
PathFix: Automated Program Repair with Expected Path

Abstract—Automated program repair (APR) techniques are
effective in fixing inevitable defects in software, enhancing
development efficiency and software robustness. However, due
to the difficulty of generating precise specifications, existing
APR methods face two main challenges: generating too many
plausible patch candidates and overfitting them to partial
test cases. To tackle these challenges, we introduce a new
APR method named PathFix, which leverages path-sensitive
constraints extracted from correct execution paths to generate
patches for repairing buggy code. It is based on one observa-
tion: if a buggy program is repairable, at least one expected
path is supposed to replace the fault path in the patched
program. PathFix operates in four main steps. First, it traces
fault paths reaching the fault output in the buggy program.
Second, it derives expected paths by analyzing the desired
correct output on the control flow graph, where an expected
path defines how a feasible patch leads to the correct execution.
Third, PathFix generates and evaluates patches by solving state
constraints along the expected path. To further enhance repair
performance and mitigate scalability issues introduced by path-
sensitive analysis, we integrate a large language model (LLM)
into our framework. Experimental results show that PathFix
outperforms existing solutions, particularly in handling com-
plex program structures such as loops and recursion.

1. Introduction

The software development process often faces inevitable
software defects, and a recent study reveals that about 50%
of the software development lifecycle (SDLC) on Linux is
consumed to rectify these defects [1]. As software keeps
updating, massive defects continuously emerge. Besides, the
manual screening and debugging of defects are excessively
time-consuming. Hence, automated program repair (APR)
becomes a critical solution to streamline program repair
processes, thereby enhancing development efficiency and
software robustness [2], [3], [4], [5].

Automated program repair leverages program test and
analysis skills to locate the fault and construct a correctness
specification, which subsequently serves as the guidance for
generating and validating patches [3]. Since the specification
is either a set of test cases or state constraints, traditional
APR methods can be classified into two general categories:
test-driven and constraint-driven. Test-driven approaches
generate patches by rectifying program behavior to align
with the test suite [6], [7]. Constraint-driven approaches
extract state constraints from program semantics and derive
the patches by solving constraints [8], [9], [10]. With the rise

of the large language model (LLM), the APR task has also
been packaged as a question-and-answer (QA) task, which
has achieved promising performance [11], [12], [13].

However, existing APR methods face two main chal-
lenges: imprecise specification and overfitting. First, the
imprecise specification leads to a redundant search space
in generating patches for faulty programs. Specifications
describe correct behaviors. In traditional solutions, the spec-
ifications are typically expressed as pairs of input and ex-
pected output without a specific path trajectory [10]. Such
a path-insensitive design is a trade-off for scalability. As
a result, numerous invalid paths become candidates for
rectifying faults. For the LLM, lack of detailed specifica-
tion in prompts is also the primary reason for the repair
failure [5], [13]. Second, the overfitting problem in APR
happens when the generated patch is only correct according
to the specification, but neglects the overall correctness of
the entire program. One cause of overfitting is incomplete
specification, which arises when the specification fails to
cover all failure cases. This issue is particularly common
in test-driven approaches that rely on manually constructed
test suites [3]. The LLM-based solution encounters a similar
problem due to its lack of self-validation. A study [13]
evaluates the performance of ChatGPT on APR tasks and
reports that it could fix 31 out of 40 buggy programs through
four rounds of prompting. Meanwhile, our analysis of the
9 failing patches reveals that 7 out of 9 failures are due to
overfitting issues.

In this paper, we propose PathFix, a path-sensitive APR
framework that leverages precise constraints derived from
correct execution paths to repair faulty programs. Unlike
previous path-insensitive approaches, PathFix employs path-
sensitive specifications to improve repair accuracy. How-
ever, implementing PathFix solely with a static analysis
framework presents scalability challenges. To address this,
we integrate LLM to enhance repair performance, offer-
ing three key advantages. First, deriving and solving path-
sensitive specifications can be difficult in complex scenarios,
such as loops and function calls, but LLMs can effectively
mitigate these limitations. Second, the static-analysis-based
framework decomposes the APR task and provides precise
path constraints, which serve as more explicit prompts,
enabling the LLM to follow a structured, step-by-step chain
of thought (CoT). Finally, the validation step in PathFix
compensates for the lack of self-validation in LLMs, helping
to prevent overfitting.

From the perspective of the static-analysis-based repair
framework, PathFix consists of four components, i.e., fault
path identification, specification inference, patch generation,



and patch validation. First, we conduct the equivalence
check between two semantically consistent programs (target
and reference). The reference program serves as a cor-
rectness judge to determine all faulty paths and provide
correct outputs. Second, the specification inference module
derives the expected paths and extracts the path constraints.
The expected path refers to the path trajectory that starts
from the input conditions, extends through the patch, and
arrives at the correct output. We argue that after applying
an appropriate patch, at least one expected path can be found
to replace the fault path to reach the correct output. Given
the bug position and the correct output, we can explore
potential expected paths by tracing the control flow graph
(CFG). Third, we solve the path constraints and leverage the
component-based synthesis (CBS) approach [14] to generate
the patches. Fourth, we verify the repaired program to
prevent overfitting. If any issues arise, we return to the
synthesis step with one additional constraint.

From the perspective of LLM, it can improve PathFix
in the specification inference and patch synthesis mod-
ules. For the specification inference module, there are two
challenges to implementing PathFix. First, not all potential
expected paths are valid. Therefore, we need to examine
the accessibility of expected path candidates, effectively
filtering out invalid paths. Also, some expected paths, such
as paths within loops or multiple function calls, are too
complex to summarize and solve the path constraint. To
manage this complexity, we slice expected paths and use
LLM to summarize constraints by combining the variable
states along paths and implicit context logic. For the patch
synthesis module, traditional synthesis tools (e.g., CBS) are
also incapable of expressing complicated structures, such as
function, struct, and compound operation. LLM can extend
the representation capability of traditional synthesis tools
and synthesize more complex patch expressions.

We first implement the static-analysis-based framework
of PathFix. Also, we exploit the LLM to enhance the im-
plementation of PathFix for three modules, i.e., path slicing
and path pruning modules in specification inference, as
well as the patch generation module. We compare Path-
Fix with a static analysis-based method Angelix [15] and
SemGraft [10] and LLM-based work [13] on the purpose-
designed benchmark QuixBugs [16] and some actual bugs.
By solving more precise path constraints, PathFix outper-
forms SemGraft with a 25/40 repair success rate (SemGraft
fixes 18/40) on the QuixBugs dataset. After combining with
the LLM, PathFix can solve 12 more cases. For complex
program structures, PathFix with LLM performs better when
the defects are located in the recursion and loop body.
Meanwhile, all the defects fixed by SemGraft can be fixed
more efficiently by PathFix.

In summary, we make the following contributions:
• We propose a path-sensitive automated program repair

framework (PathFix) to formalize precise expected path
constraints, thereby increasing the repair efficiency and
addressing the overfitting issue.

• We exploit the LLM to enhance the implementation
of PathFix to alleviate the scalability and constraint
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Figure 1. The expected and fault paths in the target program.

representation issues coming with precise path analysis.
• We implement the prototype of PathFix and evaluate

that it outperforms the existing static-analysis-based
and LLM-based solutions.

