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Abstract—Searching the occurrences of specific code patterns
(code search) is a common task in software engineering, and
programming by example (PBE) techniques have been applied
to ease customizing code patterns. However, previous PBE tools
only synthesize programs meeting the input-output examples,
which may not always align with the user intent. To bridge
this gap, this paper proposes EXCALIBUR, a multi-modal
(example and natural language description) and interactive
synthesizer for code search. EXCALIBUR ensures that the
generated programs are correct for the provided examples
(soundness) and include the user-intended program (bounded
completeness). Furthermore, EXCALIBUR helps the user identify
the user-intended program through question-answer interaction.
To minimize the required interaction efforts, question selection is
crucial. To improve question selection for code search, we propose
probabilistic version spaces (ProbVS), in which the user-intended
program’s probability is high and others are low. ProbVS
combines traditional version spaces for compactly representing
extensive programs and large language models (on the user-
provided natural language description) for adjusting programs’
probabilities to align with users’ intents. Extensive experiments
on a benchmark of 44 tasks demonstrated the effectiveness of
EXCALIBUR and ProbVS and demystified how ProbVS affects
probability distributions and how the configurable parameters
affect ProbVS.

Index Terms—Program synthesis, question selection problem,
large language model

I. INTRODUCTION

CODE search/linting tools such as CODEQL [1], Semgrep,
and Spoon [2] are popular nowadays. They aim to detect

the occurrences of specific code patterns, especially those
related to code smells, bugs, or security issues, in a given
piece of code. In this paper, we call such an occurrence
detecting task code search, which identifies code fragments
matching a target code pattern. Despite the success of existing
code search/linting tools, many code patterns are application-
specific and may not be readily supported. For example,
preparing a code search program that identifies invocations
of a later-written erroneous API is impossible. In most cases,
extra implementation effort is required.
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While some code search tools provide libraries to facilitate
the detection of new code patterns, the implementation is
still non-trivial because it demands expertise in both the
target programming language (e.g., Java) and the code search
libraries (e.g., CODEQL and Spoon).

Previous Work. ALICE [3] and SPORQ [4] support the use
of programming by example (PBE) [5], [6] to help users find
code snippets that match a target pattern in a codebase (e.g.,
a repository). Specifically, a user needs to provide a codebase
and a few code snippet examples matching the target pattern.
A code search program is then synthesized and refined in
multiple iterations. Each iteration consists of three steps: (a)
the synthesizer finds a tentative program that implements a
pattern conforming to the examples provided by the user.
(b) the program is executed to find code snippets from the
codebase as speculative examples. (c) the user labels these
examples as positive or negative, which are used to refine the
tentative program in the next iteration. As the labeled examples
accumulate, the refined program approaches the intended one.

However, there is no guarantee that the synthesis procedure
will find the target program. For example, in the worst case
of ALICE’s evaluation, only 66% of target programs are
found. Our replication of SPORQ also produced overfitting
results in our benchmark. Consider the motivating example
in Figure 1 that aims to identify toString and hashCode
calls on array-type objects in Java, which are common
pitfalls (behaving based on memory locations rather than
element values). A program overfitting the provided example
is extracting method calls without arguments, which is by
chance example-consistent but deviates from the user intent.
When such overfitting code search programs are incorporated
as subroutines of code analysis [7], [8], the soundness or
completeness of the outer analysis could be compromised.

Interactive Synthesis. A promising approach to addressing
the overfitting issue is interactive synthesis via a question-
answer (QA) loop [9], [10], [11]. At each iteration/round
of the loop, a question disambiguating the target program
from others is generated, and the user as the oracle provides
the target program-pertinent answer, which filters out answer-
inconsistent programs. For example, a question to distinguish
λx.x+ 2 from λx.x ∗ 2 can be the expected output of x = 3.
The QA interaction loops until only the target program or
equivalent ones are left.

Challenge. The major challenge in QA-based interactive
synthesis is to reduce the number of required interaction
rounds. As the number of candidate programs could be
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public class Foo {
    public void test() {
        int[] arr = {1,2,3};
        String str1 = arr.toString();
        int hash1 = arr.hashCode();
        var str2 = Arrays.toString(arr);
        var hash2 = Arrays.hashCode(arr);
    }
}

{ P1, P2, ... }

Question

Options 
{ op1, op2, ... }

End Loop?

//#1 target program

Disjunct(

 descend<array>/ancestor<'*.toString()'>,

 descend<array>/ancestor<'*.hashCode()'>

)

//#2 method calls w/o arguments 

descend<()>/ancestor<'*.*()'>

//#3 method calls not from Arrays

Diff(

 descend<'*.*()'>,

 descend<'Arrays.*()'>

)

Answer

Positive { opi ... } 
Negative { opj ... }

Program 
Enumerator

Example Code and Annotations Ranked Programs

...

Y

N

NL Description of Task

Probabilistic Version Space

Pr(e1	/	e2)	=	0.2	*	...	

Pr(e1	/	e6	/	e5)	
=	0.2	*	0.8	*	...	

...

...

0.2

0.8 0.8

NLP Model

Estimation  Phase

Encoding Phase

Disambiguation Phase

e1 e2

e3 e4 e5

e6

Pr(e3	/	e4	/	e5)	
=	0.8	*	0.8	*	...

𝜎1

𝜎2 𝜎3

User

Version Space
(Candidate Programs)

"Find toString and hashCode 
calls on array-type objects."

Fig. 1: Workflow of EXCALIBUR on an example code search task that aims to extract all toString and hashCode calls
on array-type objects. Frames in shade denote three phases of the EXCALIBUR workflow. The encoding phase enumerates
example-consistent candidate programs in a data structure called a version space. Then, the estimation phase leverages an NLP
model to estimate which programs in the version space align with the user-provided NL description and produces a probabilistic
version space (ProbVS), which describes a probability distribution of candidate programs. Lastly, the disambiguation phase
embodies a QA-based interactive synthesis procedure. Candidate programs are ranked after each interaction round.

tremendous (e.g., up to hundreds of thousands in our
benchmark), without appropriate treatment, it may take an
overwhelming number of interaction rounds, hindering the
deployment of interactive synthesis in practice.

The key factor determining the number of interaction
rounds is the questions being asked, and finding questions
to minimize the expected number of interaction rounds
(probabilities are assigned to candidate programs) is known
as the question selection problem [10], [11]. The state-of-
the-art solutions [10], [12] encode the program operators
and the question domain into constraints and leverage an
SMT solver [13] to efficiently find the optimal question.
However, encoding the ASTs in general-purpose programming
languages (e.g., Java) presents a significant challenge in
efficiency due to the enormous choices of productions and the
complex constraints encoded from the recursive and expressive
grammar. In addition, an encoding for general Java programs’
semantics is also not available off-the-shelf.
Our Solution. This paper proposes a code search synthesizer
called EXCALIBUR, which is sound, bounded-complete, and
supports QA-based interaction.

We take Figure 1 to illustrate the key features of
EXCALIBUR. EXCALIBUR is multi-modal, i.e., the inputs to
EXCALIBUR include two forms of specifications:

1) an input-output example, where the example input is
a code snippet and the example output is a set of
code fragments annotated in the input code snippet, e.g.,
highlighted parts in Figure 1.

2) a natural language (NL) description of the target code
pattern, e.g., “toString and hashCode calls on array-
type objects”.

The example specification ensures the synthesized programs
can pass this “testcase”, and the NL specification provides
extra information to help identify the target program.

Given such specifications, EXCALIBUR first synthesizes all
example-consistent programs (or simply consistent programs)

within a given search budget (e.g., an upper bound of program
length), including the target program and overfitting programs
(the encoding phase in Figure 1). EXCALIBUR is sound
since only example-consistent programs would be synthesized.
Moreover, because all consistent programs are considered,
EXCALIBUR is bounded-complete 1. These properties cannot
be guaranteed by end-to-end code generation from large
language models (LLMs), particularly, when generating code
in domain-specific-languages (DSLs) [14] or domain-specific
libraries [15], [16].

EXCALIBUR supports QA-based interactive synthesis in
code search (disambiguation phase in Figure 1). We work
around the limitation of an SMT solver by asking questions
based on programs’ runtime behaviors. Such questions are
easier to synthesize with no dependence on SMT solvers.
EXCALIBUR models a code search program as a step-by-step
matching of code fragments. For example, the target program
in Figure 1 should match array-type objects in the first step,
and then their associated toString calls or hashCode calls
in the next step. Therefore, programs’ runtime behaviors (i.e.,
which code fragments are matched) can serve as questions for
disambiguation. Consider the motivating example, a question
can be whether an empty argument list () is matched/searched
by the target program. With “No” answered, the overfitting
program “method calls without arguments” can be excluded.

Probabilistic Version Spaces. The absence of an SMT
solver also poses an efficiency challenge. In response,
EXCALIBUR first adopts the SOTA question selection strategy,
which optimizes the interaction efficiency given a probability
distribution of candidate programs. Moreover, we observe that
a strategy’s input, the estimated probability distribution of
programs, also has a great impact on the interaction efficiency.
The previous works [10], [17] use a priori probabilities

1That means EXCALIBUR will not miss the target program if it is within
the bounded search budget.
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that are agnostic of the user tasks and may result in
suboptimal question selection performance, while a user-
aligned distribution (i.e., the target program is assigned a
higher probability while others are lower) is expected to reduce
the number of interaction rounds. In light of this observation,
we propose a new methodology called probabilistic version
space (ProbVS) to acquire a more user-aligned probability
distribution.

Specifically, ProbVS requires a natural language description
of the target code pattern, e.g., “Find toString and hashCode
calls on array-type objects” (Figure 1). Then, the in-context
learning capability of a large language model (LLM) is
leveraged to estimate which code fragments are related to the
task description. Combined with version spaces (a succinct
representation of candidate programs), ProbVS can efficiently
compute a user-aligned probability distribution of candidate
programs (the estimation phase in Figure 1). How to model
the programs’ probabilities conditioned on their intermediate
results in version spaces is unexplored before and one of our
technical contributions.

To evaluate the effectiveness of EXCALIBUR, we
implemented a prototype tool for Java. Evaluation results
on our collected tasks show that EXCALIBUR without using
ProbVS solves all 44 tasks with 4.5 rounds of interaction
on average, and the target programs of 30 tasks (68.18%)
are ranked top. As a comparison, the baseline that replicates
SPORQ only solved at most 26 out of the 44 tasks (59.09%),
with several being overfitted. The effectiveness of ProbVS is
also confirmed. The best result of EXCALIBUR with ProbVS
and GPT4o takes only 3.68 average rounds, reducing up to
0.82 (18.22%) average interaction rounds on top of the SOTA
question selection technique. We also conducted experiments
to demystify how ProbVS improves the performance and the
impacts of configurable factors.

In summary, this paper’s contribution is as follows.
1) We propose a multi-modal synthesizer EXCALIBUR for

code search with the bounded-complete guarantee and the
QA-based disambiguation.

2) We propose a methodology ProbVS that combines LLMs
and version spaces to compute a probability distribution
of candidate programs, which aims to align with the
user’s intent and improve the performance in the question
selection problem.

3) We evaluate EXCALIBUR on a set of code search tasks
and showed the overall effectiveness of EXCALIBUR in
solving code search tasks as well as the effectiveness of
ProbVS in reducing interaction rounds.

