, the top-down search generates partial
program candidates with holes, while the bottom-up search gener-
ates components that can be used to �ll in the holes in the partial
program candidates. A uni�ed 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 �rst use an
LLM to generate a candidate solution. If it fails to satisfy the speci�-
cation, we provide counterexamples and request a revised solution.
After a few iterations, if the LLM still fails, we use its output to
guide the search.

1

Top-down Guidance w/ Example (1/3)
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match x with

| [] -> ￼ 
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match x with
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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 speci�cation.
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-uni�cation-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 e�ciency. We
implement our approach atop T���, a bidirectional synthesizer for
recursive functional programs, and evaluate it on 80 synthesis tasks.
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1 Introduction
Search-based program synthesis automatically constructs programs
from speci�cations such as input-output examples or logical con-
straints. It has been applied successfully to tasks including data
wrangling [1, 2], invariant inference [3], program optimization [4],
end-user programming [5], and security [6]. While highly e�ective
for small programs over domain-speci�c languages (DSLs), its scal-
ability 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 speci�cations. However, this scalability comes
at the cost of reliabilityâĂŤLLM-generated programs often fail to
satisfy the speci�cation, particularly when targeting unfamiliar
DSLs.

The complementary strengths and weaknesses of search-based
synthesis and LLMs have motivated research that integrates the
two [7–11]. Search-based synthesis ensures semantic correctness,
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Figure 1: Overview of our distance-guided search algorithm.

while LLMs o�er expressive power. In such approaches, the synthe-
sizer de�nes the DSL as the target language, and the LLM generates
candidate programs in this DSL. Even if the LLM-generated solu-
tion 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 two limi-
tations.

First, they lack a mechanism to adjust the level of con�dence
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 modi�cation, or (2) it is largely
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 �exible use based on con�dence. Ideally,
we would use the LLM output directly when con�dent and use it
more loosely – e.g., as a search heuristic – when less certain.

Second, priormethods typically support only top-down or bottom-
up synthesis, not both. Top-down synthesis starts with a partial
programwith missing parts (holes) and incrementally �lls the holes,
while bottom-up synthesis composes programs from smaller ex-
pressions. Each has strengths and weaknesses, and bidirectional
synthesis – used in various systems [1, 12–15] – has proven e�ec-
tive. In bidirecioal synthesis, the top-down search generates partial
program candidates with holes, while the bottom-up search gener-
ates components that can be used to �ll in the holes in the partial
program candidates. A uni�ed 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 �rst use an
LLM to generate a candidate solution. If it fails to satisfy the speci�-
cation, we provide counterexamples and request a revised solution.
After a few iterations, if the LLM still fails, we use its output to
guide the search.

1

Top-down Guidance w/ Example (2/3)

Candidate ￼P1 Candidate ￼P2

match x with

| [] -> ￼ 

| n1 :: rest1 -> ￼

□1
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let rec f x y = ￼□
match x with
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of programs to �nd one that satis�es a given speci�cation. While
e�ective 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 speci�cation.
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-uni�cation-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 e�ciency. We
implement our approach atop T���, a bidirectional synthesizer for
recursive functional programs, and evaluate it on 80 synthesis tasks.
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1 Introduction
Search-based program synthesis automatically constructs programs
from speci�cations such as input-output examples or logical con-
straints. It has been applied successfully to tasks including data
wrangling [1, 2], invariant inference [3], program optimization [4],
end-user programming [5], and security [6]. While highly e�ective
for small programs over domain-speci�c languages (DSLs), its scal-
ability 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 speci�cations. However, this scalability comes
at the cost of reliabilityâĂŤLLM-generated programs often fail to
satisfy the speci�cation, particularly when targeting unfamiliar
DSLs.

The complementary strengths and weaknesses of search-based
synthesis and LLMs have motivated research that integrates the
two [7–11]. Search-based synthesis ensures semantic correctness,
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Figure 1: Overview of our distance-guided search algorithm.

while LLMs o�er expressive power. In such approaches, the synthe-
sizer de�nes the DSL as the target language, and the LLM generates
candidate programs in this DSL. Even if the LLM-generated solu-
tion 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 two limi-
tations.

