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ABSTRACT
Practical implementations of Isolation levels (ILs) might deviate

from their theoretical definitions, resulting in isolation bugs. Trig-

gering isolation bugs usually requires concurrent test cases, which

causes high debugging complexity. These test cases typically con-

tain numerous irrelevant operations, resulting in large and redun-

dant raw cases that violate the three essential criteria for bug report

submission, i.e., reproducibility, conciseness, and uniqueness. Achiev-
ing these criteria involves three key challenges: 1) deterministically

reproduce bugs despite high concurrency; 2) efficiently reduce cases

without losing bug-triggering operations; 3) accurately distinguish

unique bugs from the bug reports having complex transaction be-

haviors. To address these challenges, we propose an isolation bug

case reduction and deduplication framework Pisco. First, we pro-
pose to simulate the DBMS’s internal state to infer the order of

conflicting operations for deterministic bug reproduction. Second,

we introduce a dependency-aware divide-and-conquer strategy for

efficient case reduction. Finally, we design a domain knowledge-

driven, multi-agent collaboration framework for accurate bug dedu-

plication. Extensive experiments show that Pisco reduces the cases
to their minimal forms in just 20.0%/33.3% of the time required by

C-Reduce/DDMin and has a deduplication ratio of up to 91.6%.
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1 INTRODUCTION
Isolation levels (ILs) act as a correctness contract for concurrent

transactions [2]. To strike a balance between correctness and per-

formance, DBMSs generally provide multiple ILs [14] that are im-

plemented following various concurrency control protocols [21, 32].

However, the practical implementations might not strictly follow

theoretical IL definitions [16] and then cause isolation bugs [19].

There exist many works focusing on detecting isolation bugs [3,

19, 28, 33, 41, 42, 69]. Generally, these studies first generate various

test cases consisting of concurrent transactions and run them on

the database. Then, they leverage a test oracle to verify whether the

database correctly handles the cases. For clarity, we refer to the orig-

inal test cases as raw cases. Due to the high throughput of DBMS,

a raw case usually involves numerous concurrent operations. As

shown in Fig. 1, the bug #42487 of TiDB [70] is triggered by the

raw case containing 23, 261 operations executed by 12 concurrent

threads. Thus, the large number of operations in raw cases signifi-

cantly increases the complexity of bug analysis and debugging. The

primary reason is that isolation bug reproduction usually requires

enumerating all possible execution orders of concurrent operations,

due to the nondeterministic concurrency control protocols inside

the DBMS and the complex access dependencies among operations.

However, the isolation bugs are typically caused by a few opera-

tions across 2∼4 transactions [16], indicating that most operations

in raw cases are bug-irrelevant. The presence of irrelevant opera-
tions makes manually processing such cases highly labor-intensive.

Thus, database communities generally refuse to analyze unrefined

raw cases and discourage their direct submissions [51]. An empiri-

cal study of transactional bug reports submitted between 2018∼2022
across 6widely-used DBMSs [16] reveals that successfully accepted

bug reports should adhere to the following three criteria:

• Reproducibility. A bug report should specify an exact order of

operations in the test case, where the bug can be deterministically

reproduced (> 94% cases).
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Figure 1: Bug Case of TiDB #42487 under Repeatable Read IL
• Conciseness. A bug report should consist of several small-scale

transactions. Most bug cases have less than four transactions,

containing 8 ∼ 10 operations in total (> 98% cases).

• Uniqueness. A bug report should present a new bug that has not

been reported before. Detecting duplicate reported bug cases is

time-consuming. For example, MySQL’s official data shows an

average of 114 days per report for duplication analysis [51].

The key challenges to meet the above criteria are as follows:

Deterministic Bug Reproduction (C1). Determining a fea-

sible server-side execution order that could stably reproduce the

isolation bug is the primary prerequisite for bug analysis. However,

ordering large-scale concurrent operations for bug reproduction is

non-trivial [47]. Specifically, the execution traces collected from the

client side record execution time interval of each operation instead

of its exact timestamp. Thus, the concurrent execution makes a

large number of operations overlap in time. Numerous studies have

been investigated to deduce the concurrent operation order. They

can be broadly divided into two categories: enumeration and depen-
dency inference. Enumeration-based methods exhaustively explore

all possible operation orders within a bug case and replay them

to detect whether the bug is triggered [39, 47, 65]. However, this

approach suffers from the combinatorial explosion dilemma. More-

over, dependency inference-based methods infer the order by build-

ing dependency graphs from unique operation timestamps [38, 49],

under the strict assumption that operations do not overlap in time.