II. OVERVIEW

Figure 1 presents the workflow of EXCALIBUR, which takes
a user-provided input-output example and natural language
description as input and outputs a ranked list of programs,
including the target one. EXCALIBUR works in three phases:

• (Encoding Phase). EXCALIBUR encodes all programs
consistent with the example into a succinct
automaton [18] representation called a version space,
which is constructed based on dynamic programming
and avoids inefficient brute-force enumeration.

expression

expression methodCall

primary identifier

toStringidentifier

arr

.

compilationUnit

importDeclaration typeDeclaration

()

expression

expression methodCall

primary identifier

hashCodeidentifier

arr

.

()

... ...

Fig. 2: The AST of the example code in Figure 1. The two
framed subtrees are the ASTs of the example output code
fragments arr.toString() and arr.hashCode().

• (Estimation Phase). An LLM is utilized to estimate
the probabilities of specific program features in the
target program, based on the natural language description
provided by the user. Such a probabilistic version space
(ProbVS) assign higher probabilities to programs with
more features matching the LLM’s estimations. These
probabilities are used as guidance for question selection.

• (Disambiguation Phase). Finally, to help identify the
target program in the user’s mind, EXCALIBUR iteratively
synthesizes a question for the user to provide an answer
to reduce the version space. When the programs in the
reduced version space are no longer distinguishable by
any question 2, the remaining programs are ranked and
returned.

A. Encoding Phase: Encoding Consistent Programs

Example. Like other PBE techniques, EXCALIBUR requires
a user to provide a code snippet as an example input to
the target program and highlight code fragments as example
outputs in the snippet. EXCALIBUR assumes the user provides
all occurrences of the code fragments that will be outputted
by the target program 3. For instance, in Figure 1, the user
provides a code snippet containing both the example outputs
arr.toString() and arr.hashCode().
ExPath Programs. EXCALIBUR is designed to synthesize
programs for searching/matching code fragments in specific
patterns, e.g., “toString calls on an array object” or “method
definitions with non-empty parameter list”. The matched code
fragments in an input code snippet are typically [19], [20]
subtrees of its abstract syntax tree (AST), as shown in Figure 2.
In the remainder of this paper, we use the terms “code
fragment” and “AST” interchangeably.

To express code patterns, we designed a simplified dialect of
the XPath [21] query language called ExPath (EXCALIBUR’s
XPath). The basic construct of an ExPath program P is an
XPath-like path program represented as a sequence of slash-
separated path expressions ei:

P = e1/e2/ . . . /en.

2A question can distinguish two programs if they correspond to different
answers, e.g., different sizes when program length is asked. Given a question
and a user answer, a version space is reduced by retaining programs whose
answers match the user’s.

3In the setting of EXCALIBUR, the input code example is usually short
enough for the user to inspect all the occurrences.
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Each ei (path expression) performs a “single-step” pattern
matching process. Like in XPath, a path expression ei takes an
AST subtree as input and selects its ancestor/descendant nodes
(or even semantically related nodes) that match the pattern
specified by ei. For example, when evaluating the expression
descend<()> in Figure 3, the descend keyword specifies
matching against the input subtree’s descendant nodes, and the
code fragment () inside <·> specifies selecting nodes that are
empty parentheses.

Path expressions can also be applied to multiple AST
subtrees. In this case, the output is the union of performing
the matching process to each AST subtree, e.g., evaluating
ancestor<‘*.*()’> in Figure 3 returns the two brackets’
respective method calling ancestors. Without loss of generality,
we let the input to a path expression be a set of AST subtrees
(e.g., σi in Figure 3) in this paper.

Evaluating

descend<()>

{arr.toString(),
 arr.hashCode()}

{ public class 
  Foo ... }

{ (), () }

ancestor<"*.*()">

descend<()>/ancestor<"*.*()"> on Example Code

𝜎! 𝜎" 𝜎#

Fig. 3: A path program P = e1/e2 and its evaluation, where e1
is descend<()> and e2 is ancestor<‘*.*()’>. Each
σi denotes a set of AST subtrees.

Like in XPath, the slashes “/” chain a sequence of
path expressions ei for “multiple-step” pattern matching.
Specifically, the evaluation of e1/ . . . /en can be understood
as the lambda expression

λσ0. en(en−1(. . . (e1(σ0)))),

where σ0 denotes the input and is by default a singleton set
containing only the example code snippet (the AST root).
The step-by-step evaluation process can also be viewed as a
cascading transition between different σi:

σ0
e1−→ σ1

e2−→ . . .
en−→ σn.

(ExState). Hence, each set of code fragments σi represents
an ExPath program’s running state. We called such states
EXSTATEs. All code fragments in an EXSTATE match a
specific code pattern, which is specified by ei and its
predecessors e1, . . . , ei−1.

ancestor<"*.toString()">

Disjunct

{arr.toString()}

{arr.hashCode()}

{ arr, {1,2,3}, 
  ... }

ancestor<"*.hashCode()">

descend<array>

{arr.toString(),
 arr.hashCode()}

Disjunct(
 descend<array>/ancestor<"*.toString()">,
 descend<array>/ancestor<"*.hashCode()">)

Evaluating on Example Code

𝜎!

𝜎"

𝜎#

𝜎$

𝜎%

Fig. 4: Example set operation and its evaluation

Set Operations. Furthermore, ExPath allows set operations
Conjunct (∩), Disjunct (∪), and Diff (\) to be applied

to path programs. This allows the expression of composite
code patterns like “hashCode or (∪) toString calls”. When
evaluating a set operator, the subsidiary programs are first
evaluated separately into the resulting EXSTATEs, which are
then fed to the set operator (e.g., union) to yield the final
EXSTATE, as shown in Figure 4.

Encoding Consistent Programs with Version Spaces. Given
an input-output example, EXCALIBUR encodes all programs
(within a bound) consistent with the example via a structure
called a version space [22], [5].

A version space in EXCALIBUR is a graph with vertices
denoting EXSTATEs (e.g., vertices in Figure 4) and edges
labeled by path expressions. Specifically, there must be an
initial state denoting the example input and a target state
denoting the example output. Path expressions on the same
edge are observationally equivalent in evaluating the incoming
state to the outgoing state, i.e., e1(σin) = e2(σin) = σout for
an edge like

σin
e1,e2−−−→ σout.

The version spaces in EXCALIBUR also allow directed
hyper-edges ⟨σin1

, σin2
⟩ → σout that take two positioned

incoming states and one outgoing state. Such hyper-edges are
labeled with set operators (e.g., Conjunct) to denote set
operations in ExPath. For example, the below version space
specifies that σ3 is the intersection of σ1 and σ2.

σ0

σ1

σ2

σ3Conjunct

a, b

c, d

e, f

g, h

A version space can be constructed in a breadth-first search
way and is initialized with only the initial state. Iteratively,
EXCALIBUR enumerates all path expressions and set operators
on all the states in the graph to find new states and update the
states/edges on the graph, until a bound of the iterations is
reached. More details are in Section IV-A.

The graph representation of a version space succinctly
encodes multiple programs that input a specific initial state
and output a specific target state. Consider the above version
space example, each path from σ0 to σ3 represents a set
of programs, i.e., all Cartesian products of expressions in
different edges. For example, the path {a, b} → {e, f}
represents four programs a/e, a/f, b/e, and b/f . As
such, EXCALIBUR avoids explicitly enumerating all example-
consistent programs. The size of a version space (number
of edges/states) is logarithmically smaller than the size of
programs represented by the graph.

A version space can also accelerate the operations on
the represented programs. For example, a common operation
during the QA interaction of EXCALIBUR is to follow the
user’s answer to mark an EXSTATE as irrelevant to the
target program and remove the programs relevant to the state.
Removing all such programs can be achieved by simply
removing the state from the graph because the paths pertinent
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to the state and the programs constituted by these paths are
automatically removed.

For the program synthesis problem in this paper, an
algorithm is sound if all the synthesized programs satisfy
the given input-output examples; an algorithm is bounded-
complete if, for any program that satisfies the input-output
examples and is within the bound of search budget, the
program is included in the synthesized results.

Theorem II.1. The synthesis algorithm in EXCALIBUR is
sound and bounded-complete. The proof can be derived
from the properties of version spaces and is detailed in the
supplementary material [23].

B. Estimation Phase: Assigning Probabilities to Programs

Thus far, all example-consistent programs in the version
space are treated as equally likely to be the target program, but
this does not align with the user’s perspective. Most example-
consistent programs exhibit behaviors that diverge from the
natural language description of the target program. Therefore,
we propose assigning probabilities to programs based on their
alignment with the user’s intent (NL description) to facilitate
distinguishing the target program from others.

Probabilistic Version Spaces. Recall that each EXSTATE in
version spaces encodes not only example-consistent programs
but also the matched code fragments. Different code fragments
have different correspondence with the user’s NL description
and can thus serve as features (like in decision tree) to estimate
the corresponding programs’ probabilities.

Specifically, EXCALIBUR uses code fragments in the
states as features and exploits LLMs’ in-context learning
capability [24], [25] to classify whether a feature is
related. Each feature is assigned a probability based
on the classification result and the LLM’s “confidence”.
Then, these probabilities propagate via the version space
through states containing the features and along the state-
pertinent edges/paths to estimate their constituted programs’
probabilities. We exemplify the calculation instincts below and
leave the details to Section IV.

Initial State
Target State

{arr.toString()}

{arr.toString(),
 arr.hashCode()}

{arr.hashCode()}

{ public class 
  Foo ... }

{ (), () }

0.2

{ arr, {1,2,3}, 
  ... }

0.8

Pr(P1)	=	...	*	0.2	*	(1	-	0.8)	*	...

Disjunct

Pr(P2)	=	...	*	(1	-	0.2)	*	0.8	*	...

Fig. 5: Basic idea of ProbVS. ➊ and ➋ edges correspond to
the program P1 and P2, respectively.

Take Figure 5 for example, suppose an empty argument list
() and an array-type expression arr are the features. Because
() is not related to the user intent, this code fragment is
assigned a low probability like 0.2, while arr is relevant and
assigned a high probability like 0.8. Then, the code fragments’
probabilities propagate via the version space to calculate the

consistent programs’ probabilities. The basic idea is to model
a program’s probability in proportion to each code fragment’s
probability P (resp., 1−P) if the code fragment is ever (resp.,
never) matched by the program. For example, the overfitting
program P1, which matches () but not arr, is modeled with
a proportion 0.2× (1− 0.8). Likewise, the target program P2,
which matches arr but not (), is modeled with a proportion
(1− 0.2)× 0.8.

Since the probabilities are propagated via the version
space, we call this approach probabilistic version spaces
(ProbVS). ProbVS exploits the correspondence between the
NL description and the matched code fragments in an explicit
task, so we considered ProbVS more fine-grained and user-
aligned than simple heuristics like preferring shorter programs
or assigning a priori probabilities at the grammar level [26]
without considering the explicit context.

Estimating Code Fragments’ Probabilities. EXCALIBUR
estimates a code fragment’s probability by prompting a
large language model (LLM) a binary classification problem:
whether the code fragment matches any part of the NL
description. A simplified prompt4 for the binary classification
problem is shown below.

```
public class Foo {

public void test() {
int[] arr = {1, 2, 3};
...

}
}
```

Is `Foo` related to the task “toString and hashCode calls on
array-type objects” ? Just answer Yes or No.