2. Preliminaries

2.1. Expected Path

If fixing a buggy program, the fault paths would be
replaced by benign paths, which ensures the patched pro-
gram behaves correctly. Starting from the input conditions,
a benign path goes through the patched code and arrives at
the correct output, as illustrated in Figure 1. We define these
benign paths as expected paths (EP), which is the core idea
of this paper. The specifications in previous APR methods
only have input and corresponding expected output, while
the specific trajectory of the expected path is unknown. This
leads to inefficient and inaccurate patch generation.

Before generating a concrete patch, we can hypothet-
ically insert a nondeterministic patch predicate into the
expected path. By solving the expected path’s existence con-
straint, we can instantiate the predicate and obtain a usable
patch. For each fault path, there should exist at least one
expected path to replace it. Notably, there may exist more
than one fault path in a buggy program. Correspondingly,
we can generate multiple expected paths to replace them.
A valid patch code should be able to satisfy all expected
paths’ existence constraints simultaneously. The workflow
is illustrated in Sections 3 and 4.

2.2. LLM enhanced Static Analysis and Program
Repair

Leveraging extensive training data and strong semantic
understanding, LLMs have demonstrated promising perfor-
mance in code summarization and generation tasks. Several
studies have explored using LLMs in APR task [11], [12],
[13], [5]. Most of these approaches treat APR as an end-
to-end question-answering (QA) task, where the buggy pro-
gram is provided as input, and the LLM directly generates
a patched version as output.

Despite this progress, APR is inherently a multi-step
process. LLMs also exhibit several limitations, including
hallucination, randomness, and an inability to self-verify [5],
making such a one-hop system unreliable for ensuring patch
correctness. In contrast, traditional APR methods typically
follow a structured, step-by-step repair framework based on
static analysis, which provides a logical reasoning chain
to improve repair accuracy. At the same time, LLMs can
complement static analysis-based approaches by addressing



1 int bin_search(int x, int a[], int len) {
2 int L = 0;
3 int R = len - 1;
4 int m;
5 do{ m = (L+R)/2;
6 if(x == a[m])
7 return m;
8 else if(x > a[m])
9 L = m + 1;

10 else
11 R = m - 1;
12 } while(L <= m); //(L <= R)
13 return -1;
14 }

Listing 1: Motivating Example: binary search program.

scalability challenges and assisting in complex code gen-
eration tasks [17], [18], issues commonly affecting static
analysis-based APR solutions.

To leverage the strengths of both paradigms, our work
integrates an LLM to enhance multiple components within
our static analysis-based APR framework, improving both
repair accuracy and efficiency.

3. A Motivating Example

We present a motivating example to illustrate existing
methods’ limitations and outline the workflow of our pro-
posed approach. Listing 1 shows a faulty target program,
which is a binary search function to search for an element
x in a sorted array a[] and return its index if found, or
-1 if not present. However, line 12 introduces a bug that
disrupts the control flow and results in incorrect outputs.

3.1. Limitations of Existing Solutions

We apply two existing APR tools, namely, one test-
driven method called Angelix [15] and one constraint-driven
method called SemGraft [10], on this motivating example.
We select these two methods since they are the state-of-the-
art solutions that outperform previous well-known methods
like Genprog [6], AE [15], and SPR [19].
Repairs by Angelix. Since Angelix requires test cases
to trigger the bug, we first generate two test cases: (1)
{x = 3, a[] = [1, 2, 3], length = 3} and (2) {x = 0, a[] = [1
, 2, 3], length = 3}. We observe that Angelix generates an
incorrect patch (i.e., L < 2) when only case 1 is pro-
vided. However, even when both cases are provided, Angelix
produces another plausible patch (i.e., 0 < m). Notably,
Angelix can only generate patches that pass the given test
cases. To alleviate this overfitting problem, Angelix depends
on the quality of additional test cases to produce a correct
patch.
Repairs by SemGraft. SemGraft first uses the reference
program to build the specification and the verification con-
dition (VC). We select a linear search algorithm (Listing 2
in Appendix) as the correct reference program to fix this
buggy binary search program. We observe that SemGraft
also generates the plausible patch (i.e., 0 < m). Note that the
VC in SemGraft only focuses on fault paths, and it does not

TABLE 1. EQUIVALENCE CHECKING WITH SYMBOLIC EXECUTION.

Path ID Path Input (π) Output (θref , θtgt) Fault

P1 x = a[1] (1,1) ✓

P2 x = a[0] (0,0) ✓

P3 x = a[2] (2,-1) ×
P4 x > a[1] ∧ x ̸= a[2] (-1,-1) ✓

P5 x < a[1] ∧ x > a[0] (-1,-1) ✓

P6 x < a[0] (-1,timeout) ×

verify the original benign paths after generating the patch.
Thus, SemGraft also suffers from the overfitting issue. Be-
sides, since the bug appears in the loop, SemGraft needs to
contain the patch’s state in each iteration; however, multiple
iterations may lead to inefficient repair performance.

3.2. PathFix Workflow

We also use Listing 1 as the target program to il-
lustrate the workflow of PathFix. Motivated by SemGraft,
we also employ the reference program to ensure we can
collect all fault paths for the target program. If the refer-
ence program is unavailable, PathFix can also detect fault
paths based on test cases provided by users or other tools,
such as Fuzzing or symbolic execution (SE) tool. We first
compare the equivalence between the target and reference
programs. The comparison is under the input condition:
{a [0] < a [1] < a [2] , length = 3}, which simplifies path
exploration in SE and aligns with test cases in Section 3.1.
The results are presented in Table 1, where the failure
cases are grouped into two fault paths (i.e., P3 and P6).
The remaining four paths are benign, exhibiting consistent
outputs between the two programs.

After identifying the fault paths, we proceed to derive
the expected paths (EPs), which lead to the correct output
by deploying an appropriate patch. Within the control flow
graph (CFG), PathFix can analyze all possible trajectories
between the fault point and all the program exit points, i.e.,
return statements. As shown in Figure 2, the CFG indicates
four candidate paths, highlighted with different colors. To
simplify the complexity of the loop, we cut the candidate
paths to retain only the non-loop fragments between the fault
points (node 7 ) and exit points (node 8 or 9 ) in the last
round. Notably, the nodes 5 and 6 are included since they
represent two distinct inputs for node 7 , providing different
pre-execution states. Among these four EP candidates, EP 1
(blue) and EP 2 (red) are potential alternatives for the fault
path P3 in Table 1, as the reference program’s output (2)
implies a correct program is expected to exit from node 9 .
Similarly, EP 3 (yellow) and EP 4 (green) are candidates
for fixing the fault path P6.