First, they lack a mechanism to adjust the level of con�dence
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 modi�cation, or (2) it is largely
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 �exible use based on con�dence. Ideally,
we would use the LLM output directly when con�dent and use it
more loosely – e.g., as a search heuristic – when less certain.

Second, priormethods typically support only top-down or bottom-
up synthesis, not both. Top-down synthesis starts with a partial
programwith missing parts (holes) and incrementally �lls the holes,
while bottom-up synthesis composes programs from smaller ex-
pressions. Each has strengths and weaknesses, and bidirectional
synthesis – used in various systems [1, 12–15] – has proven e�ec-
tive. In bidirecioal synthesis, the top-down search generates partial
program candidates with holes, while the bottom-up search gener-
ates components that can be used to �ll in the holes in the partial
program candidates. A uni�ed 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 �rst use an
LLM to generate a candidate solution. If it fails to satisfy the speci�-
cation, we provide counterexamples and request a revised solution.
After a few iterations, if the LLM still fails, we use its output to
guide the search.

1

Top-down Guidance w/ Example (3/3)

Candidate ￼P1 Candidate ￼P2

match x with

| [] -> ￼ 

| n1 :: rest1 -> ￼

□1

□2
Compare ￼  ￼□1 □2

let rec f x y = ￼□
match x with

| [] -> 

    match y with

    | [] -> 0

    | n2 :: rest2 -> n2
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          (compare n1 n2)

          + (f rest1 rest2)
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ages imperfect LLM-generated programs to guide both top-down
and bottom-up synthesis. Using an anti-uni�cation-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 e�ciency. We
implement our approach atop T���, a bidirectional synthesizer for
recursive functional programs, and evaluate it on 80 synthesis tasks.
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1 Introduction
Search-based program synthesis automatically constructs programs
from speci�cations such as input-output examples or logical con-
straints. It has been applied successfully to tasks including data
wrangling [1, 2], invariant inference [3], program optimization [4],
end-user programming [5], and security [6]. While highly e�ective
for small programs over domain-speci�c languages (DSLs), its scal-
ability 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 speci�cations. However, this scalability comes
at the cost of reliabilityâĂŤLLM-generated programs often fail to
satisfy the speci�cation, particularly when targeting unfamiliar
DSLs.

The complementary strengths and weaknesses of search-based
synthesis and LLMs have motivated research that integrates the
two [7–11]. Search-based synthesis ensures semantic correctness,
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Figure 1: Overview of our distance-guided search algorithm.

while LLMs o�er expressive power. In such approaches, the synthe-
sizer de�nes the DSL as the target language, and the LLM generates
candidate programs in this DSL. Even if the LLM-generated solu-
tion 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 two limi-
tations.

First, they lack a mechanism to adjust the level of con�dence
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 modi�cation, or (2) it is largely
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 �exible use based on con�dence. Ideally,
we would use the LLM output directly when con�dent and use it
more loosely – e.g., as a search heuristic – when less certain.

Second, priormethods typically support only top-down or bottom-
up synthesis, not both. Top-down synthesis starts with a partial
programwith missing parts (holes) and incrementally �lls the holes,
while bottom-up synthesis composes programs from smaller ex-
pressions. Each has strengths and weaknesses, and bidirectional
synthesis – used in various systems [1, 12–15] – has proven e�ec-
tive. In bidirecioal synthesis, the top-down search generates partial
program candidates with holes, while the bottom-up search gener-
ates components that can be used to �ll in the holes in the partial
program candidates. A uni�ed 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 �rst use an
LLM to generate a candidate solution. If it fails to satisfy the speci�-
cation, we provide counterexamples and request a revised solution.
After a few iterations, if the LLM still fails, we use its output to
guide the search.
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Bottom-up Guidance: Motivation