Efficient Case Reduction (C2). To facilitate efficient bug repro-

duction and analysis, we should reduce a raw case to its minimal

form. This requires eliminating all bug-irrelevant operations from
the raw case. However, it is particularly challenging in the presence

of complex operation dependencies. Previous studies [18, 36, 62, 75]

usually use pre-defined rules to iteratively remove operations and

check whether the removal would affect the bug triggering. For

example, delta debugging [75] is a widely used method that evenly

divides operations into multiple subsets. Then, it combines divide-

and-conquer and trial-and-error strategies to recursively remove

subsets. However, these methods overlook operation dependencies

arising from conflicting accesses on the same data items. Conse-

quently, they often mistakenly divide interdependent operations

related to the bug across different subsets. This would make each

subset unable to be safely removed without affecting the bug trig-

gering, leading to inefficient trials. Then, these subsets must be

recursively divided and checked, causing more trials.

Accurate Case Deduplication (C3). To avoid submitting a

duplicate bug report to the database community, it is of great im-

portance to identify whether there exists a reported bug having

the same root cause (i.e., produced by the same faulty code) as the

bug case to be submitted. Existing studies [78] generally leverage

information retrieval or machine learning based report embedding

techniques to address the issue of duplicate detection, with textual

similarity as the dominant metric [18]. However, textual compar-

isons do not perform well in distinguishing different isolation bugs.

This is because isolation bugs are closely related to the data access

behaviors of operations in the bug case. Even if two bug reports

reveal the same bug, their corresponding test cases might have

different database schemas and transactions. Furthermore, isolation

bug cases usually contain fewer than 10 SQL statements [16] and a

high proportion of the SQL texts are reserved keywords (e.g., SE-
LECT) [24, 27, 44, 72], both of which make the textual comparison

rather hard to identify the duplicate bug reports.

To address these challenges, we propose an isolation bug case

reduction and deduplication framework Pisco. The goal of Pisco
is to generate a bug report with the properties of reproducibility,

conciseness, and uniqueness. To address C1, we propose to use the

execution trace to mirror the internal state (e.g., version chains, lock

tables) of the DBMS, and then leverage the concurrency control

protocol to deduce the execution order of conflicting operations

with time overlaps. To address C2, we build a directed operation

dependency graph to capture all dependencies between operations.

Then, we rely on the data access dependency to form reduction

units, where interdependent operations are aggregated in the same

reduction unit. On this basis, we further design a dependency-aware

divide-and-conquer strategy for case reduction. To address C3,
we design a domain knowledge-driven multi-agent collaboration

framework of large language models (LLMs) to deduplicate the

bug case. To avoid excessive LLM invocations, we further design

a coarse-grained filtering method based on IL-related features to

select a small set of bug reports for fine-grained report ranking.

In summary, we make the following contributions.

• We design and open-source isolation bug case reduction and

deduplication framework Pisco, which is available at [59].

• We propose an internal DBMS state mirroring based execution or-

der inference method, a dependency-aware divide-and-conquer

strategy, and a domain knowledge-driven multi-agent collab-

oration framework, which successfully address the challenges

C1-C3 in reducing and deduplicating large-scale IL bug cases.

• We release a dataset of isolation bug cases [58], which can support

future research on detecting and mitigating isolation bugs.

• Extensive experiments demonstrate that Pisco reduces bug cases

to their minimal forms with only 20.0%/33.3% of the time com-

pared to C-Reduce/DDMin. Moreover, it correctly identifies the

duplicates for 91.6% bug cases; all unique bugs submitted with

the assistance of Pisco were accepted within two days.