For each candidate path, we formalize the variable state
of each relevant statement and present the states as pre- and
post-state pairs, as shown in four tables of Figure 2. Here, β
denotes a nondeterministic patch predicate to be solved. The
subscript of variables (e.g., L1, m1) indicates the number



int L=0;
int R = length - 1;

if(x==a[m])

return m; if (x > a[m])

L = m+1 R = m-1

int m = (L+R)/2

while(L<=m)

return -1;
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Candidate Expected Paths:
1: 5 -> 7 -> 2 -> 3 -> 9
2: 6 -> 7 -> 2 -> 3 -> 9
3: 5 -> 7 -> 8
4: 6 -> 7 -> 8
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6
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9
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EP 1
Program States on the Candidate Expected Paths

EP 2
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Counterexamples:
1. If , exist , EP 2 fails;
2. Exist   , EP 3 fails.

Available Expected Paths:
EP 1: 5 -> 7 -> 2 -> 3 -> 9
EP 4: 6 -> 7 -> 8

Figure 2. Specification inference (the expected paths and variable states in path constraints).

of times they have been modified along the execution path,
e.g., m1 indicates the m value after the first modification.
Hence, a path constraint is formed by the conjunction of
states along the expected path. In essence, generating a patch
to fix a fault means finding a solution that satisfies all path
constraints. However, solving the constraints directly is chal-
lenging since not all candidate paths are valid. Therefore,
we must prune invalid candidate paths.

We prune invalid EPs based on the path reachability.
Specifically, we examine whether the variable states on the
candidate path can be satisfied. We utilize the expected
return value to infer if unsatisfiable variable states are on
the expected path. For instance, towards EP 2, the expected
return value should be 2. However, we determine the state
of node 6 as m0 = 3, which violates the constraint of
0 ≤ m ≤ 2. In the data flow, m depends on R and L, and
then R depends on length. Thus, accessing a[m] will lead
to an out-of-bounds error since length = 3. Similarly, if EP
3 is valid, a scenario may arise where a[m0] < x < a[0],
violating the constraint that the array is sorted. Hence, we
exclude these two expected paths from candidates since they
lead to invalid states.

After filtering invalid paths, we summarize path con-
straints for valid EP 1 and 4. That is the conjunction of
all pre and post-states along the expected path. Then, we
transform the conjunction into an implication with the patch
predicate β to solve.
Given instantiated input constraints:

{length = 3, a[] = {−1, 0, 1}}
We can infer expected path constraints:
∃β = f(L,m,R, x, a[], length),
EP 1: x = 1 ∧ x > a[m0] ∧ L1 = m0 + 1 ∧ β = True

∧m1 = (L1 +R0)/2 ∧ x = a[m1] → m1 = 2
EP 4: x = −2 ∧ x ≤ a[m0] ∧R1 = m0 − 1 ∧ β = false

→ True
(1)

In the path constraints, we instantiate x, length, and
a[] to simplify the solving process. To solve the path con-
straints, we adopt the z3 solver [20] and a component-
based synthesis approach [14], which selects suitable vari-
ables and operators to form a concrete expression β =
f(L,m,R, x, a[], length) that meets the constraints.

We optimize the component-based synthesizer by prior-
itizing components (variables and operators). For example,
in the first round, we provide L and m, along with logic op-
erators, to the synthesizer, considering their involvement in
the original defect. The synthesizer generates an expression:
L > m; however, the expression fails when verifying along
the fault paths. In the second round, we input L, m, and R
into the synthesizer. The synthesizer generates an expression
L = R, which successfully passes the verification on the
fault paths.

We integrate LLM to address the uncertainties when
pruning the expected path, summarizing constraints, and
generating patches. When pruning the expected path, we
need context information to determine if the path induces
potential conflicts. LLM can supplement the program’s extra
constraint when summarizing the path constraint, such as
the loop invariant. When synthesizing the patch, LLM can
generate more complicated expressions, such as the function
and compound operation. We leverage an LLM to address
this issue. For all three tasks, our experiments indicate that
LLMs provide insightful intuitive analysis, thereby yielding
accurate intermediate and final results.

4. System Design

In this section, we demonstrate the framework of our
PathFix system. As shown in Figure 3, PathFix consists of
four modules, namely, fault path identification, specification
inference, patch synthesis, and patch verification, where the
LLM is adopted to enhance the specification inference and
patch synthesis modules.
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Figure 3. The static-analysis-based framework of PathFix. (LLM is plugged into 3 steps: Path Pruning, Constraint Summarization, and Patch Synthesis)

4.1. Fault Path Identification

As demonstrated in Section 3.2, we exploit the ref-
erence program and symbolic execution (SE) to identify
fault paths. Notably, this step is optional for PathFix. In
practice, if a reference program is unavailable, fault paths
can still be identified using test cases provided by users.
We design an equivalence-checking method to identify the
inconsistent paths between the reference progref and target
programs progtar. We verify the functional equivalence
by providing both programs with the same symbolic in-
put and asserting that they produce the same output, i.e.,
assert(progref (x) == progtar(x)). For each input condi-
tion π (x ∈ π), the execution follows a path reaching this
assertion and checks the output consistency. If a violation of
the assertion is detected, the path is labeled with an incon-
sistency flag δ. Notably, the equivalence checking method
may have limited path exploration under certain scenarios,
e.g., the reference target programs might not be strictly
semantically equivalent for all input conditions. Also, the
existing SE tools do not support arrays of unknown length
to prevent branch exploration in a loop structure [21]. To
address this issue, we incorporate a user-defined pre-input
condition ϕpre to constrain the exploration space for such
scenarios. Finally, the output of the equivalence checking
algorithm is a triplet for all paths, including the input
conditions π, the output θout, and the inconsistency flag
δ. The output θout comprises the reference output θref and
the target output θtar. The flag δ can be used to distinguish
the benign paths and fault paths, as shown in the third and
forth columns of Table 1.

4.2. Specification Inference

Then, we extract expected paths and build path con-
straints through 4 steps.
Step 1: Expected Path Construction. The expected path
starts from the input condition πi, extends through the patch
predicates β, and arrives at the correct output θref . If such
an expected path exists, we can instantiate a patch predicate
β to fix the fault; the expected path will substitute the
fault path in the repaired program. Thus, the program repair
is transformed into solving the expected path’s existence
constraint.

We first explore all possible expected paths by search-
ing in the control flow graph. The expected path can be
categorized into three patterns based on the different exit
points reached by the expected output and fault output, as
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Pattern 1 Pattern 2 Pattern 3

Input Condition 

Pre-Statements

Expected Path Fault Path

Fault   Patch Fault   Patch Fault   Patch

Figure 4. Three patterns of expected paths in the target program.

illustrated in Figure 4. Pattern 1 refers to the expected path
reaching the same exit point (but at a different value) as the
fault path. In this case, the trajectories of the expected path
and the fault path may overlap completely. For example,
the bug occurs in sequential statements, such as assignment
statements. Pattern 2 refers to the expected and fault paths
reaching different exit points. In this case, the trajectories
will only partially overlap. For example, the bug occurs in
the if condition or the loop condition, and the program has
multiple return statements. Pattern 3 refers to the expected
path reaching an exit point that does not exist before. This
indicates that we need to create a new exit point. For
example, if the bug causes the program to crash, we can
patch it with a return as an error handler. We determine the
expected path’s exit point according to the three patterns.
A particular case arises when the return type of the target
program is void. In such cases, we need to identify the
implicit termination, typically the leaf node in the control
flow graph or the last assignment statement before the leaf
node.