• Bottom-up enumerates components to fill holes in partial programs

• Components = sub-expressions that may be used in a solution

• More components → higher cost

• Observational Equivalence (OE) pruning removes semantic duplicates, but 

components that are never used in the correct solution still remain.
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Abstract
Search-based program synthesis systematically explores a space
of programs to �nd one that satis�es a given speci�cation. While
e�ective 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 speci�cation.
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-uni�cation-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 e�ciency. We
implement our approach atop T���, a bidirectional synthesizer for
recursive functional programs, and evaluate it on 80 synthesis tasks.
Our results show that distance-guided search e�ectively 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 speci�cations such as input-output examples or logical con-
straints. It has been applied successfully to tasks including data
wrangling [1, 2], invariant inference [3], program optimization [4],
end-user programming [5], and security [6]. While highly e�ective
for small programs over domain-speci�c languages (DSLs), its scal-
ability 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 speci�cations. However, this scalability comes
at the cost of reliabilityâĂŤLLM-generated programs often fail to
satisfy the speci�cation, particularly when targeting unfamiliar
DSLs.

The complementary strengths and weaknesses of search-based
synthesis and LLMs have motivated research that integrates the
two [7–11]. Search-based synthesis ensures semantic correctness,
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Figure 1: Overview of our distance-guided search algorithm.

while LLMs o�er expressive power. In such approaches, the synthe-
sizer de�nes the DSL as the target language, and the LLM generates
candidate programs in this DSL. Even if the LLM-generated solu-
tion 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 two limi-
tations.

First, they lack a mechanism to adjust the level of con�dence
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 modi�cation, or (2) it is largely
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 �exible use based on con�dence. Ideally,
we would use the LLM output directly when con�dent and use it
more loosely – e.g., as a search heuristic – when less certain.

Second, priormethods typically support only top-down or bottom-
up synthesis, not both. Top-down synthesis starts with a partial
programwith missing parts (holes) and incrementally �lls the holes,
while bottom-up synthesis composes programs from smaller ex-
pressions. Each has strengths and weaknesses, and bidirectional
synthesis – used in various systems [1, 12–15] – has proven e�ec-
tive. In bidirecioal synthesis, the top-down search generates partial
program candidates with holes, while the bottom-up search gener-
ates components that can be used to �ll in the holes in the partial
program candidates. A uni�ed 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 �rst use an
LLM to generate a candidate solution. If it fails to satisfy the speci�-
cation, we provide counterexamples and request a revised solution.
After a few iterations, if the LLM still fails, we use its output to
guide the search.
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Bottom-up Guidance

• Enumerate only components close to LLM sub-expressions

• Discard components that are far from the LLM solution

• OE pruning removes duplicates + LLM guidance removes distant ones 

complementary
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Search-based program synthesis systematically explores a space
of programs to �nd one that satis�es a given speci�cation. While
e�ective 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 speci�cation.
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-uni�cation-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 e�ciency. We
implement our approach atop T���, a bidirectional synthesizer for
recursive functional programs, and evaluate it on 80 synthesis tasks.
Our results show that distance-guided search e�ectively 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 speci�cations such as input-output examples or logical con-
straints. It has been applied successfully to tasks including data
wrangling [1, 2], invariant inference [3], program optimization [4],
end-user programming [5], and security [6]. While highly e�ective
for small programs over domain-speci�c languages (DSLs), its scal-
ability 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 speci�cations. However, this scalability comes
at the cost of reliabilityâĂŤLLM-generated programs often fail to
satisfy the speci�cation, particularly when targeting unfamiliar
DSLs.

The complementary strengths and weaknesses of search-based
synthesis and LLMs have motivated research that integrates the
two [7–11]. Search-based synthesis ensures semantic correctness,
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Figure 1: Overview of our distance-guided search algorithm.

while LLMs o�er expressive power. In such approaches, the synthe-
sizer de�nes the DSL as the target language, and the LLM generates
candidate programs in this DSL. Even if the LLM-generated solu-
tion 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 two limi-
tations.

First, they lack a mechanism to adjust the level of con�dence
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 modi�cation, or (2) it is largely
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 �exible use based on con�dence. Ideally,
we would use the LLM output directly when con�dent and use it
more loosely – e.g., as a search heuristic – when less certain.