The LLM’s response contains a probability distribution
on the LLM’s token vocabulary, and EXCALIBUR assigns
the probability of the label token (e.g., “Yes”) to the code
fragment. This process repeats for all/selected code fragments
in the version space. Then, as shown in Figure 5, these
probabilities propagate via ProbVS to yield a probability
distribution of the example-consistent programs.

C. Disambiguation Phase: Interactive Program Synthesis

Although ProbVS provides a probability distribution of the
candidate programs, the user’s target program may not be
ranked top due to the ambiguity in the NL specification.
For example, in “toString and hashCode calls on arrays”, it
is unclear whether “arrays” refers to array-type objects or
a variable named arrays. LLMs may also make wrong
predictions, such as mistaking a statement like foo.bar();
as a call expression due to overlooking the semicolon.

To further assist the user in efficiently identifying the
target program, EXCALIBUR adopts the question-answer-based
interactive synthesis framework [11], [10], which iteratively
asks a question q to which different programs correspond to

4In practice, the prompt we adopt is more complex (available at [23]) and
tries to guide the LLM to solve the task in a chain-of-thought way [27]. We
also squeeze multiple code fragments to query in a single prompt in order to
reduce the cost of querying LLMs.
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different answers, and the user answer α (based on the target
program) filters out inconsistent programs.

Question Space. In QA-based interactive synthesis, questions
are drawn from a set of question candidates Q called the
question space. Given a programming-by-example task to
synthesize a program P , a natural way to construct the
question space Q is to take the program inputs x as questions,
where the user answers are the expected outputs y = P (x).

Unfortunately, for code search tasks, finding inputs x
(code snippets in industrial programming languages like Java)
satisfying complex constraints (for distinguishing various
ExPath programs) remains difficult, as discussed in Section I.
Alternatively, EXCALIBUR asks questions in the following
template (for novice users):

When localizing your target code pattern step by step, is <code
fragment> <exactly | nested in> an intermediate
result? Each step takes in an intermediate code fragment f and
returns its related code fragments that are:

• AST ancestors or descendants with a specific syntactic
structure, e.g., expression, statement;

• AST ancestors or descendants with a specific semantic
property, e.g., array-type, string-type, inherited methods; or

• semantically related to f , e.g., callers/callees of f .

Or formally (for proficient users):

When evaluating your target ExPath program step by step,
would any EXSTATE contain any code fragment <exactly |
nested in> <code fragment>?

This question template disambiguates ExPath programs
by exploiting their runtime behaviors, i.e., whether <code
fragment> or its nested fragments occur during the
evaluation. To answer such questions, the user needs to
“simulate” a step-by-step evaluation of the path program but
does not need to know the exact path expressions in ExPath.

Consider the motivating example to search toString calls
and hashCode calls on array-type objects. The users can
simulate a matching procedure to first localize array-type
objects (i.e., arr and {1, 2, 3}), followed by toString
calls (i.e., arr.toString()) and hashCode calls (i.e.,
arr.hashCode()), even if the users do not know the exact
path expressions. Then, when asked a question substituting
an empty argument list “()” for <code fragment>, the
answer is clearly “No”, which then distinguishes the overfitting
program (Figure 3) and the target program (Figure 4).

Question Selection. The question-answer procedure in
EXCALIBUR iteratively narrows the range of the target
program. Intuitively, the more “relevant” questions are selected
for the user, the fewer rounds are expected for disambiguation.
However, given a probability distribution of candidate
programs (e.g., ProbVS), selecting the questions minimizing
the expected number of rounds is shown NP-hard [10]. Hence,
EXCALIBUR follows the SOTA approximation strategy called
minimax-branch [10], [11] (detailed below).

EXCALIBUR asks the user k questions (e.g., 3 in our
evaluation) in each round of interaction. Because each question
q ∈ Q has a binary answer (yes or no), k questions as a cluster

ProbVS

P1				P2
P3				P4			P5		

P1	P5 P		=	0.3

P2			P3 P		=	0.45

P4 P		=	0.25

Q3	=	{	q1,	q3	}

Q1	=	{	q1,	q2	}

P3
P	=	0.35

P2			P5
P	=	0.2

P4
P	=	0.25

P1
P	=	0.2

Q2	=	{	q2,	q3	}

P4
P	=	0.25

P3
P	=	0.35

P1	 P5
P	=	0.3

P2
P	=	0.1

Fig. 6: An example of minimax-branch in EXCALIBUR.
Each rectangle denotes a question cluster (Qi). Each small
oval denotes a branch (i.e., a subset of answer-consistent
programs), and a shaded one denotes the max-branch under
each corresponding question cluster.

(denoted as Q) has at most k-bit information (2k different
choices of answers) for disambiguation.

(Branch). Each answer α has a corresponding subset of
candidate programs consistent with α, and this subset is called
a branch. A branch’s probability P(α) is the sum of the
probabilities of programs in the branch, indicating how likely
the answer α would be given by the user. Figure 6 depicts an
example scenario selecting a question cluster (Qi) comprising
k = 2 questions (qi) for 5 candidate programs (Pi), which fall
in different branches with corresponding probabilities (P).

Given all possible
(|Q|

k

)
question clusters, the minimax-

branch approximation strategy identifies the question cluster
with a minimized “worst case answer”:

Q∗ = argmin
Q

max
α
P(α)

where maxαP(α) denotes the probability of Q’s max-branch,
i.e., the branch with the highest probability. This branch
corresponds to the worst-case answer because choosing a
branch with a higher probability generally means taking more
subsequent interaction rounds for disambiguation.

Take Figure 6 for example, the choice of Q3 can be first
discarded because it has a higher max-branch probability
(0.45) than those of Q1 (0.35) and Q2 (0.35). When the
max-branch probabilities are equal, the comparison continues
with the second-largest branch, third-largest branch, etc. In this
case, the second-largest probability under Q1 (0.25) is smaller
than that of Q2 (0.3), so the final selection is Q1.

We also exemplify how ProbVS improves the question-
answer efficiency. Suppose ProbVS makes correct estimations,
the target program is expected to have a higher probability than
others. Then, the minimax-branch strategy is inclined to find a
question (cluster) where the target program is in a branch with
fewer other programs, so the reduction of remaining programs
converges more quickly. For example, suppose P2 is the target
program and has a high probability 0.5. Both Q1 and Q3

put P2 in a branch with other programs, so the max-branch
probabilities are greater than 0.5; while Q2 puts P2 alone in
one branch corresponding to a max-branch probability of 0.5.
The minimax-branch strategy thus selects Q2, allowing the
user to identify the target program with only one interaction.
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III. PRELIMINARIES

We formulate the preliminary concepts in EXCALIBUR in
this section, including the specification of the synthesis task
and our DSL ExPath.

A. Multi-Modal Specification

The specification Φ in EXCALIBUR is multi-modal, i.e.,
Φ = ⟨ΦE ,ΦN ⟩, where ΦE is an input-output example pair, and
ΦN is a natural language (NL) description of the user intent,
e.g., “Find toString and hashCode calls on array objects”. The
first design principle of EXCALIBUR is soundness, i.e., the
synthesized programs must satisfy the input-output example
in ΦE . EXCALIBUR only uses the informal ΦN to estimate
the probabilities of candidate programs instead of generating
programs directly from NL.

Example Input. The example input is a code snippet I , which
could be a Java class, method, or any element that can be
parsed as an abstract syntax tree (AST) like Figure 2. Let V
denote the set of all AST nodes. An AST t is represented as

• a leaf node v ∈ V ,
• or v(t1, . . . , tn), where v ∈ V is an internal node, and
t1, . . . , tn are subtrees.

Wd also use v to denote the subtree rooted at v ∈ V
for simplicity. Each AST node v ∈ V is associated with
a sort name v.sort denoting a syntactic construct, e.g.,
expression or typeDeclaration. Each AST node also
has a pointer to its parent v.parent to support the operation of
retrieving ancestors. We use r to denote the root of the input
code, e.g., compilationUnit in Figure 2.

Example Output. The example output is a set of user-
specified code fragments in the input example, e.g., the
highlighted method calls in Figure 1. Each output code
fragment o is a subtree in the input AST I , and the example
output is denoted as O = {o1, o2, . . .}.

Hence, both the example input I and the example output
O are denoted as sets of ASTs, i.e., I = {r} ⊆ V and O =
{o1, . . . , on} ⊆ V , which correspond to the EXSTATEs we
illustrate in Section II-A.

Consistent Program. In the remainder of this paper, we refer
to consistent programs Pc as those synthesized programs that
output O when running on I , i.e., Pc = {P | JP K(I) = O}.
The previous synthesizers for code search (e.g., SPORQ [4])
may return an arbitrary consistent program, while EXCALIBUR
aims to find all consistent programs (ensuring bounded
completeness) within a search budget and help users identify
the target program.

B. Domain-Specific Language

As illustrated in Section II, programs in EXCALIBUR
include XPath-like path programs and set operations-based set
programs. Specifically, they are described in a domain-specific
language (DSL) called ExPath in Figure 7.

Like other DSLs for program synthesis, the design principle
of ExPath is to be expressive enough to handle a wide
range of code search tasks while also restrained enough to

⟨program⟩ ::= ⟨pathProg⟩ | ⟨setProg⟩

⟨pathProg⟩ ::= ⟨pathExpr⟩ / ⟨pathProg⟩ | ⟨pathExpr⟩

⟨setProg⟩ ::= Conjunct ( ⟨program⟩ , ⟨program⟩ )
| Disjunct ( ⟨program⟩ , ⟨program⟩ )
| Diff ( ⟨program⟩ , ⟨program⟩ )

Fig. 7: Context Free Grammar of ExPath

Path Program Je / P K(σ) = JP K(JeK(σ))

Disjunction JDisjunct(P1, P2)K(σ) = JP1K(σ) ∪ JP2K(σ)

Conjunction JConjunct(P1, P2)K(σ) = JP1K(σ) ∩ JP2K(σ)

Difference JDiff(P1, P2)K(σ) = JP1K(σ)− JP2K(σ)

Fig. 8: Evaluation rules of ExPath. J·K denotes evaluating
an expression or a program. Each P denotes an ExPath
program. Each e denotes a path expression. Each σ denotes
an EXSTATE.

make synthesis and disambiguation tractable. We base ExPath
on XPath for its expressiveness in describing hierarchical
patterns in tree-like structures, e.g., code patterns on ASTs.
Such XPath-like languages are widely adopted by source-code
analysis libraries (e.g., Spoon [2]) and program synthesizers
for refactoring [19], [20].

ExPath further enhances the expressiveness with set-based
operations. Typically, previous works [19], [20] do not support
disjunctive patterns (e.g., “pattern A or B”), possibly because
it burdens synthesis efficiency and users are assumed to be
able to divide such patterns manually. For users’ convenience,
ExPath supports disjunction by managing the efficiency burden
via the version spaces representation and a bounded search
budget, e.g., the number of set operators.

EXSTATE. An EXSTATE σ is a set of code fragments (σ ⊆ V )
that match a specific code pattern (specified by a ExPath
program) in the input code snippet. All ExPath operators (path
expressions and set operators) take EXSTATEs as inputs and
output an EXSTATE, so EXSTATEs can also be viewed as
running states of ExPath programs.

Path Program. A path program is denoted by a sequence
of path expressions e separated by slashes “/”, and these
expressions are evaluated successively, as shown in Figure 8.
Each path expression takes the current EXSTATE as input and
transforms it into the next EXSTATE. The initial EXSTATE
(by default {r}) is transformed successively into the final
output EXSTATE, which contains code fragments matched by
the whole path program.