We develop a matrix-representation-based path explo-
ration algorithm to derive expected paths automatically.
Specifically, we transform the control flow graph Gctrl into
a line graph L(Gctrl), in which the nodes correspond to
the edges of Gctrl, while the edges are converted to nodes.
The line graph is represented as an adjacency matrix, where
two nodes are adjacent if their corresponding edges in Gctrl

connect to the same node. To explore possible expected
paths, we integrate the node transition with a depth-first
search (DFS) algorithm, starting from the fault location and
ending at the expected output.
Step 2: Path Slicing. The complexity of path constraint
based specification can be attributed to the long expected
paths, especially multiple iterations of loop procedures,
posing challenges for constraint solving. To address this



issue, we introduce the concept of sliced expected paths to
shorten the path constraint. A sliced expected path retains a
partial path containing the post-statements behind the fault
statement (replacing by the patch). If the fault statement
occurs in a loop, the sliced expected path only preserves
the last round of the loop. Specifically, we slice the expected
paths based on two observations.

First, given a fault path, the fault impacts only the
variable states after it is triggered rather than those before
it. So, we can slice the fault path behind the fault statement,
hence narrowing down the scope of states included in the
constraint. However, if the fault statement is within a loop
body, since it is uncertain which iteration triggers the fault,
it becomes hard to determine which rounds are impacted by
the fault (i.e., bug-related). Nevertheless, regardless of the
iteration in which the fault is triggered, the variable states in
the final round must be critical to the fault. Thus, we have
the second observation. Given an expected path within a
loop, if a patch fixes the fault statement, the variable states
in the last iteration must be correct.

The second observation can be inferred using the math-
ematical induction method. If the patched target program is
proven correct, the intermediate state of the patch is always
correct from the (n− 1)th iteration to the nth iteration (see
detailed proof in Appendix 10.3). In cases where the fault
statement is inside a loop, we only consider the acyclic path
in the expected path constraint, i.e., variable states in the
last iteration. Also, another reason why we only retain the
last iteration is the non-deterministic nature of the expected
path. Compared with the fault path, the program may no
longer execute along the original path after being fixed. For
example, the number of iterations and branches passed may
change.
Step 3: Path Constraint Summarization. Given an ex-
pected path, we model the path constraint as a finite state
machine, where each statement’s execution corresponds to
the state transition between statements. Here, the states
refer to the variable states before and after the state-
ment’s execution. In this context, we use the Hoare triplet
{P}c{Q} [22] to depict the state transition process, where
P is defined as the pre-execution state, i.e., the variable
state before the current statement execution. Similarly, the
post-execution state Q represents the variable state after the
statement execution. c represents the operation performed
by the current statement. Our work redefines operation c
as the state transition predicate C. For example, supposing
operation c : m = m + 1, we transfer it as a predicate
C : m1 == m0+1. Thus, the modified Hoare triple can be
expressed as the following implication.

{P}c{Q} ⇔ P ∧ C ⇒ Q, (2)
The post-state (Q) can be implied by the conjunction of
pre-state (P ) and transfer predicate (C). This is formally
different from the original inference rule in Hoare logic.
We depict detailed proof that such a transition is equivalent
to the original rule and how to extend such transitions
into sequential execution, conditional execution, and cyclic
execution in Appendix 10.2.

Taking the sequential execution (Seq) as an example,
we can further extend the implication (Formula 2) to longer
paths. For a path consisting of M statements, its path
constraint can be expressed as follows.

P ∧
∧

i∈[1,M ]

Ci ⇒ Q (3)

Recall that, the fault statement needs to be replaced by
a patch to ensure the correctness of the execution path.
Hence, we can transform the implication into an existence
constraint.

∃[Ct/β], P ∧ β ∧
∧

i∈[1,M ],i̸=t

Ci ⇒ Q (4)

Here, existence constraints define the objective of solving
the patch predicates (β). Note that, apart from the fault
statement (Ct), all other statements (Ci) can be instantiated.
Therefore, we can simplify these constraints (i ∈ [1,M ], i ̸=
t) and optimize the complexity of the solution.

To formalize such constraints, we denote variable states
as properties of nodes in L(Gctrl), and each edge represents
the execution of a statement. When we explore the expected
paths, the adjacent node properties could be accumulated.
We can track the state transition via matrix multiplication
by extracting the adjacency matrix M from the line graph
L(Gctrl). The one-hop jump of nodes can be expressed as
Vi+1 = Vi · M . Vi+1 represents the reachable nodes of ni

after one hop. Thus, we model the line graph L(Gctrl) as
a finite state machine, where the node transition along the
expected path can be viewed as accumulating variable states.

We encountered more uncertainty when accumulating
these variable states in real cases. For example, there may be
extra functions lying on the expected paths. If we dive into
these dependency functions, it will bring redundant variable
states into the path constraint, potentially leading to solving
failures. Besides, since the expected path is sliced in a loop
structure, the path constraint cannot describe the context
information, such as the loop variant logic. Therefore, we
exploit LLM to enhance the constraint summarization, as
shown in Figure 6 (in Appendix). LLM can simplify the pos-
sible dependency function logic and context logic, thereby
generating more comprehensive path constraints.
Step 4: Path Pruning. As demonstrated in Section 3.2, we
observe that not all expected paths are valid in the context
of the target program. Therefore, we need to verify the
expected paths and simplify the path constraints. To prune
invalid paths, we verify their accessibility. We check if the
variable states along the paths satisfy the input constraints
and the local variable constraints along the data flow. We
also apply the graph property analysis method to the data
flow graph to obtain the accessible variable list for each
statement and the context of variable modification. The
invalid path will be removed when a candidate path violates
the data flow constraint. The detailed derivation process is
showcased in Section 3.2.

In real-world cases, many invalid path candidates cannot
be filtered without the global context information. Therefore,
we use LLM to boost the path pruning, and one prompt
example is displayed in Figure 5 (in Appendix). In addition,



another benefit of using LLM is that it can simplify the
path constraints by instantiating partial variables based on
the input condition and correct output values. Note that the
LLM operates path pruning and constraint summarization in
the reverse order. This is because the LLM does not need to
explicitly generate constraints to determine a path’s validity.
Moreover, if constraints are generated for invalid paths first,
the LLM may misunderstand the program.

4.3. Patch Synthesis

Our synthesizer is customized based on the component-
based synthesis (CBS) [23] method. Specifically, for each
expected path constraint, we instantiate potential expressions
that may appear in the patch predicate (β) and embed them
into the constraint. These instantiated constraints then guide
the synthesis of patch expressions. The synthesis process
iterates until the generated expression satisfies the expected
path constraints, ensuring that the patch passes verification.

The original CBS algorithm randomly selects candidate
variables and operators for synthesis. To accelerate patch
generation, we prioritize accessible variables and potential
operators based on four principles:
(1) Variables in the original faulty expression are consid-

ered first.
(2) Variables modified in expected paths take precedence.
(3) Variables modified closer to the patch location are

preferred.
(4) Other variables involved in modifications are also con-

sidered.
Operators are categorized into arithmetic, logical, and bit-
wise types. Heuristics guide operator selection based on
patch context, for example, logical operators are preferred
in loops or conditional statements.