Second, priormethods typically support only top-down or bottom-
up synthesis, not both. Top-down synthesis starts with a partial
programwith missing parts (holes) and incrementally �lls the holes,
while bottom-up synthesis composes programs from smaller ex-
pressions. Each has strengths and weaknesses, and bidirectional
synthesis – used in various systems [1, 12–15] – has proven e�ec-
tive. In bidirecioal synthesis, the top-down search generates partial
program candidates with holes, while the bottom-up search gener-
ates components that can be used to �ll in the holes in the partial
program candidates. A uni�ed 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 �rst use an
LLM to generate a candidate solution. If it fails to satisfy the speci�-
cation, we provide counterexamples and request a revised solution.
After a few iterations, if the LLM still fails, we use its output to
guide the search.
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￼  Filteringδ

• Keep components if its distance to an LLM sub-expression is￼  
(Distance measured via anti-unification)

• Distance threshold ￼ : how much we trust the LLM  
(small ￼  ￼  keep only similar ones,  large ￼  ￼  allow different ones too)

• Example: components filtering with ￼  = 1

≤ δ

δ
δ → δ →

δ
LLM sub-expressions: [0, x, y, n1, n2, compare n1 n2]

compare n1 n2 → min distance = 0 ￼  → kept

compare n1 0  → min distance = 1 ￼  → kept

n1 + n2       → min distance = 3 ￼  → discarded

≤ δ

≤ δ

≰ δ
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of programs to �nd one that satis�es a given speci�cation. While
e�ective 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 speci�cation.
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-uni�cation-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 e�ciency. We
implement our approach atop T���, a bidirectional synthesizer for
recursive functional programs, and evaluate it on 80 synthesis tasks.
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1 Introduction
Search-based program synthesis automatically constructs programs
from speci�cations such as input-output examples or logical con-
straints. It has been applied successfully to tasks including data
wrangling [1, 2], invariant inference [3], program optimization [4],
end-user programming [5], and security [6]. While highly e�ective
for small programs over domain-speci�c languages (DSLs), its scal-
ability 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 speci�cations. However, this scalability comes
at the cost of reliabilityâĂŤLLM-generated programs often fail to
satisfy the speci�cation, particularly when targeting unfamiliar
DSLs.

The complementary strengths and weaknesses of search-based
synthesis and LLMs have motivated research that integrates the
two [7–11]. Search-based synthesis ensures semantic correctness,
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Figure 1: Overview of our distance-guided search algorithm.

while LLMs o�er expressive power. In such approaches, the synthe-
sizer de�nes the DSL as the target language, and the LLM generates
candidate programs in this DSL. Even if the LLM-generated solu-
tion 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 two limi-
tations.

First, they lack a mechanism to adjust the level of con�dence
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 modi�cation, or (2) it is largely
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 �exible use based on con�dence. Ideally,
we would use the LLM output directly when con�dent and use it
more loosely – e.g., as a search heuristic – when less certain.

Second, priormethods typically support only top-down or bottom-
up synthesis, not both. Top-down synthesis starts with a partial
programwith missing parts (holes) and incrementally �lls the holes,
while bottom-up synthesis composes programs from smaller ex-
pressions. Each has strengths and weaknesses, and bidirectional
synthesis – used in various systems [1, 12–15] – has proven e�ec-
tive. In bidirecioal synthesis, the top-down search generates partial
program candidates with holes, while the bottom-up search gener-
ates components that can be used to �ll in the holes in the partial
program candidates. A uni�ed 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 �rst use an
LLM to generate a candidate solution. If it fails to satisfy the speci�-
cation, we provide counterexamples and request a revised solution.
After a few iterations, if the LLM still fails, we use its output to
guide the search.
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Challenge & Solution

• Correct program requires “compare n1 n2”

0 n2

compare n1 n2

n1

Same 
outputs

Components

Spec : [] [0] ￼  0, [1,2,3] [0,1] ￼  6→ →

Cannot be built !

By OE pruning

LLM sub-expressions: [0, x, y, n1, n2, compare n1 n2]

(n1,n2: first elements of each input lists)

0 is enumerated before n2 n2 is semantically equivalent to 0

n2 n2
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e�ective for small programs, it struggles with scalability due to
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language models (LLMs) can generate large programs but often
produce solutions that are incorrect or fail to meet the speci�cation.
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-uni�cation-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 e�ciency. We
implement our approach atop T���, a bidirectional synthesizer for
recursive functional programs, and evaluate it on 80 synthesis tasks.
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1 Introduction
Search-based program synthesis automatically constructs programs
from speci�cations such as input-output examples or logical con-
straints. It has been applied successfully to tasks including data
wrangling [1, 2], invariant inference [3], program optimization [4],
end-user programming [5], and security [6]. While highly e�ective
for small programs over domain-speci�c languages (DSLs), its scal-
ability 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 speci�cations. However, this scalability comes
at the cost of reliabilityâĂŤLLM-generated programs often fail to
satisfy the speci�cation, particularly when targeting unfamiliar
DSLs.