Path Expression. A path expression is an EXSTATE-to-
EXSTATE function. Specifically, EXCALIBUR adopts three
categories of path expressions: node-based, semantic-based,
and pattern-based. They cover simple (node-based) and
complex (pattern-based) AST patterns and simple semantic
patterns (semantic-based). Table I lists their representations
and evaluation rules, which we illustrate as follows.

(Node-based Expression). A node-based expression consists
of an indicator of the relative position in the AST and
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TABLE I: Path Expressions and their evaluation rules in EXCALIBUR. RP denotes a relative position relation in ASTs, e.g.,
descendant or ancestor. sort denotes an AST sort name. UR (resp., BR) denotes a unary (resp., binary) relation on AST nodes.
pt denotes a wildcard pattern on AST nodes, and v |= pt denotes v matches pattern pt . e denotes a path expression. σ denotes
the input EXSTATE. v denotes an AST node.

Category Representation Example Evaluation Rules

Node-based RP<sort> descendant<expression> JeK(σ) = {v′ | (v′, v) ∈ RP ∧ v′.sort = sort , v ∈ σ}

Semantic-based
RP<UR> ancestor<stringTypeExpr> JeK(σ) = {v′ | (v′, v) ∈ RP ∧ v′ ∈ UR, v ∈ σ}

forward<BR> forward<taintFlow> JeK(σ) = {v′ | (v, v′) ∈ BR, v ∈ σ}
backward<BR> backward<methodCall> JeK(σ) = {v′ | (v′, v) ∈ BR, v ∈ σ}

Pattern-based RP<pt> descendant<* + *> JeK(σ) = {v′ | (v′, v) ∈ RP ∧ v′ |= pt , v ∈ σ}

an indicator of the target AST sort. For example, in
descendant<parameter>, descandant indicates the
output AST nodes are descendants of the input ASTs,
and parameter indicates the output AST nodes have the
sort name parameter. Evaluating a node-based expression
returns AST nodes matching these indicators. Given an input
example code snippet, the node-based expressions are obtained
by enumerating a fixed set of position indicators and the AST
sorts presented in the example code.

(Semantic-based Expression). When a user task relies on
semantic information (e.g., finding array-type objects in our
motivating example), the example input snippet is compiled
and analyzed with a set of predefined rules to extract unary
or binary 5 semantic relations. A unary relation UR is a set
of AST nodes (UR ⊂ V ) that share the same property, eg,
expressions of array type. A binary relation is over V × V ,
and each pair ⟨v1, v2⟩ in it satisfies a specific relation, e.g.,
v1 is a method definition and v2 is its call site. The rules to
extract such relations are adopted based on some common and
lightweight semantic analyses (e.g., expression types, control
flow, data flow) and are extendable as long as the output format
is a unary or binary relation on AST nodes.

A semantic-based expression encapsulates an extracted
relation and an indicator of the relative position (for unary
relation) or an indicator of flow direction (for binary relation).
Evaluating an expression based on a unary relation enumerates
AST nodes in the specified relative positions and then
returns the nodes satisfying the relation. Unary relation-based
expressions can express patterns like array-type expressions or
methods inherited from parental classes.

Evaluating an expression based on binary relation
enumerates the tuples in the relation and returns those
nodes pertinent to the input nodes in the forward or
backward direction. Binary relation-based expressions can
express patterns like call sites of a focal method.

(Pattern-based Expression). A pattern-based expression
extends node-based expression by specifying not a single AST
node type but a subtree with wildcard matching.

(Wildcard Pattern). A wildcard pattern pt and whether an
AST t matches the pattern (t |= pt) is defined recursively. A
wildcard pattern pt can be

• a concrete AST t′, and t |= t′ only if t = t′.
• a wildcard symbol *, and t |= * for any t.

5This format and our implementation are based on CODEQL.

• a tree structure st(pt1, . . . , ptk) where the root is a
nonterminal with sort name st and the children are
patterns pt1, . . . , ptk. An AST t = v(t1, . . . , tk) matches
if v.sort = st ∧ t1 |= pt1 ∧ . . . ∧ tk |= ptk.

Using pattern-based expressions shortens the required program
size of the target program and thus reduces the search
space in the synthesis/disambiguation stage. For example,
to express “expressions calling the toString method”,
using the wildcard pattern *.toString() is more concise
than expressing it as a conjunction of several path
programs. However, the number of wildcard patterns in
a code snippet can be enormous due to the exponential
number of combinations. Therefore, EXCALIBUR uses the
“most specific” pattern as a representative if two patterns
are observationally equivalent, i.e., they match the same
AST subtrees in the example code. For example, if
both arr.toString() and *.toString() match the
only occurrence arr.toString(), the more specific
arr.toString() in the subsumption lattice [28] is used as
the representative. Using the most specific pattern allows users
to further edit the pattern (replacing subtrees with *) to obtain
the intended level of abstraction. EXCALIBUR guarantees
the mined wildcard patterns are sound (most specific) and
complete, which is detailed in the supplement [23].

Set Program. ExPath adopts set-based operations to express
conjunction/disjunction/difference of code patterns described
by the subsidiary path programs. Such programs with
set-based operators are called set programs in ExPath.
Specifically, a set program is applying a set-based operator
(Disjunct/Conjunct/Diff) on two ExPath programs.
The evaluation result is given by applying the set operation on
the EXSTATEs returned by the subsidiary ExPath programs,
as shown in Figure 8. For example, the pattern “toString
and hashCode calls on array objects” can be described as a
disjunction of two path programs: (a) matching from array
object nodes to their direct ancestor expressions calling
toString, and (b) matching from array object nodes to their
direct ancestor expressions calling hashCode.

IV. PROBABILISTIC VERSION SPACE

This section starts with a brief illustration of the traditional
version spaces data structure customized by EXCALIBUR,
followed by the introduction of probabilities to this data
structure by ProbVS.
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σs

σ1

σ2

a, b

c, d

(a) Iteration k = 1

σs

σ1

σ2

σt

a, b

c, d

e

f

(b) Iteration k = 2

σs

σ1

σ2

σtConjunct

a, b

c, d

e

f

(c) Iteration k = 2,m = 1

Pσ1
= {a, b} Pσ2

= {c, d}

Pσt
= {a/e, b/e}
∪ {c/f, d/f}
∪ {Conjunct(a, c), . . .}

(d) Enumerated Programs

Fig. 9: Example of constructing a version space (a to c) and
enumerating the consistent programs (d)

A. Version Spaces

A version space [22], [5] is a graph representation of a set
of programs. This paper formulates a version space as a graph
structure ⟨Σ, σs, σt,Π⟩ where

• Σ is a set of EXSTATEs (vertices). Each represents a
running state of one or more consistent ExPath programs
executed on the example input I .

• σs, σt ∈ Σ are the source and sink EXSTATEs. The source
state σs = I = {r} denotes the input example code, and
the target state σt = O denotes the output examples.

• Π is a set of directed hyper-edges denoting the possible
transitions between the running states, each of which can
be either:

1) σ1 → σ2 associated with the set of path expressions
that can evaluate σ1 to σ2;

2) ⟨σ1, σ2⟩ → σ3 associated with the set of set operators
that can evaluate ⟨σ1, σ2⟩ to σ3.

Constructing Version Spaces. The set of path expressions
E is constructed by applying the templates in Table I to the
example code. Given E and an example input I , the following
procedure constructs the version space of ExPath programs
within the search budget, i.e., the number of path expressions
up to k and the number of set operations up to m:

1) Maintain the set of currently reachable states Σ
(initialized as {σs}) and the set of edges Π (initially
empty) recording how the states are reached.

2) Iterate k times: enumerate all path expressions e ∈ E and
all states σ ∈ Σ, update Σ with the new state σ′ = JeK(σ)
and add edge σ

e−→ σ′ to Π.
3) Iterate m times: enumerate a set operator op and two

distinct states σ1, σ2 ∈ Σ, update Σ with the new state
σ′ = op(σ1, σ2) and add edge ⟨σ1, σ2⟩

op−→ σ′ to Π.

Example IV.1. Figure 9 exemplifies the construction of a
version space with k up to 2 and m up to 1.

Version Spaces to Programs. Let Pσ denote the set of
programs that evaluate σs to σ. Given a state σo ∈ Σ

of a constructed version space, Pσo
can be constructed by

recursively applying:
• For all edges σ1

e−→ σo, add P/e to Pσo
for all P ∈ Pσ1

.
• For all edges ⟨σ1, σ2⟩

op−→ σo, add op(P1, P2), to Pσo
for

all P1 ∈ Pσ1
and P2 ∈ Pσ2

.
In particular, example-consistent programs are those that

sink at σt. Figure 9d examplifies the intermediate Pσ1
,

Pσ2
, and the final Pσt

in Example IV.1. The set of all
consistent programs can be quite large in practice. To avoid
the overhead of exhaustive enumeration, EXCALIBUR directly
updates the version space (Section V) to be consistent with
the user’s question answers during the interaction, after which
the number of consistent programs is typically reduced to
a tractable size, e.g., 1,000. The complete algorithms for
constructing version spaces and enumerating programs can be
found in the supplementation [23].

Visited Code Fragments. When matching code patterns,
programs in the version space “visit” the intermediate code
fragments (AST nodes) in EXSTATEs. Take Figures 3 and 4
for example, a user can easily tell arr.toString() is one
of the code fragments visited by the target program searching
for toString and hashCode calls on arrays, while () is
not. We formulate the visited code fragments (VCF) τ of an
ExPath program P on a specific input σ as the set of code
fragments occurred during the execution of P (σ). The rules
to yield τ (denoted as JP K(σ) ⇓ τ ) are given in Figure 10.

σ′ = JeK(σ)
JeK(σ) ⇓ σ ∪ σ′

JeK(σ) ⇓ τ1 JP K(JeK(σ)) ⇓ τ2

Je/P K(σ) ⇓ τ1 ∪ τ2

JP1K(σ) ⇓ τ1 JP2K(σ) ⇓ τ2 σ′ = Jop(P1, P2)K(σ)
Jop(P1, P2)K(σ) ⇓ τ1 ∪ τ2 ∪ σ′

Fig. 10: Rules for yielding τ . op denotes a set operator.

Example IV.2. Consider the version space in Example IV.1.
Let σ1 = {v1, v2}, σ2 = {v2, v3}, and σt = {v2}, the
programs a/e and b/e yield τ1 = {v1, v2}; c/f and d/f
yield τ2 = {v2, v3}; and the Conjunct programs yield
τ3 = {v1, v2, v3}. The AST root in σs is omitted for simplicity.

Questions for Disambiguation. As introduced in Section II-C,
the questions in EXCALIBUR disambiguate programs based on
their visited code fragments. Specifically, a question is asking
whether there is a code fragment during execution that is
“exactly v” or “nested in v”. Formally, an exactly
question asks whether the user’s target program’s visited code
fragments τ∗ satisfies

v ∈ τ∗, (1)

while a nested-in question asks whether

∃v′ ∈ τ∗. v′ ∈ v.descendants. (2)

The set of all possible questions (denoted as the question
space Q) is defined by Equations (1) and (2), where v ranges
over all code fragments in the example code.
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Example IV.3. Consider the code fragments v1, v2, v3 in
Example IV.2. Suppose the target program is c/f and τ∗ =
{v2, v3}, the question space Q contains three questions, v1 ∈
τ∗, v2 ∈ τ∗, and v3 ∈ τ∗ according to Equation (1). We omit
Equation (2) in examples for simplicity.