The algorithm takes as input the instantiated specifica-
tion, an initial set of variables N, and possible operator types
Tops. It initializes variable components Cvar and iterates
through synthesis and verification. First, the synthesis func-
tion CBS() generates candidate patches. If no valid patch
is found, the algorithm expands the candidate variable and
operator sets. If a patch is generated, it is verified against the
expected path constraints ϕexp. If the constraints are met,
the synthesized patch βimpl is returned; otherwise, a coun-
terexample is generated to refine the instance specification.
The component lists (Cvar, Tops) are then reset to optimize
subsequent synthesis iterations.

CBS is effective in synthesizing primitive expressions
and operator combinations. However, it may fail when han-
dling complex components, such as functions. To address
this, we incorporate LLM to enhance patch generation, as
illustrated in Figure 7 (in Appendix).

4.4. Patch Verification

While the synthesized patch satisfies the constraints of
the expected paths, two key issues remain. First, the patch
may introduce overfitting, failing to preserve the correctness

of the original benign paths. Second, the sliced path speci-
fication serves as a necessary but insufficient condition for
overall program correctness. Therefore, additional verifica-
tion is required.

To address these issues, our verification process con-
sists of two interconnected components. The first involves
symbolic execution on the faulty paths, which is integrated
into the patch synthesis process and iteratively collaborates
with the synthesizer to refine the patch. The second focuses
on verifying the patched program against its original benign
paths to prevent overfitting. To improve efficiency, we lever-
age test cases generated during the equivalence checking
phase to validate benign paths. If a test case fails, the
synthesis process is re-entered, using the failing case as an
additional constraint to guide subsequent patch generation.

4.5. LLM Enhancement

Building on the static-analysis-based framework, we
integrate LLM to enhance PathFix’s performance in three
key steps: invalid path pruning, constraint summarization,
and patch generation, aligned with the design in Figure 3.
We structure these steps into three progressive tasks, where
responses from earlier steps inform subsequent ones, facil-
itating a logical chain of thought. The prompt templates,
with placeholders (), are adapted for each case. We list the
prompt setting for three steps in Appendix 10.4.

For instance, in Listing 1, we provide the function
definition and expected paths to identify invalid paths, along
with fault path conditions to aid constraint summarization.
Additional information, such as function dependencies or
struct definitions, is supplied as needed when relevant to
the expected paths or patch expression. Comparing LLM’s
responses with static analysis results, we observe that LLM
reasoning aligns more closely with human intuition. In patch
generation, instead of directly solving constraints in a strict
format, LLM analyzes the general logic to ensure β satisfies
the expected path constraints.

However, two challenges arise. First, a simple prompt
template does not guarantee consistent performance across
different cases. Second, LLM responses often lack a stan-
dardized format, sometimes providing unstructured analyt-
ical content or generating patch expressions at incorrect
locations.

To address these issues, we apply two strategies. First,
we encode examples of expected path constraints into the
system prompt, leveraging few-shot in-context learning to
help LLM recognize patterns and improve constraint sum-
marization. Second, we fine-tune the model’s temperature
setting, which controls randomness and reasoning ability.
Lower temperatures (0–0.5) degrade performance, so we
retain the default (1.0 in GPT-4o) to ensure high-quality
responses.

Additionally, we enforce structured output formatting.
Expected paths are stored in JSON, path constraints in Z3
format, and patch expressions in C syntax. This ensures
consistency and facilitates further automated processing.



TABLE 2. REPAIR PERFORMANCE ON REAL-WORLD BUGS.
Buggy Prog. Ref. Prog PathFix SemGraft Angelix PathFix w/o Ref.

BusyBox

sed sed of GNU sed ✓ ✓ ✓ ✓

sed sed of GNU sed ✓ ✓ × ✓

sed sed of GNU sed ✓ ✓ × ✓

sort sort of Coreutils ✓ ✓ × ✓

Coreutils

mkdir mkdir of Busybox ✓ ✓ × ✓

mkfifo mkfifo of Busybox ✓ ✓ × ✓

mknod mknod of Busybox ✓ ✓ × ✓

copy copy of Busybox ✓ ✓ ✓ ✓

md5sum md5sum of Busybox ✓ ✓ ✓ ✓

cut cut of Busybox ✓ ✓ × ✓

5. Evaluation

In this section, our evaluation mainly investigates 3
research questions:
RQ1: How well does PathFix perform, compared with the

previous method?
RQ2: How much enhancement can LLM bring to PathFix

for each steps?
RQ3: What are the reasons for the repair success and failure

in PathFix?

5.1. Experimental Setup

Dataset. We conduct experiments on QuixBugs [16] and
10 real bugs in the busybox and coreutils. First, QuixBugs
contains 40 programs of classic algorithms. We choose
programs sharing similar functionality to serve as reference
programs, e.g. mergesort and bucketsort. Second,
we also evaluate PathFix under real-world scenarios by
collecting 10 bugs from Busybox and GNU Coreutils, which
are also evaluated by SemGraft 1.
Comparison Setting. We compare PathFix with SemGraft
and Angelix. SemGraft relies on reference programs and the
CBS synthesizer, while Angelix relies on test cases. We also
compare the success repair rate with the pure LLM-based
solution, in which the user feeds the buggy code and fault
cases into LLM and requires the LLM to generate a patch in
a one-step conversation. Notably, we use pass@1 metic to
denote the success repair rate for the LLM-based solution.
Environment Setting. All the experiments are performed
on a Ubuntu 22.04 server with an Intel Xeon 2620 CPU
at 2.4 GHz and 16 GB RAM. PathFix is implemented in
Python with dependency on existing tools, including Klee,
Joern, Z3, and Brahma. Regarding LLM, we adopt the gpt-
4o API.

5.2. Performance Comparison

Comparison on Real Bug Cases. We make comparisons
on 10 real programs. As shown in Table 2, both PathFix
with LLM and SemGraft repair all bugs successfully, but
Angelix only fixes 3 bugs. Notably, we also collect complete
test suites for Angelix and PathFix w/o Ref. The results
show that PathFix can still generate correct expected paths
and patches without a reference program. Regarding repair

1. SemGraft presents commit IDs and project versions for 12 real bugs;
however, we find 2 commit IDs are invalid.

TABLE 3. REPAIR PERFORMANCE ON QUIXBUGS BENCHMARK.