The complementary strengths and weaknesses of search-based
synthesis and LLMs have motivated research that integrates the
two [7–11]. Search-based synthesis ensures semantic correctness,
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Figure 1: Overview of our distance-guided search algorithm.

while LLMs o�er expressive power. In such approaches, the synthe-
sizer de�nes the DSL as the target language, and the LLM generates
candidate programs in this DSL. Even if the LLM-generated solu-
tion 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 two limi-
tations.

First, they lack a mechanism to adjust the level of con�dence
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 modi�cation, or (2) it is largely
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 �exible use based on con�dence. Ideally,
we would use the LLM output directly when con�dent and use it
more loosely – e.g., as a search heuristic – when less certain.

Second, priormethods typically support only top-down or bottom-
up synthesis, not both. Top-down synthesis starts with a partial
programwith missing parts (holes) and incrementally �lls the holes,
while bottom-up synthesis composes programs from smaller ex-
pressions. Each has strengths and weaknesses, and bidirectional
synthesis – used in various systems [1, 12–15] – has proven e�ec-
tive. In bidirecioal synthesis, the top-down search generates partial
program candidates with holes, while the bottom-up search gener-
ates components that can be used to �ll in the holes in the partial
program candidates. A uni�ed 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 �rst use an
LLM to generate a candidate solution. If it fails to satisfy the speci�-
cation, we provide counterexamples and request a revised solution.
After a few iterations, if the LLM still fails, we use its output to
guide the search.
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Challenge & Solution

• Correct program requires “compare n1 n2”

0 n2

compare n1 n2

n1

Same 
outputs

Components

Spec : [] [0] ￼  0, [1,2,3] [0,1] ￼  6→ →

Cannot be built !

By OE pruning

LLM sub-expressions: [0, x, y, n1, n2, compare n1 n2]

(n1,n2: first elements of each input lists)

OE pruning can discard components similar to the LLM 
output, thereby undermining the guidance by ￼  filtering.δ
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Distance-Guided Search in Program Synthesis with Imperfect
LLM Solutions
Anonymous Author(s)

Abstract
Search-based program synthesis systematically explores a space
of programs to �nd one that satis�es a given speci�cation. While
e�ective 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 speci�cation.
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-uni�cation-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 e�ciency. We
implement our approach atop T���, a bidirectional synthesizer for
recursive functional programs, and evaluate it on 80 synthesis tasks.
Our results show that distance-guided search e�ectively combines
the strengths of LLMs and search-based methods, solving tasks
beyond the reach of either technique alone.
ACM Reference Format:
Anonymous Author(s). 2025. Distance-Guided Search in Program Synthesis
with Imperfect LLM Solutions. In . ACM, New York, NY, USA, 11 pages.
https://doi.org/10.1145/nnnnnnn.nnnnnnn

1 Introduction
Search-based program synthesis automatically constructs programs
from speci�cations such as input-output examples or logical con-
straints. It has been applied successfully to tasks including data
wrangling [1, 2], invariant inference [3], program optimization [4],
end-user programming [5], and security [6]. While highly e�ective
for small programs over domain-speci�c languages (DSLs), its scal-
ability 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 speci�cations. However, this scalability comes
at the cost of reliabilityâĂŤLLM-generated programs often fail to
satisfy the speci�cation, particularly when targeting unfamiliar
DSLs.