B. Probabilistic Model

For efficient disambiguation among consistent programs,
our goal is to estimate P(P |Φ), the probability of a program
P conditioned on the task’s specification Φ (both the examples
and NL description). ProbVS uses the code fragments visited
by P as the features of P to help estimate its probability.

A feature ω is a binary event (random variable) indicating
whether a program’s execution meets a specific condition
in Equation (1). Its probability P(ω|Φ) is modeled as how
likely (determined by an LLM) the event is true for the
target program. A program is assigned a higher (resp., lower)
probability if its features are more (resp., less) consistent with
the LLM’s estimation. The set of code fragments as features
can be all the AST subtrees of the user-given example code
or its subset.

Probabilities via Features. Suppose a candidate program P is
associated with a feature vector ω⃗ = ⟨ω′

1, . . . , ω
′
n⟩, following

the Bayes’ law, the probability of P being the target program
can be decomposed as

P(P |Φ) = P(ω⃗|Φ) · P(P |ω⃗,Φ). (3)

P(ω⃗|Φ) is the probability of ω⃗ in the joint distribution of
features {ω1, . . . , ωn}. To simplify the computation of the joint
distribution, ProbVS assumes independence of these random
variables 6.

P(ω⃗|Φ) =
∏
i

P(ωi|Φ). (4)

Each ωi is 0 or 1, and ProbVS estimates P(ωi|Φ) by
encoding Φ in a prompt and asking the LLM to classify
the value of ωi for the target program. P(ωi = l|Φ) can
be computed from the probability of the first token of the
classification label l in an LLM’s autoregressive generation.

Note that the questions for LLMs (ω⃗) is a subset of
the questions for users (τ ). The user is assumed to know
the exact answer because he/she knows the target program’s
expected behaviors, while an LLM is expected to make user-
aligned estimations (i.e., assigning high probabilities when the
user answers are positive). Intuitively, a correct estimation
“answers” a question in a probabilistic way, thus waving the
need for users to answer.

Example IV.4. Suppose the used features are ⟨ω1, ω2⟩, which
correspond to v1 and v2 in Example IV.2, respectively. Let
P(ω1|Φ) = 0.2 and P(ω2|Φ) = 0.9. The programs with τ1 =
{v1, v2} and τ3 = {v1, v2, v3} have a feature vector ω⃗1 =
⟨1, 1⟩, and P(ω⃗1|Φ) = 0.18. Programs with τ2 = {v2, v3}
corresponds to ω⃗2 = ⟨0, 1⟩ and P(ω⃗2|Φ) = 0.72. Since ⟨1, 0⟩

6Features may be correlated in practice. However, this simplified model
still provides a better estimation than not using the execution information, as
shown in the evaluation.

and ⟨0, 0⟩ are absent from the version space, P(ω⃗1|Φ) and
P(ω⃗2|Φ) are normalized to be 0.2 and 0.8, respectively.

Computing Probabilities. Maintaining the probability for
each program P for computing the answers’ probabilities in
question selection is costly. Recall that all questions q ∈ Q can
be answered by the visited code fragments τ of a program.
τ |= (q, α) if τ answers α. This enables the use of τ to
partition the programs in the version space and maintain the
cumulative probability per VCF τ .

P(α) =
∑

P |=(q,α)

P(P |Φ) =
∑

τ |=(q,α)

∑
JP K(σs)⇓τ

P(P |Φ) (5)

Since each τ determines a unique feature vector ω⃗τ , the
cumulative probability P(τ) can be expanded as

P(τ) = P(ω⃗τ |Φ)
∑

JP K(σs)⇓τ

P(P |ω⃗τ ,Φ). (6)

EXCALIBUR models P(P |ω⃗,Φ) with a heuristic scoring
function s(P ) over all programs consistent with the example
Φ and with the feature vector ω⃗:

s(P ) =

{
1/(n+ 1) if P = e1/ . . . /en,

s(P1) · s(P2) if P = op(P1, P2)
,

which prioritizes programs with fewer path expressions and
set operators. s(P ) is then normalized to give the probability
distribution of

P(P |ω⃗,Φ) = s(P )∑
P |=ω⃗,Φ s(P )

.

Note that the definition of s(P ) also enables a divide-and-
conquer way to sum scores of programs with set operators:∑

P1∈P1,P2∈P2

s(op(P1, P2)) =
∑

P1∈P1

s(P1) ·
∑

P1∈P1

s(P2).

Example IV.5. Since only τ2 has the feature vector ω⃗2, we
have P(τ2) = P(ω⃗2|Φ) = 0.8 from Equation (6). τ1 and
τ3 share the feature vector ω⃗1, so EXCALIBUR needs to
compute program scores. For τ1, the programs a/e and b/e
are both scored 1/3. For τ3, the four Conjunct programs
are all scored 1/4. After normalization, P(τ1) = 0.08, and
P(τ3) = 0.12. The VCF τ2 of the target program (c/f ) is
assigned the highest probability.

V. INTERACTIVE QUESTION-ANSWERING FOR
DISAMBIGUATION

This section introduces the operations in a ProbVS
to support question-answer interactions, including selecting
questions with the minimax-branch strategy and updating the
ProbVS according to the user-given answers.

A. Question Selection

During the interaction, EXCALIBUR maintains for each
consistent program its visited code fragments (VCFs) τ and
the probability of τ , i.e.,

T = {τ 7→ P(τ) | JP K(σs) |= τ, P ∈ Pc}.

Page 10 of 42*****For Peer Review Only*****

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



IEEE TRANSACTIONS ON SOFTWARE ENGINEERING, VOL. X, NO. X, APRIL 2024 11

Algorithm 1 Beam search

1: function BEAMSEARCH(Q, b, k)
2: B ← MAP() ▷ Initialize the beam set
3: for all i = 1, . . . , k do ▷ Iterate tuple arity
4: B′ ← MAP()
5: for all Q ∈ B.KEYS(), q ∈ Q do
6: B′.INSERT(Q+q, MINIMAXBRANCH(Q+q))

7: B ← B′.MINBYVALUE(b) ▷ Keep only top b

8: return B.MINBYVALUE(1)

The initial T can be derived by traversing the version space
with the rules in Figure 10, and the probabilities can be
computed correspondingly by summing the scores s(P ) of
programs P that yield τ and then normalizing over ω⃗τ .

To reduce the number of rounds to finish the question-
answer loop, EXCALIBUR leverages the minimax-branch
strategy following existing work [10], [11]. In each round,
EXCALIBUR presents the user with a question cluster Q
consisting of exactly k questions, i.e., Q = ⟨q1, . . . , qk⟩ ∈ Qk.
The user gives the answer α ∈ {0, 1}k for all k questions to
eliminate the unintended programs from the version space.
The selected question cluster is the one that minimizes the
maximum branch probability:

Q∗ = argmin
Q

max
α
P(α), (7)

where each branch’s probability is defined in Equation (5).
Instead of calculating Q∗ by computing maxαP(α) for

all
(|Q|

k

)
possible question clusters of size k, EXCALIBUR

approximates the optimization by the beam-search [29]
algorithm in Algorithm 1.

In the algorithm, a beam (window) B of size b is used to
maintain the best b intermediate i−ary question clusters (keys)
and their maximal-branch probabilities (values) after the i-
th iteration. When b = 1, this algorithm becomes a greedy
search, which is the default strategy because the experiment
results (Section VII-E) show that increasing the beam size does
not significantly improve the selected questions but slows the
search efficiency.

For simplicity, the loss function in Equation (7) lists only
the maximal branch probability maxαP(α). In practice, the
MINIMAXBRANCH function compares not only the maximal
branch probabilities but also the second largest if the max
branches’ equal, and the third largest, etc.

B. Updating ProbVS with User Feedback

When a question is answered true or false by the
user, EXCALIBUR updates the version space and VCFs T
accordingly to maintain only the programs consistent with the
user feedback. To ease presentation, we say an EXSTATE σ
witnesses a question q if σ is an state that makes the existential
statement Equation (1) or Equation (2) true.

For question q received a negative answer (0), T is updated
by removing all the VCFs whose bit corresponding to q is
1. To update the version space, EXCALIBUR traverses all
the states and removes all those who witness q. Because a

consistent program must have all its paths in the version space,
removing such states (and the pertinent edges) naturally prunes
the programs inconsistent with the user feedback (q, 0). For
example, answering v1 ∈ σ1 (Figure 9c) is not visited will
prune the version space as follows.

σs

σ2

σt

c, d f

For question q received a positive answer (1), T is updated
by removing all the bitvectors whose corresponding bit is 0.
Updating the version space, however, cannot be achieved by
simply removing states like the negative feedback, because a
program can have multiple sub-programs (e.g., Disjunct), and
q only needs to be witnessed by one of them to be positive.
EXCALIBUR takes a lazy approach in pruning the version
space. Specifically, the positive questions are only added to
a set Q+ during the interaction, while the actual pruning
process happens when enumerating the consistent programs.
When enumerating programs, the associated VCFs are used for
checking, and only those that witness all the positive questions
Q+ are returned.

VI. IMPLEMENTATION

Parsing and Semantic Analysis. Parsing the user-given code
snippets into ASTs is based on Antlr 4 [30]. Currently,
EXCALIBUR targets Java for evaluation but can be extended to
other languages. As for the semantic relations as the building
blocks of the path expressions, most analysis rules are written
in CODEQL queries [1], which return unary or binary AST
tuples as relations. The semantic analysis rules employed by
EXCALIBUR can be found on its homepage [23]. Note that
these rules can be extended to relations represented as 1-ary
or 2-ary AST tuples. Although the increase in relations can
add overhead to the encoding and disambiguation phases, we
observe the overhead is mild because a simple example code
does not contain massive relation tuples.

Selecting Code Fragments for Estimation. LLMs cannot
handle excessive requests (e.g., all code fragments) within a
reasonable time, so our implementation only selects part of
the code fragments for estimation. Also, code fragments may
“duplicate” and confuse LLMs. For example, a variable foo
has different semantics when being passed as an argument
or being assigned a value. Providing extra context for a code
fragment costs extra prompt space and may lead to suboptimal
performance. As such, we adopt a workaround: only code
fragments whose normalized texts do not duplicate with others’
are selected. A normalized text is the string form of a code
fragment with all the line separators removed and spaces
normalized as one space. Consider our motivating example,
the normalized text of arr in arr.hashCode() duplicates
with that of arr in arr.toString(), so both arr will
not be selected. Otherwise, their contexts need to be specified
and consume extra prompt space. On the other hand, this
workaround might filter out useful code fragments (features)
like the above arr. But usually, the remaining features after
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filtering are still sufficient for ProbVS to give a probability
distribution that is distinguishable.
Computing Probabilities in ProbVS. Computation of the
branches’ probabilities (Equation (5)) can be accelerated by
stacking the feature bitvectors into a matrix and using the
matrix acceleration libraries. Our current implementation uses
Breeze [31] and multithreading on CPU. Details can be
found in the open-source repository [23]. We anticipate the
performance could be further enhanced by migrating the
computation to GPU with certain engineering efforts.
Prompt Design. To elicit an LLM’s capability of estimating
whether a code fragment is in the target program’s evaluation
trace, we refer to the chain-of-thought [27] and few-shot
learning [24] tactics to guide the LLM to decompose the task
step by step. Specifically, the first step is to identify and print
the important constructs (called axes in the prompt) in the
NL description. Then, the LLM classifies each given code
fragment as an identified axis, or an inner/outer scope of an
axis, or irrelevant. Such finer-grained classification aims to
reduce hallucination. Only code fragments classified as axes
are considered positive. In addition, to reduce the monetary
cost and latency of estimating n code fragments in the same
task, EXCALIBUR concatenate n retrievals in a single prompt.
The final prompt template is as follows, and more details (e.g.,
the one-shot example) are in the supplementation [23].