Method Generated Repairs

Fixed Overfitting Synthesis
Error

Constraint
Error

SemGraft 18 3 6 13

LLM 31 7 2 0

PathFix w/o LLM 25 0 10 5

PathFix w/ LLM 37 0 0 3

efficiency, PathFix outperforms SemGraft on repair time and
the number of paths included in the constraint. PathFix re-
quired 27 minutes to repair these real bugs, while SemGraft
required 45 minutes. SemGraft claimed it needs to traverse
up to 250 paths during inferring specification in a buggy
program, while PathFix with LLM only needs to consider
up to 4 paths after path pruning. That is because SemGraft
needs to consider more intermediate states in its verification
condition, especially inferring β of the predicate β in multi-
loops. While PathFix only contains the β state in the last
round.
Comparison on Quixbugs. We further evaluate PathFix’s
performance on the Quixbugs. Table 3 demonstrates the
repair performance comparison on Quixbugs. Among the
40 buggy programs, SemGraft only fixes 18 programs. Even
without LLM enhancement, PathFix performs significantly
better than SemGraft, fixing 25 programs. For the programs
fixed by SemGraft, PathFix can also fix all of them. The
pure LLM solution can fix 31 cases. In 9 failure cases,
there are still 7 overfitting errors and 2 synthesis errors.
In this context, overfitting errors mean that LLM generates
an executable program, but it can only fix partial fault
paths or bring new faults. Synthesis errors mean that the
patched programs generated by LLM cannot be executed.
For PathFix with LLM, we observed that PathFix performs
best compared to all 3 baselines. There are only 3 failure
cases due to the constraint errors, as listed in Table 5.

In summary, both PathFix with LLM and SemGraft
can repair real-world bugs, and PathFix exhibits higher
efficiency. With the LLM enhancement, PathFix further out-
performs SemGraft and pure LLM-based solutions. Such an
observation supports the idea that more precise constraints
can produce more accurate patches. Besides, the task de-
composition contributes to the performance of LLM on APR
tasks.

5.3. Enhancement from LLM

To investigate how LLM helps PathFix improve the
repair performance, we measure the LLM’s contributions
in the 3 subtasks: path pruning, constraint summarization,
and patch synthesis. As illustrated in Table 4, The findings
underscore an overall trend of enhanced performance by
integrating the 3 steps.

First, we observed that LLM can prune all invalid ex-
pected paths of 23 cases. As we mentioned in Section 4,
expected path pruning is complicated, especially when the
expected path is sliced due to the loop structure. Without



TABLE 4. COMPARISON OF REPAIR PERFORMANCE WITH AND
WITHOUT LLM INTEGRATION.

Method Path Pruning Constraint Summarization Patch Synthesis

PathFix w/o LLM 9 17 25

PathFix w/ LLM 23 35 37

LLM, PathFix can only prune invalid expected paths of 9
cases when the program structure is simple. These unde-
tected invalid paths caused multiple iterations or synthesis
errors. Even if 100% coverage cannot be achieved, LLM
can also prune partially invalid paths in 15 cases. Compared
with PathFix without LLM, it brings better accuracy and
efficiency.

Second, we observed that LLM can successfully sum-
marize precise constraints in 35 cases. We also noticed that
even if some invalid expected paths are fed into this step, the
LLM may still summarize correct constraints. LLM corrects
these constraints based on the context information; thereby,
generated constraints don’t follow the invalid expected path
but another valid path, fixing the same fault path.

Third, we observed that LLM can synthesize correct
patches in 37 cases. In contrast, PathFix can only summarize
constraints and synthesize correct patches in 25 cases. The
most significant improvement happens in programs involv-
ing buggy function calls, as shown in Table 5. However,
there are still 3 failure cases: 2 failed in path pruning, and
1 failed due to an incorrect path constraint.

In summary, LLM can enhance all 3 steps in PathFix and
contribute to the overall performance. We noticed that LLM
is a resilient system. Even if some invalid expected paths
bypass the path pruning, the final patches generated by LLM
are still correct. This is because LLM generates the patch
based on the expected paths and the context information
of the entire buggy program, e.g., the loop or recursion
invariant logic.

5.4. Success and Failure Reason Analysis

We first investigate three failure reasons, as shown in
Table 3. For the overfitting issue, PathFix can avoid plausible
patches due to its verification on all paths; however, Sem-
Graft generates 3 plausible patches because it only focuses
on the fault path. The pure LLM-based solution fails in 7
cases due to the hallucination issue. An example of a coinci-
dence is, in the function detect_cycle(Node* node)
(Listing 3 in Appendix), SemGraft and pure LLM generate
the same patch h==NULL, which can fix the bug but cause
new issues when h->successor==NULL. However, we
found that LLM realized this buggy condition in its thought,
but still generated the wrong patch. PathFix also generates a
similar candidate in the initial round, but it fails to pass the
verification on the benign paths, so the correct patch is re-
generated in a later round. The second type of failure occurs
when the synthesizer cannot generate a patch, either due to
timing out or failing to converge. Limited by the capabilities
of the component-based synthesizer, the synthesizer may
still fail to find a suitable expression after traversing all

TABLE 5. REPAIR PERFORMANCE ON DIFFERENT BUG POSITIONS.

Defect Position
PathFix w/o LLM SemGraft PathFix w/ LLM

Fixed Unfixed Fixed Unfixed Fixed Unfixed

Assignment

sequence body 3 0 3 0 3 0
loop body 6 5 4 7 10 1
recursion body 5 3 2 6 7 1
if branch in loop 1 0 1 0 1 0

Condition

for condition 3 0 3 0 3 0
while condition 3 0 3 0 2 1
if condition 0 1 0 1 1 0
if condition in loop 3 1 2 2 4 0
if condition in recursion 1 0 0 1 1 0

Function recursion entry 0 5 0 5 5 0

accessible variables and operators. Also, the path constraint
is not precise enough, which is another reason because there
may be an invalid expected path that is not pruned. PathFix
fails to synthesize on 10 programs, and SemGraft fails on
6 programs. These programs usually require complicated
patch expressions, such as multiple variables, ternary opera-
tors, and built-in functions. Third, no valid constraint can be
constructed due to the complex program context. Complex
context mainly refers to multi-hop function calls, multi-layer
nested loops, and recursive functions. PathFix fails on 5
programs, and SemGraft fails on 13 programs.

We further analyze the impact of defect type and location
on repair performance. As shown in Table 5, Most defects
in the QuixBugs are located in the loops or recursion
structures. Correspondingly, the main reason for the high
failure rate of SemGraft in the loop body is state explosion.
SemGraft considers patch (β) states in each loop round, in-
dicating the high constraint-solving overhead. For instance,
the program shortest_path_lengths (Listing 6 in
Appendix) contains a three-layer loop. Even if we limit
the input graph containing only 5 nodes, the execution
may reach up to 125 rounds, which means 125 (β1−125)
states in the constraint of SemGraft, thereby leading to 125
potential paths. To alleviate the complexity caused by the
loop structures, PathFix constructs the sliced expected paths
by intercepting the last round of the loops. The execution
mechanism for the recursion functions is that the first self-
invocation would be executed in the last round. In other
words, the first self-invocation is equivalent to the last round
in the loop. Therefore, we retain the first self-invoked exe-
cution flow to construct the sliced expected paths. However,
neither PathFix nor SemGraft can generate correct patches
at recursion entry. Recursion entry refers to the fault that
occurs on input parameters of the recursive function. Such
failures indicate that the improvement in path pruning and
constraint summarization is urgent for PathFix.