The complementary strengths and weaknesses of search-based
synthesis and LLMs have motivated research that integrates the
two [7–11]. Search-based synthesis ensures semantic correctness,

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for pro�t or commercial advantage and that copies bear this notice and the full citation
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author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior speci�c permission
and/or a fee. Request permissions from permissions@acm.org.
Conference’17, Washington, DC, USA
© 2025 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM ISBN 978-x-xxxx-xxxx-x/YYYY/MM
https://doi.org/10.1145/nnnnnnn.nnnnnnn

Figure 1: Overview of our distance-guided search algorithm.

while LLMs o�er expressive power. In such approaches, the synthe-
sizer de�nes the DSL as the target language, and the LLM generates
candidate programs in this DSL. Even if the LLM-generated solu-
tion 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 two limi-
tations.

First, they lack a mechanism to adjust the level of con�dence
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 modi�cation, or (2) it is largely
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 �exible use based on con�dence. Ideally,
we would use the LLM output directly when con�dent and use it
more loosely – e.g., as a search heuristic – when less certain.

Second, priormethods typically support only top-down or bottom-
up synthesis, not both. Top-down synthesis starts with a partial
programwith missing parts (holes) and incrementally �lls the holes,
while bottom-up synthesis composes programs from smaller ex-
pressions. Each has strengths and weaknesses, and bidirectional
synthesis – used in various systems [1, 12–15] – has proven e�ec-
tive. In bidirecioal synthesis, the top-down search generates partial
program candidates with holes, while the bottom-up search gener-
ates components that can be used to �ll in the holes in the partial
program candidates. A uni�ed 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 �rst use an
LLM to generate a candidate solution. If it fails to satisfy the speci�-
cation, we provide counterexamples and request a revised solution.
After a few iterations, if the LLM still fails, we use its output to
guide the search.

1
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Challenge & Solution

• Pareto optimality — retaining components that are closest to some 
LLM sub-expression

n2 is in LLM sub-expressions (distance = 0) → Pareto optimal and retained

0

Components

n2n1

Same 
outputs

Retained

compare n1 n2

LLM sub-expressions: [0, x, y, n1, n2, compare n1 n2]

Now we can build



Evaluation Setup
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• Our tool — GuideSyn implemented on top of  Trio (POPL’23)

• Benchmark Suite (80 Recursive functional programs)

60 from Trio benchmark + 20 from a functional programming course

• Baselines

ThinkRepair(ISSTA’24) : A state-of-the-art LLM-based program repair tool

LLMs: GPT-4o-mini, GPT-4o, o3-mini, DeepSeek-Coder-V2, Gemini-2.5-flash

•GuideSyn setup :

Spec → Trio(1s) → LLM(+feedback, 3￼) → Guided Search → ✓
       success ↓                    success ↓                   
                   ✓                               ✓

×
fail fail



Evaluation Results (o3-mini, averaged over 5 runs)
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GuideSyn outperformed the others

o3-mini is shown as a representative example; similar results hold for other models.



Ablation Study (o3-mini, 1 run)
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• GuideSyn performs better using Both Guidance



Evaluation of Other Alternatives (GPT-4o, 1 run)
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• GuideSyn outperforms the approaches based on tree edit distance (RTED), 
PCFG-guided synthesis￼ , and direct reuse of LLM-generated components￼ .*‡ §

Probabilistic 
Context-Free Grammar

￼ LI, Yixuan, et al. Guiding enumerative program synthesis with large language models. CAV’24‡
￼ LI, Yixuan, et al. Guided tensor lifting. PLDI’25*

￼ Ding, Yuantian, and Xiaokang Qiu. Enhanced enumeration techniques for syntax-guided synthesis of bit-vector manipulations.. POPL’24§

Set ￼  = 0δ



In conclusion..

• We proposed an anti-unification-based metric that efficiently measures 
structural similarity to the LLM solution

• Top-down search prioritizes candidates closest to LLM

• Bottom-up search enumerates LLM-close components, preserving OE 
pruning

• GuideSyn outperforms LLM-only, search-only, and existing LLM-guided 
approaches (e.g., PCFG-based)

￼33

Thank you !!