You are a Java expert and user assistant. The user would describe
what kind of codes they want to extract. Your task is to analyze
the user task and classify some code snippets according to their
relations with the user task. Below are some examples.

<one-shot example>

### User Task
<user-given description>

### Example Code Snippet
``` <example input> ```
The matched codes are <example outputs>.

### Assistant’s Task
The user-desired codes would be extracted by an XPath-like
program, which navigates through AXIS nodes to reach the
desired nodes. An AXIS node usually matches some part of the
user description but NEEDS NOT match ALL. It can sometimes
be the opposite. Your task is to first identify the AXIS constructs
from the user description and list them one by one. Then, you
need to read each given code, identify its syntactic type (e.g.,
expression, statement), and compare the code with the AXIS
structs you identified above. Finally, classify the nodes as one
of the following:

`Axis (x)` denotes the code is exactly the (x) Axis construct
you identify.

`Outer` denotes the code is an outer scope of target codes or
axes.

`Inner` denotes the code is an inner part of target codes or
axes.

`Irrelevant` denotes the code has no relevance to the target
codes or axes.

Nodes to classify:
<code fragment 1>
<code fragment 2>

. . .

### Answer

VII. EVALUATION

In this section, we evaluate the overall performance of
EXCALIBUR and the effectiveness of ProbVS with the
following research questions:

• RQ1. How effective is EXCALIBUR in synthesizing code
search programs?

• RQ2. How effective is ProbVS in improving question
selection performance?

• RQ3. How does ProbVS affect the probability
distribution of consistent programs?

• RQ4. How do configurable parameters affect the
performance of ProbVS?

To answer these questions, we prepared a benchmark
comprising 44 code search tasks (Section VII-A). RQ1
investigates the performance of EXCALIBUR and compares
it with a replication of a recent code search PBE technique
SPORQ [4]. RQ2 investigates the effectiveness of ProbVS
in improving question selection, i.e., reducing the number
of interactive rounds. We compare the results obtained
using the baseline probability distributions (uniform and a
priori) with those using ProbVS. RQ3 measures how ProbVS
affects candidate programs’ probabilities using metrics like
entropy (Section VII-A). RQ4 investigates the impacts of
configurable parameters (e.g., approximate search strategy)
on the performance of EXCALIBUR by experimenting with
different parameter settings.

A. Experimental Setting

Benchmark. We collected code search tasks from two sources:
(a) Spoon codes from GitHub and (b) the evaluated tasks’
descriptions in SPORQ. We consider Spoon because it is
a popular code analysis library based on Java ASTs. We
identified tasks in the scope of EXCALIBUR from code
snippets using Spoon to perform code pattern matching. To
find such code snippets, we searched GitHub with the keyword
import spoon.processor (the package in Spoon for
matching code patterns) and selected the top 10 projects
ordered by their update time (ordered by stars is not available).
We analyzed the documents/codes of these projects and
selected those tasks with the complexity levels targeted by
existing code search tools [4], [3], [32]. Specifically, the
focal tasks could be described in one sentence involving
several syntactic/semantic properties, e.g., expressions adding
primitive values and strings.

To collect tasks from the SPORQ paper [4], we checked the
reported tasks’ descriptions, which focus on C/C++ patterns.
Since EXCALIBUR is implemented for Java code search tasks,
we excluded those tasks that involve features not supported
by Java, e.g., casting unsigned to signed and doing pointer
arithmetic. For the remaining tasks, we manually adapted them
to Java based on their descriptions and the involved features,
e.g., implicit type conversion follows similar but different
rules in C++ and Java. We excluded 4 tasks that cannot be
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expressed or accomplished by all the synthesizers evaluated
in this evaluation, including EXCALIBUR and the baseline
synthesizers. Finally, the benchmark consists of 36 tasks from
GitHub and 8 tasks from the SPORQ paper.

For each task’s target code pattern, we manually crafted a
natural language description, a target program in ExPath, an
input example code, and the associated output code fragments.
These materials were prepared by a student helper and verified
by an author of this paper to ensure the consistency between
the NL description, example code, and target code pattern. We
also made similar preparations for the baseline synthesizer.

Table II shows the statistics of the 44 benchmark tasks.
Most tasks have PathLen ≤ 2 and #SetOp ≤ 1, while others
are more complex, having PathLen = 3 or #SetOp ≥ 2.
Both tasks with or without semantic operations (#Semantics)
or wildcard patterns (#Wildcard) account for fair portions.
Hence, this benchmark has a reasonable distribution in
different settings and is suitable for evaluating the performance
of EXCALIBUR. The full benchmark set is available on our
project repository [23].

TABLE II: Benchmark tasks partitioned into groups (table
rows) by PathLen (the maximum path length in the target
program) and #SetOp (the number of set operators in the target
program). #Semantics and #Wildcard denote the number of
tasks relying on semantic relations and wildcard patterns in
each group, respectively.

PathLen #SetOp #Tasks #Semantics #Wildcard

1 0 10 0 9
2 0 12 7 10
2 1 14 6 11
2 2 2 1 1
3 1 6 1 3

Total 44 15 34

Large Language Models. The LLMs used in this evaluation
include GPT4o from OpenAI and two open models for
coding, i.e., Qwen2.5-Coder-32B [33] and OpenCoder-8B-
Instruct [34]. They are state-of-the-art open models, as
indicated by the EvalPlus leaderboard [35], belong to distinct
families, and are sufficiently small to be deployed on our
machine. To mitigate the randomness of the LLMs, we
repeated our experiments three times for each model and
reported all the results.
Probability Distributions. As explained in Section IV,
the probability distribution of programs is critical to the
performance in the question selection problem. To evaluate
whether ProbVS can provide a distribution that leads to a
better performance, we experiment with the following different
distributions and compare their effects on the question
selection performance in RQ2 and RQ3.

1) The distributions given by ProbVS with different LLMs,
which represent the practical cases, including GPT4o,
QwenCoder, and OpenCoder.

2) APRIORI, the distribution computed with only the a priori
score function (Section IV), which serves as the baseline

with simple heuristic adjustment. It can also be regarded
as a baseline of the traditional version spaces with simple
ranking/scoring functions 7 normalized as probabilities.

3) RANDOM, the probability distribution assigning uniform
probabilities to all programs, which serves as the baseline
without any adjustment.

4) OPTIMAL, the distribution computed using ProbVS with
perfect estimations extracted from the ground truth, which
serves as an upper bound of the ProbVS approach.

Experimental Environment. All the experiments were
conducted on a server with a 128-core processor, 1TB of
memory, and two RTX 6000 Ada GPUs. It took around
80GB and 20GB of GPU memory to run QwenCoder and
OpenCoder, respectively. When running a synthesizer, at most
8 cores and 10 GBs of memory were allowed to simulate the
computing power of a desktop machine. A 10-minute time
limit was allowed for the evaluating synthesizers to respond 8.

B. RQ1: Effectiveness of EXCALIBUR

The program synthesizers most relevant to EXCALIBUR are
ALICE [3], SPORQ [4], and SQUID [32].

While SPORQ and SQUID are not publicly available, ALICE
is available as an Eclipse plugin, and we run it on our
benchmark tasks. Due to the mismatch of scope (i.e., ALICE
only supports limited syntax), ALICE only succeeds in 2 out of
44 tasks. It also misses instances in five tasks, which is caused
by the imperfect recall problem discussed in Section I. More
details of the results can be found in the supplement [23].
Baseline. For a more in-depth comparison, we construct a
baseline based on SPORQ’s predecessor GENSYNTH [36], the
underlying Datalog [37] synthesis engine based on a genetic
algorithm. SPORQ is an application of GENSYNTH in the
code search domain with several engineering optimizations.
To simulate SPORQ, we implement all the optimizations
introduced in its paper [4], including batching Souffle [38]
executions, sequentialization of threads for machines with
fewer physical cores, and pruning candidate Datalog relations
(i.e., the search space). SPORQ is designed for C/C++ with
the input Datalog relations based on the CODEQL schemes
for C/C++. Therefore, to conduct the concerned experiments in
Java, we construct the baseline with the input Datalog relations
based on the CODEQL schemes for Java [39]. We use this
replication of SPORQ as RQ1’s baseline and still refer to it as
SPORQ for simplicity.

SPORQ is based on Datalog. A SPORQ program inputs a set
of relational tables, performs a series of “join” and “select”
operations, and outputs a table with the desired relational
tuples. Specifically, the input tables are extracted from a
code repository according to a table scheme (e.g., CODEQL
Java [39]), and the relational tuples in the tables encode various
syntactic/semantic information. For example, a ⟨caller , callee⟩
tuple describes a method call in the code repository.

7The ranking functions in previous works are not feasible for direct
comparison because they are typically domain-specific and heuristics-based.
Ours is based on syntactic complexity, like FlashFill [5].

8The response time is the total time a synthesizer takes to process the initial
specification or user feedback and generate the next question (EXCALIBUR)
or example (SPORQ).
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The inputs to SPORQ include (a) a code repository to be
parsed as relational tables and (b) some of the relational tuples
labeled as positive/negative examples. To waive the need to
prepare a different repository for each task and make the
example specification similar to that of EXCALIBUR, we put
all the tasks’ example snippets together as a repository and
use it for all the tasks. For each task, we chose the example
snippet prepared for EXCALIBUR and labeled the example
relational tuples for SPORQ to simulate a similar example
specification setting. SPORQ should be able to handle this
repository because it contains only simple codes (i.e., example
snippets for EXCALIBUR) and is thus easier to handle than
real-world repositories (e.g., from Github).

Datalog PBE synthesizers usually consider a small number
of relational tables as input due to the challenge of
synthesis efficiency. However, the tables extracted from a code
repository are usually enormous, and SPORQ [4] does not
explain whether/how it selects the relational tables. Therefore,
we include an additional experiment setting for SPORQ where
only the relational tables used by the ground truth program
are included. This setting is artificial since the relational tables
used in the ground truth program cannot be known in advance
in real-world scenarios. We use this simplified setting to upper-
bound the performance of SPORQ in our benchmark. We refer
to this setting as SPORQ (min).

Metrics. We ran the synthesizers on the benchmark tasks
automatically using the ground truth programs to provide
“user” feedback. We use the following metrics to evaluate the
performances of EXCALIBUR and the SPORQ baseline.

• Success rate, i.e., the number of tasks such that the
synthesizers could synthesize a program matching the
initial input-output examples and the feedback in the
follow-up interactions.

• Number of interaction rounds to accomplish the tasks.
• Response time for the synthesizers to process the initial

input or user feedback and generate the next question.
• Precision. We reported how many synthesized programs

had the same execution results (on all the example code
snippets) as those of the corresponding ground truth
programs. Note that this is a necessary but not sufficient