In contrast, PathFix with LLM significantly improves
the repair performance when the error occurs in these
challenging locations, i.e., the loop and recursion bodies.
When the expected path is sliced, the path constraint may
be under-approximated. Without LLM, PathFix may fail to
solve such constraints. In this case, LLM can supplement the
constraints according to the loop logic when summarizing
the path constraints to generate patches better. For recursive
entry, LLM’s main contribution is the representation of



function entry, which is not possible with component-based
synthesis methods. However, LLM may make mistakes
when handling programs with similar function names and
implementations. For example, one failure case occurs when
processing the find_first_in_sort() function (List-
ing 5); the implementation is similar to find_in_sort()
(Listing 4). When summarizing constraints, LLM needs to
additionally consider the situation where the array contains
duplicate elements, but it constructs incorrect constraints
similar to these in find_in_sort().

6. Discussion

In this paper, we collect the reference program before
using PathFix. We assume that the reference program is
bug-free, ensuring the completeness of detected fault paths.
However, our evaluation demonstrates that a reference pro-
gram is not strictly required for PathFix. Instead, test cases
can be used to infer fault paths, shifting the responsibility
to users to provide comprehensive test coverage. We also
explored leveraging LLMs to generate reference programs.
For instances in the QuixBugs dataset, the LLM successfully
generated 30 correct reference programs. However, since
the reference program must be entirely correct, the 75%
accuracy rate (30 out of 40) is insufficient for reliable
use. Additionally, we experimented with using LLMs to
detect fault paths without a reference program, but this
approach also failed to guarantee complete path coverage. In
future work, we plan to optimize prompt design to improve
accuracy.

Another limitation is that the sliced expected path rep-
resents an upper approximation of the path constraint. The
constructed path constraints form a superset of the expected
paths, disregarding the influence of statements preceding
the sliced path. As a result, the synthesis process may
fail to converge. To address this, we plan to incorporate
loop invariants to extend path constraint coverage for loop
variable states. Prior research [17] has shown that LLMs
are effective in summarizing invariants, which could further
enhance our approach.

7. Related Work

Test-Driven Approaches. Test-driven approaches rely on
test suites to form correctness criteria, guiding fault localiza-
tion, patch generation, and verification, such as GenProg [6],
AE [24], RSRepair [25], and ACS [26]. GenProg [6], [27]
a landmark work. It uses genetic programming to search
for repairs in buggy programs. The performance bottleneck
lies in the efficiency of the search algorithm and precise
coverage of the candidate space, inspiring continuous im-
provement in subsequent work [25], [24]. RSRepair [25]
shows random search outperforms genetic algorithms in
patch search. AE [24] optimizes the search space by merging
semantically consistent but syntactically different mutations.
APR tools are also integrated into CI/CD pipeline in in-
dustry, e.g., Meta’s SapFix tool [28], which achieve good
performance leveraging high-quality internal codebases.

Semantics-Driven Approaches. Semantics-driven methods
infer constraint-based specifications that formally cover fault
conditions [3]. The key insight lies in constructing more
precise constraints. One straightforward way is to summa-
rize constraints from test cases. Semfix [8] formulates given
test cases into repair constraints using symbolic execution.
Another approach builds the constraint based on user’s
experience [9], [7], [29]. DirectFix [9] proposes that the
best repair involves the least changes and then optimize
the patch by minimizing changes. Property-based APR [29]
summarizes specific safety properties for different bug types.
The third way is to learn from the correct equivalent code,
which provides a functional reference. Relifix [30] utilizes
previous code to repair bugs in a new version; however, it
fails to cover new features due to its reliance on syntactic
similarity. SemGraft [10] extends the similarity of reference
program from syntactic consistency to semantic consistency.
AI-Driven Approaches. With the rise of large language
model (LLM), the AI-based APR has shown promising
results [11], [12], [13], [5]. We also noticed that with the
rise of the large language model (LLM), applying LLM
to the APR task has also achieved promising performance.
Coconut [11] firstly applies a machine translation architec-
ture to build the mapping from buggy code to benign code.
Cure [12] improves performance by fine-tuning Generative
Pre-trained Transformer (GPT) [31]. The commercial ser-
vices like Codex [32] and ChatGPT [33] have also demon-
strated outstanding APR performance. With the improve-
ment of LLM’s code generation capability, current LLM-
based code repair focuses on prompt engineering to improve
repair capabilities. Misu et al. [34] exploited the LLM
to boost the formal verification based on Dafny language,
which is usually used in APR tasks. However, we argue that
AI-based APR is not ready to completely replace test-driven
and semantics-driven approaches. First, Code generated by
LLM, including patches, still relies on human validation due
to the unreliable nature of LLM. Second, AI models are
limited in context length, hindering large project repairs.
8. Conclusion

In this work, we introduced PathFix, a novel automated
program repair framework designed to address two signifi-
cant challenges in existing APR methods: imprecise speci-
fication and overfitting issues. By leveraging static analysis
techniques, including symbolic execution and constraint-
solving, PathFix formalizes expected path constraints, en-
abling more precise and efficient patch generation. We in-
tegrate LLM to improve scalability and constraint handling
in PathFix, facilitating repair performance in complex bug
scenarios such as loops and recursions. The evaluation of
PathFix demonstrates its superiority over static analysis-
based and LLM-based solutions, highlighting its potential to
improve automated program repair processes and promote
more reliable software development practices.
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10. Appendix

10.1. Code Cases

1 int lin_search(int x, int a[], int len)
2 {
3 int m;
4 for(m = 0; m < len; m++) {
5 if(x == a[m]){
6 return m;
7 }
8 }
9 return -1;

10 }

Listing 2: Linear search.

1 bool detect_cycle(Node* node) {
2 Node* h = node;
3 Node* t = node;
4 while (true) {
5 // fix: ...||h==NULL
6 // Plausible fix: h==NULL
7 if (h->successor == NULL)
8 return false;
9 t = t->successor;

10 h = h->successor->successor;
11 if (h == t)
12 return true;
13 }
14 }

Listing 3: detect cycle.

1 int find(int arr[],int x,int l,int r)
2 {
3 if (l == r)
4 return -1;
5 int m = l + (r - l) / 2;
6 if (x < arr[m])
7 return find(arr, x, l, m);
8 else if (x > arr[m])
9 return find(arr, x, m, r);

10 // fix: find(arr, x, m+1, r)
11 else
12 return m;
13 }

Listing 4: find_in_sort.

4 int find_first_in_sorted(int arr[], int n, int
x) {↪→

5 int lo = 0;
6 int hi = n;
7 while (lo <= hi) { // while (lo < hi)
8 int mid = (lo + hi) / 2;
9 if (x == arr[mid] && (mid == 0 || x !=

arr[mid - 1])) {↪→
10 return mid;
11 }
12 else if (x <= arr[mid]) {
13 hi = mid;
14 }
15 else {
16 lo = mid + 1;
17 }
18 }
19 return -1;
20 }

Listing 5: find_first_in_sorted.