Backup Slides
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How do we set ￼  ?δ
Our approach

• Max ￼  = 5, increased gradually during synthesis

• Start tight (close to LLM solution) → expand as needed

Why ￼  = 5? (empirically determined)

• ￼  < 5 → misses useful variants (￼  = 0 : -14 tasks)

• ￼  > 5 → more components, no gain

δ

δ

δ δ

δ
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Prompt Design
• LLM role: code generator for an ML-like 

functional language (the Trio DSL)

• Direct generation outperforms "generate-
then-translate" (OCaml/Haskell → Trio)
(unreliable in practice: GPT-4o-mini, GPT-4o, and o3-mini produced 
untranslatable output on 28, 28, and 34 of 80 tasks, respectively)

￼36

• Syntax error → retry with error message 
as feedback

• Wrong output → retry with failing I/O 
examples as counterexamples

• Best solution among 3 attempts is used for 
guided search

Feedback (CEGIS-style, up to 3 attempts)

1. One-shot 
2. Role-based
3. Grammar-based

prompting 
strategies



Cactus Plot: LLM-Only vs GuideSyn
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• A line closer to the x-axis = 
better performance

• Solid color = GuideSyn (w/ LLM)

• Hollow color = LLM-Only

• GuideSyn solves more tasks in 
less time than LLM-Only



Failure Cases of LLM Guidance (1/2)

• Guidance can misdirect the search when the LLM's solution is far from 
correct solution — wasting time on wrong candidates

• Case: DeepSeek-Coder-V2

GuideSyn (w/ DeepSeek): 66 solved — fewer than Unguided (68)

DeepSeek fails to adapt to the Trio DSL → low-quality outputs

Wrong LLM solutions mislead both top-down and bottom-up search

￼38



Failure Cases of LLM Guidance (2/2)

• When the LLM solution is too far from the correct solution, guidance misdirects 
the search, wasting time exploring the wrong candidate.

• Case : DeepSeek-Coder-V2

GuideSyn (w/ DeepSeek) solves 66 tasks — fewer than Unguided (68)

DeepSeek struggled to adapt to the Trio DSL, producing low-quality outputs

Incorrect LLM solution misleads both top-down and bottom-up search

￼39

Why GuideSyn Still Matters
• Correctness guaranteed — GuideSyn always returns a verified solution

• Completeness preserved — Guidance may mislead, but never excludes 

the correct solution.



GuideSyn with Frontier LLMs
• list_nth_occur (challenging) : Given a list and a number, return the index of its n-th 

occurrence (or the list's length if fewer than n occur).

￼40

LLM LLM Time LLM Result + GuideSyn Total Time

Claude Opus 4.6 84.5s Incorrect 28.0s 112.5s

GPT-5.4 218.0s Correct — 218.0s

GPT-4o-mini 3.8s Incorrect 15.2s 19.0s

• Even frontier LLMs miss subtle spec details (e.g., 0- vs 1-indexed)

• GPT-4o-mini (3.8s) + GuideSyn (15.2s) = 19s total — 11.5X faster than GPT-5.4 alone

Note: Each LLM is queried only once per task here (large models take significant time per generation)



￼  Filtering in Detailδ
Definition 2 (Distance Profile). The distance profile of a term ￼ is defined as:t

￼41

profile(t) = [dist(t1, t), dist(t2, t), …, dist(tm, t)]

where ￼  is the ￼-th element of ￼ti i subterms(PL)

Definition 3 (Similar Components). For a given ￼ , a component ￼  is similar w.r.t. ￼δ e PL

(denoted ￼ ) iff:e ≈δ PL

e ≈δ PL ⟺ ∃ v ∈ profile(e) . v ≤ δ

A component ￼  is discarded if ￼ .e e ≈δ PL



Pareto Optimality in Detail
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Partial order on profiles.  ￼p ≤ p′￼ ⟺ ∀i, pi ≤ p′￼i

Definition 4 (Pareto-Optimal Components). 

Given a set ￼ , a component ￼  is pareto-optimal (denoted ￼ ) iff: C e pareto(e, C)

￼pareto(e, C) ⟺ ∄ e′￼ ∈ C s.t. profile(e′￼) ≤ profile(e)

Condition to retain a component (Algorithm 2, line 9): A component ￼  is added to ￼  iff:e C

unique(e, C, Φ) ∨ pareto(e, C)

• unique: there is no ￼   s.t.  ￼

• pareto: guarantees completeness — components closest to  are never discarded by 
observational-equivalence pruning

e′￼ ∈ C e′￼ ≡Φ e