condition for being the target program. We used this
mechanical metric to compare EXCALIBUR and SPORQ.
Given that SPORQ only returns one synthesized program,
to have a fair comparison, we took the top-1 program
ranked by EXCALIBUR for comparison.

Because SPORQ does not support natural language input, for
a fair comparison, EXCALIBUR is based on the APRIORI
probability distribution without using ProbVS. We refer to this
setting as EXCALIBUR (APRIORI).

Results. The results are tabulated in Table III. In terms of
success rate, EXCALIBUR solves all tasks within the time
limit. The response time in most tasks and interaction rounds
is within 10 seconds, and the majority is within 1 second. Only
three tasks with more candidate programs took more than 10
seconds in the first two rounds. In contrast, SPORQ solved only
a few (8 – 10) tasks within the time budget, possibly because a
large number of input relation tuples overloaded the synthesis

algorithm. Even with SPORQ (min), the simplified setting,
nearly half of the tasks still timed out. This result matched our
expectation because EXCALIBUR synthesizes loop-free DSL
programs and can leverage domain-specific optimizations,
while SPORQ synthesizes Datalog programs using a genetic
algorithm and relies on an external Souffle process to compile,
run, and verify the results, which is computationally costly.

In terms of precision, EXCALIBUR has 30 top-1 programs
with the same execution results on these 44 code snippets. The
above result is fine but also indicates that the simple ranking
strategy of EXCALIBUR still has room for improvement, which
we leave as future work. In comparison, SPORQ and SPORQ
(min) have a higher precision ratio than EXCALIBUR, but the
solved tasks are fewer than that of EXCALIBUR. The table
also shows that SPORQ might synthesize overfitting programs,
as discussed in Section I. We also note that when overfitting
programs are presented, previous code search PBE tools need
to restart the synthesis and cannot guarantee the next success
while EXCALIBUR provides more programs in the ranked list
of candidate programs for users to examine.
Summary. EXCALIBUR has faster execution speed than
SPORQ and solves more tasks within the time limit. When
comparing precision using the top-1 programs, EXCALIBUR’s
precision ratio is lower than SPORQ’s, but EXCALIBUR can
provide more programs in a ranked list for more fault
tolerance. We conclude that EXCALIBUR is effective in
synthesizing code search programs.

C. RQ2: Effectiveness of ProbVS

For RQ2, we investigate the effectiveness of ProbVS
in reducing user interactions by comparing the required
number of rounds across different probability distributions,
including the baselines (APRIORI and RANDOM), the
upper bound (OPTIMAL), and ProbVS with different LLMs
(GPT4o, QwenCoder, and OpenCoder). We also evaluate the
performance of LLMs in estimating the visited code fragments
in a task (a binary classification problem) in terms of accuracy,
precision, and recall.
Results. Table IV tabulates the main results, and Figure 11
visualizes how the number of solved tasks climbs as the
number of rounds increases. In terms of the interactive
rounds, we first observe that the two baselines, APRIORI and
RANDOM, have nearly identical performances, taking about
4.5 average rounds to solve the tasks in the benchmark. This
also shows that an APRIORI probability without using ProbVS
has a marginal impact on the question selection performance.
In contrast, ProbVS with GPT4o brings notable improvements,
reducing 0.64 − 0.8 average rounds (14.26% − 17.86%),
compared with the baseline (4.48 average rounds). QwenCoder
performs slightly better than the baseline. By examining the
ranges #T(·), i.e., how many tasks are solved in a range (e.g.,
0-3), we also found GPT4o solves more tasks within the first
five rounds, and fewer tasks take more than seven rounds.
However, OpenCoder performs below the baseline, taking
0.16−0.54 more average rounds (3.57%−12.05%). From the
table, we observe that the performance results in interaction
rounds are positively correlated with the performance results in
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TABLE III: Effectiveness of EXCALIBUR versus SPORQ. The #Success denotes the number of tasks solved by synthesizers
within the time limit. Avg #Rounds, Avg Response Time, and Max Response Time only consider the successful cases. Each
superscript i denotes the i-th trial of running the synthesizer.

Synthesizer #Success Avg #Rounds Avg Response Time (s) Max Response Time (s) Precision (Top 1)

EXCALIBUR (APRIORI) 44 (100%) 4.50 1.09 68 30 (68.18%)
SPORQ 1 8 (18.18%) 2.25 38.50 402 7 (87.50%)
SPORQ 2 9 (20.45%) 3.00 115.56 562 8 (88.89%)
SPORQ 3 10 (22.73%) 3.10 134.52 554 9 (90.00%)

SPORQ (min)1 25 (56.82%) 3.24 12.20 128 21 (84.00%)
SPORQ (min)2 25 (56.82%) 3.04 11.95 159 22 (88.00%)
SPORQ (min)3 26 (59.09%) 3.77 29.68 395 22 (84.62%)

TABLE IV: Overall RQ2 results. Accuracy, Precision, Recall, and Rounds are averaged on tasks. #Unparsed denotes the number
of tasks whose responses cannot be correctly parsed. #T(·) denotes the number of tasks whose number of rounds fall in the
range. Modeli denotes the i-th run with the model. Shaded rows denote the best performance for each model.

Setting Avg Accuracy Avg Precision Avg Recall #Unparsed Avg Rounds #T(0–3) #T(4–5) #T(6–7) #T(> 7)

APRIORI N/A N/A N/A N/A 4.5 19 11 7 7
RANDOM N/A N/A N/A N/A 4.48 19 10 9 6
OPTIMAL 100% 100% 100% N/A 2.64 36 6 0 2

OpenCoder 1 62.18% 32.86% 51.15% 4 4.68 18 13 4 9
OpenCoder 2 62.75% 23.31% 55.76% 1 5.02 19 9 3 13
OpenCoder 3 66.21% 25.34% 46.13% 4 4.64 18 14 4 8
QwenCoder 1 79.33% 46.52% 80.78% 2 4.25 20 9 8 7
QwenCoder 2 78.50% 47.22% 79.32% 2 4.39 20 9 7 8
QwenCoder 3 81.79% 46.41% 83.01% 1 4.25 21 8 10 5

GPT4o 1 89.76% 52.70% 76.38% 0 3.84 24 10 6 4
GPT4o 2 89.56% 51.98% 76.14% 0 3.8 22 11 8 3
GPT4o 3 90.19% 54.63% 77.20% 0 3.68 21 14 7 2
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Fig. 11: The accumulated number of solved tasks per round.
OpenCoder, QwenCoder, and GPT4o are plotted using the
best-performing trial (shaded rows in Table IV).

estimating/predicting code fragments. For example, regarding
accuracy, precision, recall, and the number of unparsed tasks,
GPT4o generally outperforms other models. This order also
aligns with the order of these models’ performance in the
EvalPlus leaderboard [35].

The OPTIMAL setting, which stands for ProbVS making
perfect estimations and assigning probabilities 0.8 to positive
features and 0.2 to negative features, significantly outperforms
other settings. Nearly all tasks are solved within 5 rounds

of interactions. This indicates that ProbVS has considerable
potential for future improvement to be delivered by more
advanced LLMs with better estimations. Although LLMs
nowadays could not reach OPTIMAL’s performance, GPT4o
has been able to bring a substantial enhancement. Our
experimental results also suggest that as an LLM gets more
powerful, its estimation is more accurate, and the final
performance in reducing interaction rounds is better.

Figure 12 plots a detailed task-wise comparison with the
APRIORI baseline. Specifically, the comparison is based on
each model’s best result, i.e., the shaded rows in Table IV. By
comparing with the APRIORI baseline without using ProbVS,
we can examine the effectiveness of ProbVS. The RANDOM
setting only has a subtle difference from the APRIORI setting,
which matches the nearly identical results in Table IV. ProbVS
with OpenCoder significantly worsens the results with 15 tasks
having up to 4 more rounds. As for QwenCoder, 8 tasks take
1−4 more rounds, and 11 tasks take 1−5 fewer rounds, so the
overall performance is slightly better. As for GPT4o, 20 tasks
have improvement to different extant, and only 7 have minor
(≤ 2) degradation. In particular, up to 9 rounds are reduced
in a task that needs to take 15 rounds without ProbVS.

Summary. ProbVS can significantly impact the efficiency of
question-answer interactions. While a less powerful model like
OpenCoder might deteriorate the performance, both the SOTA
open-sourced model (QwenCoder) and proprietary model
(GPT4o) can bring notable improvement. Encouragingly,
empirical results demonstrate the degree of improvement is
positively correlated with the capability of the underlying LLM
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Fig. 12: Task-wise comparison of interactive rounds. Negative
bars denote fewer rounds required, and positive bars denote
more rounds required, compared with APRIORI.

model. In the future, ProbVS can potentially leverage more
advanced LLMs or prompt engineering (Section VII-E) to
better approximate the OPTIMAL performance.

D. RQ3: How ProbVS Affects Probability Distribution

To understand ProbVS’s effectiveness, this RQ inspects
how ProbVS affects a probability distribution from two
perspectives, entropy and target probability. Specifically,
we inspect the cumulative probability per VCF P(τ)
(Equation (6)) instead of the probabilities over programs to
reduce the runtime overheads.

Entropy. Entropy is a common metric in information theory to
describe the degree of uncertainty/randomness of a probability
distribution, which is defined as

H(D) = −
∑
τ∈D

P(τ) logP(τ)

where D denotes a probability distribution of VCFs (τ ). The
larger the entropy is, the more “uncertain” the distribution is
about the VCF of the target program. The entropy changes
as the interaction proceeds and becomes 0 if only one VCF
having a probability of 1 remains in the distribution.

Figure 13 plots the entropies of different distributions in the
first four rounds of interaction. The entropies of all LLMs’
distributions are generally smaller than those of RANDOM or
APRIORI distributions, including OpenCoder in the first three
rounds, even though it makes wrong predictions and degrades
the performance (Table IV). This indicates that ProbVS can
change the probability distributions significantly, although it
is not necessarily aligned with the user intent. If the change is
aligned (e.g., GPT4o and QwenCoder), the performance can
be improved, or degraded otherwise (OpenCoder).
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Fig. 13: Average entropies in the first four rounds

Target Probability. Given a probability distribution of VCFs
of the consistent programs, the target probability we examine
is the probability of the target program’s VCF. Generally, with
a higher target probability, the minimax-branch strategy is
more likely to place the target program in a branch with fewer
programs, thus simplifying the subsequent disambiguation
problems and reducing the required interactive rounds, as
illustrated in Section II-C.

To examine the impact of target probabilities on the
number of interaction rounds, we perform a chi-square test
of independence. Specifically, we test prop and diff , where
prop is the proportion of a model’s target probability to the
baseline APRIORI’s target probability in a task, and diff is
the model’s rounds minus the baseline’s rounds and can be
negative. We exclude the 11 simple tasks that can be finished
in one round, and the remaining 33 tasks were run on 9 models
(Table IV) to yield 297 samples.

We categorize the contingency table as follows. The chi-
square test result reveals a significant association between
prop and diff with a p value 0.006. From the table, we found
that if the model has a better estimation (prop > 1), the
number of rounds is likely to be reduced. Interestingly, the
number of rounds may also decrease even if the estimation
is not good (prop < 1). The analysis and theory of this
phenomenon could be interesting future work.

diff > 0 diff = 0 diff < 0

prop < 1 48 45 41
prop > 1 47 37 79

Summary. ProbVS can change the probability distributions
and reduce entropies. The change has generally positive
impacts and increases the target probabilities, which is
positively correlated to reducing the interaction rounds.

E. RQ4: Impact of Configurable Parameters

This RQ investigates the impacts of two configurable
parameters, namely, the approximate search strategy and the
strategy to assign probabilities to features.
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Approximate Search Strategy. As discussed in Section VI,
searching the optimal question by enumeration is unrealistic,