9 void shortest_path_lengths(int n, double
length_by_edge[MAX_NODES][MAX_NODES]) {↪→

10 for (int i = 0; i < n; i++) {
11 for (int j = 0; j < n; j++) {
12 if (i == j) {
13 length_by_path[i][j] = 0;
14 } else if (length_by_edge[i][j] !=

0) {↪→
15 length_by_path[i][j] =

length_by_edge[i][j];↪→
16 } else {
17 length_by_path[i][j] = DBL_MAX;
18 }
19 }
20 }
21 double new_dist = 0.0;
22 for (int k = 0; k < n; k++) {
23 for (int i = 0; i < n; i++) {
24 for (int j = 0; j < n; j++) {
25 new_dist = length_by_path[i][k]

+ length_by_path[j][k];↪→
26 // new_dist =

length_by_path[i][k] +
length_by_path[k][j];

↪→
↪→

27 length_by_path[i][j] = (new_dist
< length_by_path[i][j])↪→

28 ? (new_dist) :
length_by_path[i][j];↪→

29 }
30 }
31 }

Listing 6: shortest_path_lengths.

10.2. Path Constraint Inference Rules based on
Hoare Logic

In this paper, we utilize Hoare triple and inference rules
to construct the path constraint. The Hoare triple {P}c{Q}
formalizes the execution of a program statement, where P
and Q are first-order predicates representing the pre- and
post-states, respectively, and c denotes a single statement.
The inference rules extend the execution formalization to the
entire program, which consists of various program logic like
sequential, conditional, and loop statements. The inference
rules are based on the substitution rule and backward deriva-
tion. Assuming operation c : m = m+1, then {P}c{Q} can
be converted into [m + 1/m]Q{m : m + 1}Q. This means
replacing the variable m + 1 in state Q with m, then the
state P is satisfied. On the contrary, if {P}c{Q} holds true,
replacing the variable m in state P with m + 1 will result
in state Q.

In our work, we hope to retain all states on the ex-
pected path instead of replacing them since any state may
be related to patches. So we convert operation c into a
state C: m1 == m0 + 1, then we have an implication:
P ∧ C => Q. This transformation process is equivalent to
the inference rules of Hoare logic. Because the substitution
rule still holds on the implication. With the inference rules,
we can extend the state transitions to sequential execution,
conditional execution, and cyclic execution as implications,
as shown in the following.
(1) Sequence Structure:

{P}c1{R} {R}c2{Q}
{P}c1; c2{Q}

⇔ P ∧ C1 ∧ C2 ⇒ Q (5)



(2) If-branch Structure:

{P ∧ b}c1{Q} {P ∧ ¬b}c2{Q}
{P} if(b){c1} else{c2}{Q}

⇔ P∧(b∧C1∨¬b∧C2) ⇒ Q

(6)
(3) While-loop Structure:

{P ∧ b}c{P}
{P}while(b)c{P ∧ ¬b}

⇔ P ∧ b ∧ C ⇒ P ∧ ¬b (7)

10.3. Proof of Observation 2

Proof. Define a proposition P (n): Given an execution path
with n iterations, if there is a patch that fixes the fault, all
states (Sn) in the nth iteration is correct.
Base Case (P (1)): Suppose n = 1, the current path is
equivalent to a loop-free path. Given the patch fixes the
bug, S1 should be correct. Hence, P (1) is true.
Inductive Step (P (k+1)): Assume P (k) is true for arbitrary
positive integer k. This means if there is a patch that fixes
the fault, then Sk is correct. Assuming that the patch has
addressed the fault, we need to prove P (k + 1). Since Sk

is correct, the input for the iteration (k + 1) is correct as
well, as it is derived from the previous iteration. Therefore,
based on the correctness of Sk, the state Sk+1 will also be
correct. Thus, if P (k) is true, then P (k + 1) is also true.
Final Step (P (n)): By the principle of mathematical induc-
tion, p(n) is also true, as k + 1 approaches n.

10.4. Prompts in LLM-enhanced workflow

Step 1: Identify invalid expected paths
Q: Looking at this buggy function {binary_search(int x, int a[], int length)}, We
found there are 4 possible expected paths: 
{
Expected Path 1: line 9 -> 13 -> 5 -> 6 -> 7; 
Expected Path 2: line 11 -> 13 -> 5 -> 6 -> 7; 
Expected Path 3: line 9 -> 13 -> 14; 
Expected Path 4: line 11 -> 13 -> 14.
} 
Note that the expected path is sliced; it only includes the last round of iterations.
Please help me identify which path is invalid to fix the program.

A: 
Analysis:
Expected Path 1: line 9 -> 13 -> 5 -> 6 -> 7

Line 9 sets L = m + 1, which narrows the search to the upper half.
In the next iteration, L would potentially match m such that x == a[m], so
the correct output 2 (index of a[2]) would be returned.
This path seems possible.

Expected Path 2: line 11 -> 13 -> 5 -> 6 -> 7

Line 11 sets R = m - 1, which narrows the search to the lower half.
However, since x == a[2], reducing R (i.e., moving to the lower half)
would prevent the algorithm from finding a[2].
Thus, this path would not result in the correct output.
This path is invalid for this input.

......
Conclusion:
Valid Paths: Expected Path 1, Expected Path 4.
Invalid Paths: Expected Path 2, Expected Path 3.

Figure 5. LLM-enhanced Workflow: Step 1. Identify invalid expected paths.

Step 2: Summarize path constraint
Q: Looking at these expected paths. Combing with the input condition of fault
paths:
{
Fault Path 1. Input condition: [a[0]<a[1]<a[2], x == a[2]],
Fault Path 2. Input condition: [a[0]<a[1]<a[2], x<a[0]].
}
Please help me summarize the constraint about the patch on the path. The patch
can be expressed as β. Write each path as a constraint that can be solved to infer
the expression of β
A: 
Expected Path 1: line 9→β→line 5→line 6→line 7
Constraints:
1. Initial state:

L_0 = 0;
R_0 = length -1;
m_0 = (L_0+R_0)/2;
x != a[m_0].

2.  After first update (line 9):

L_1​=m_0​+1.

3. Apply patch β:

β = true;
m_1 = (L_1+R_0)/2.​​

4. Correct result condition:

x = a[m_1];
Return the index m_1.......

Figure 6. LLM-enhanced Workflow: Step 1. Identify invalid expected paths.

Step 3: Generate the patch

Q: Looking at these expected path constraints. please generate an expression of
β satisfying all path constraints.

A: 
1. For Expected Path 1 (where  is found):
   - 
   - 
   - 
   - The patch  must allow this progression and result in the correct index being
returned. Thus,  should allow the algorithm to continue searching and re-
compute .

2. Expected Path 4 (where  is not found and the search exits):
   - Path 4:  and 
   - The patch  should allow the algorithm to terminate when the exit condition

 is met, leading to the return of .

General Logic for 
The patch  should ensure that the binary search continues until either:
- , and the correct index is found (Expected Path 1) or
- , and the search exits (Expected Path 4).
Thus, the expression for  should be based on the following conditions:
-  should allow iteration to continue if  (i.e., the search space is not
exhausted).
-  should allow termination when  (i.e., the search space is exhausted).

Final Expression for 
Given these considerations,  can be expressed as the following logical
condition:

β=(L≤R)

Figure 7. LLM-enhanced Workflow: Step 1. Identify invalid expected paths.