so EXCALIBUR uses an approximate algorithm, and the default
strategy is greedy search. This RQ compares greedy search
with beam search of different beam sizes (greedy search can
also be viewed as beam search of beam size 1) in terms of
effectiveness (# of interaction rounds) and efficiency (response
time in seconds). This experiment is based on the GPT4o
estimations, and the results are tabulated below.

Increasing the beam size significantly increases the response
time but does not provide significant reductions in the number
of interaction rounds. Whether a larger beam size would
reduce the interaction rounds is unknown, but the response
time must exceed the acceptable latency in user interaction.
Therefore, among the smaller beam sizes, greedy search (size
1) is cost-effective and is set as EXCALIBUR’s default strategy.

4o1 4o2 4o3 4o1 4o2 4o3

Greedy 3.84 3.80 3.68 2.93 2.36 2.95
Beam-2 3.77 3.73 3.68 3.00 2.38 3.13
Beam-5 3.80 3.70 3.65 5.13 4.10 4.55

Beam-10 3.84 3.73 3.68 7.56 5.38 6.45

Strategy Avg Rounds Avg Response Time (s)

Probability Assignment and Prompt. Recall that ProbVS
depends on the probabilities P(ω = l|Φ) assigned to each
feature ω, where l is the binary label classified by LLMs.
Regarding how to assign probabilities, the default strategy of
EXCALIBUR uses the log probabilities of the first label token.
An alternative strategy is to assign a fixed value like 0.8.

This subsection compares the two assignment strategies.
Since the fixed-value strategy depends on the classification
accuracy, we also try another prompt that instructs LLMs to
give short reasoning before classifying each label. We denote
this prompt as COT and the default prompt CLASS. Note
that COT does not fit the log-probability assignment because
the reasoning process makes the log probabilities of labels
deterministic (very close to 1 or 0).

Table V tabulates the average number of rounds under
different settings and LLMs. Each LLM is run three times.
GPT4o performs better using the CLASS prompt and the log-
probability strategy, while QwenCoder performs better when
using the COT prompt and the fixed 0.8 strategy. By inspecting
the binary classification results (in the supplement [23]) of
the two prompts, QwenCoder has higher accuracy under the
COT prompt while the precision/recall remains roughly the
same, which may explain why it performs better in question
selection. For GPT4o, the accuracy and precision are higher
in the CLASS prompt, while the recall is lower.

The overall difference in the final performance caused by
probability assignment and prompts is notable. While this
paper shows the effectiveness of ProbVS, how to optimize
the prompt and probability assignment to approximate the
OPTIMAL performance is left as future work.

F. Summary of Evaluation

EXCALIBUR is effective and responsive in synthesizing code
search programs and addressing the overfitting limitation in

TABLE V: Average rounds under different prompts (CLASS
or COT) and probability assignments (LogProb or 0.8/0.2)

Model

GPT4o 3.84 (3.98) 3.79 (4.00) 3.68 (3.86) 4.11 4.06 4.00
Qwen 4.25 (4.27) 4.38 (4.32) 4.25 (4.30) 4.11 4.18 3.90
Open 4.68 (4.61) 5.02 (4.93) 4.63 (4.57) 4.84 5.06 5.00

CLASS + LogProb (0.8/0.2) COT + 0.8/0.2

existing code search synthesizers. ProbVS can significantly
reduce the rounds of interactions by changing the candidate
programs’ probability distribution (reducing the entropy and
increasing the probability of the target program). To make
ProbVS more effective in practice, more efforts can be put into
acquiring more accurate estimations, e.g., using more powerful
LLMs or improving the prompt.

VIII. DISCUSSION

Threats to Validity. Our baseline is a replication of SPORQ
and may not fully reflect the performance of the state-of-the-art
code search synthesizer. Nonetheless, we have made our best
efforts to implement the techniques in the paper [4] faithfully.
For the most uncertain part of how the input relations are
selected, we have tried both the minimal setting and the origin
setting to give a bound of the baseline performance. The
replication will be open sourced.

Also, the comparison between EXCALIBUR and SPORQ
is not strictly fair, because SPORQ takes a code project as
input but does not target completeness, while EXCALIBUR
targets completeness but takes a user-provided simple code
snippet as input. To date, formal synthesizers for code search
such as SPORQ [4], SQUID [32], and EXCALIBUR commonly
face the challenge of scalability due to the flexibility of
code and the expressiveness required to describe the pattern.
Although these synthesizers take different specifications as
input, the difficulties of tasks (complexity of code patterns)
that can be handled are comparable, and so are the tasks used
for evaluation. Therefore, our experiments in RQ1 can still
qualitatively demonstrate the effectiveness of EXCALIBUR.

For randomness (SPORQ-based baselines and LLMs) in
the experiment, we have repeated the related experiments
several times and reported the results. We found the results
are basically consistent and replicable.

LLMs are usually concerned with data leakage [40], [41],
i.e., overrating LLMs’ performance if the evaluating subjects
are leaked to the training data. This is a critical concern
in a creative scenario like code generation. Conversely, our
use of LLMs is classification based on common knowledge.
Moreover, we manually prepared the example codes and user
descriptions, which should not be seen during training.

Limitations and Future Work. The ranking performance of
EXCALIBUR still has room for improvement. On one hand,
the ranking algorithm can be improved with a better use of
users’ NL descriptions. On the other hand, the current two
question templates (Equations (1) and (2)) cannot distinguish
programs matching the same set of code fragments. Using
one or more fine-grained question templates (e.g., regarding
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EXSTATEs) could distinguish and prune more unintended
programs, making the target programs easier to spot.

As for ProbVS, to further improve the question selection
performance, a cost-effective way is to improve the prompt
to allow LLMs predict more accurately. Because code
search tasks share similar logic but differ in the specific
constructs/semantics, preparing a pool of examples and using
retrieval-augmented generation (RAG) [42] seems a promising
direction. Moreover, ProbVS is not necessarily coupled with
EXCALIBUR. The prerequisites of ProbVS include version
spaces and that LLMs can understand the intermediate
values in version spaces (e.g., the visited code fragments
in EXCALIBUR). They should also be available in other
PBE domains, such as string manipulation [5] and table
transformations [43], [44]. In the future, we will explore the
possibility of extending ProbVS to such application domains.

IX. RELATED WORK

Program Synthesis for Tasks on Code. Data-driven methods
have been leveraged to synthesize sophisticated and specific
analyses such as Javascript points-to analysis [45] and
side channel analysis [46]. These works require specific
oracles (e.g., whether the synthesized analysis is sound)
and extensive data, which differs from the setting of code
search synthesis. Another line of works learns patterns from
program transformations (e.g., code refactoring) [19], [20].
Their algorithms are specialized for changed pairs (codes
before and after) and may not work well in code search tasks
without changed pairs. ALICE [3], SPORQ [4], and SQUID [32]
are all for discovering code pattern instances. ALICE considers
a limited set of syntax, while SPORQ, SQUID, and EXCALIBUR
consider all syntax and some semantic information, e.g., type.

Interactive Program Synthesis.In recent years, interactive
learning [47] for program synthesis [9] is becoming
increasingly popular, possibly due to the intrinsic overfitting
problem in program synthesis [48]. Interactive program
synthesis enables users to more effectively search the target
program with either more examples or testcases [3], [4], [10],
[49] or other kinds of constraints, such as program state [50],
human demonstration [51], and the questions in EXCALIBUR.

ALICE [3] and SPORQ [4] are both interactive synthesizers
for discovering code pattern instances in a codebase. As
discussed in Section VII, they rely on a codebase to refine
programs but may still return overfitting programs. Our
evaluation on ALICE and the replication of SPORQ also
suggests that the overfitting happens in practice. Compared
with ALICE and SPORQ, EXCALIBUR is bounded-complete
and does not suffer from overfitting.

Question selection is an important problem [10], [12],
[11] that studies how to select questions to disambiguate
programs while minimizing the user’s effort. Dillig et al. [52]
studied a similar problem that aims to minimize user effort
to classify bug reports using abductive inference. ALPS [53]
adopts an active learning strategy but only considers a binary
classification and does not consider the candidate programs’
probabilities. Yewen et al. [54] proposes to use pragmatic
communication to compute programs’ probabilities and a

fast implementation based on the version spaces structures.
EXCALIBUR proposes ProbVS that uses LLMs to estimate
intermediate values in version spaces to obtain more user-
aligned distributions for more effective question selection.
Version Spaces.Version spaces (VSs) [55] have been widely
used in program synthesis [5], [22], [56], [57], [58], [59] to
represent observationally equivalent programs succinctly and
process them efficiently. The construction/learning of VSs can
be backward [60], [5] or forward [57], [43], dependent on
the domain-specific operators. Notably, DACE [57] constructs
VSs based on finite tree automata (FTA), and VSs and FTAs
are found equivalent later [18]. The use of a VS is usually
accompanied by domain-specific operations. For example,
EXCALIBUR customizes the pruning of invalid consistent
programs given the user answers (Section V-B). Moreover,
EXCALIBUR introduces probabilities to VSs and defines the
operations to calculate probabilities.
Ranking Functions and Probabilities. A ranking function

in traditional version spaces [5], [60] only defines a total order
but does not necessarily defines a probability distribution. If
a ranking function is based on scoring, the scores can be
normalized as probabilities, such as the APRIORI baseline
in Section Section VII. Compared with probabilistic context-
free grammar (PCFG) [26] that assigns a priori and uniform
probabilities to grammar rules, the probabilities in ProbVS is
conditioned on the concrete tasks and is expected to give more
accurate estimations.
Large Language Models.LLMs are widely used for code
generation recently [61], [62], [63], [64], but its performance
in low-resourced languages (e.g., DSL) is suboptimal due
to the lack of training data [14], [15], [16], [65]. Grammar
prompting [14] is proposed to enhance code generation in
DSL through in-context learning, but it is still not as reliable
as well-trained languages like Python. Our pilot study on the
GPT-4 series [66] to generate ExPath programs through in-
context learning also encountered failures such as reversing the
order of path expressions and choosing wrong path expressions
due to misunderstanding their semantics, which suggests
that a more sophisticated workflow (e.g., with RAG [42]
and iterations) is required to generate code search scripts
using purely LLMs. Moreover, purely LLMs cannot guarantee
soundness or completeness like symbolic synthesizers, but
their combination, i.e., neuro-symbolic [67], [68] methodslike
ProbVS may preserve the bests of both worlds .

X. CONCLUSION

This paper presents EXCALIBUR, a multi-modal and
interactive program synthesizer for code search. EXCALIBUR
synthesizes ExPath (DSL) programs based on the example
specification and guarantees the soundness and bounded
completeness of synthesis. Moreover, EXCALIBUR supports
question-answer interaction to identify the user-intended
program and advances the question selection performance
with a novel approach dubbed probabilistic version space
(ProbVS) based on the user-given NL description and LLMs.
The evaluation on a benchmark of code search tasks shows
the effectiveness of EXCALIBUR and ProbVS.
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