2 PRELIMINARY
2.1 Isolation Level
In DBMSs, an isolation level (IL) defines the degree to which opera-

tions in one transaction remain isolated from concurrent operations

in other transactions. A stricter IL might reduce performance in ex-

change for stronger correctness guarantees. For example, a stricter

IL imposes stricter serializability constraints in 2PL-based DBMSs,

leading to more blocking among concurrent transactions. For the

OCC-based DBMSs, a stricter IL requires more rigorous validation

at commit time, leading to more transaction aborts. Weaker ILs re-

lax constraints on accessible data versions to improve performance,
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Figure 2: Architecture of Pisco
but accessing an incorrect version violates the IL’s formal defini-

tion [1, 4], such as Dirty Reads, Observed Transaction Vanishes, and

Non-repeatable Reads. Meanwhile, prior work has shown that more

than 94% of transaction bugs can be deterministically triggered by

executing operations in a specific order [16]. Pisco is designed for

such deterministic isolation bugs. Note, multi-version concurrency

control (MVCC) [32] and strict two-phase locking (S2PL) [21] are

widely adopted by modern commercial DBMSs [35, 52, 55]. Thus,

we introduce our technical concepts based on these protocols.

2.2 Isolation Bug Case
Existing IL testing methodologies consist of three phases: test case

generation, test case execution, and execution history verification.

First, the generation phase [19, 28, 42] aims to generate numerous

test cases. Formally, a test case𝐶 is denoted as a set of transactions,

i.e.,𝐶 = {𝑡𝑥𝑛1, 𝑡𝑥𝑛2, · · · , 𝑡𝑥𝑛𝑛}. Each transaction 𝑡𝑥𝑛𝑖 is an ordered

list of operations, i.e., 𝑡𝑥𝑛𝑖 = {𝑜𝑝𝑖,1, 𝑜𝑝𝑖,2, · · · , 𝑜𝑝𝑖,𝑚}, where 𝑜𝑝𝑖, 𝑗 is
the 𝑗-th operation (a single SQL statement). The operations within

a transaction are executed sequentially, whereas the operations in

different transactions might execute concurrently, resulting in over-

lapping execution time intervals observed from the client side. Sec-

ond, the execution phase [15] executes𝐶 and records the execution

results as execution traces. The trace of an operation 𝑜𝑝 is formally

defined by 𝑜𝑝’s ❶ start timestamp 𝑜𝑝.𝑡𝑠 and end timestamp 𝑜𝑝.𝑡𝑒 ;

❷ accessed data item 𝑜𝑝.𝑑 ; ❸ operation type 𝑜𝑝type; and ❹ returned

results (whether the operation succeeds and the returned values of

read operations). Since these information are easily collected from

the client, Pisco can be integrated with common black-box transac-

tional testing tools, e.g., Jepsen [28] and TxCheck [30]. Moreover,

this phase produces an execution order ≺ over the operations in

𝐶 . Finally, the verification phase [3, 33, 41, 69] verifies whether

there exist isolation bugs. If an isolation bug is found, we use a

boolean variable 𝜙 (𝐶,≺) to indicate whether replaying operations

in 𝐶 under the order ≺ could reproduce the isolation bug.

2.3 Bug Case Reduction and Deduplication
Generally, an isolation bug is triggered by a small number of oper-

ations in the bug case 𝐶𝐵 , and the other operations are irrelevant.
These irrelevant operations will increase the debugging complexity,

making it difficult for developers to identify the root cause. There-

fore, it is of great importance to remove the irrelevant operations,

and this process is referred to as bug case reduction. Moreover, a

bug case may share the same root cause with the submitted bug

reports, i.e., produced by the same lines of faulty code that should

be repaired [18, 29, 50], such as the same file or function. Submitting

these duplicate bug cases will waste debugging effort. Thus, it is

necessary to deduplicate bug cases before submitting them.

Definition 1. Isolation Bug Case Reduction and Dedupli-
cation: Given a bug case 𝐶𝐵 covering a set of operations involved in
transactions, let C = {𝐶 | 𝐶 ⊆ 𝐶𝐵} denote the power set of 𝐶𝐵 , and
BR denote the set of existing bug reports. The goal is to (1) find a min-
imal bug case 𝐶𝑀 ∈ C that could reproduce the bug under a specific

operation order ≺𝐵 , i.e., 𝜙 (𝐶𝑀 ,≺𝐵) = true ∧ �𝐶′ ⊂ 𝐶𝑀 𝑠 .𝑡 .∃ ≺𝐵′
, 𝜙 (𝐶′,≺𝐵′ ) = true, and (2) check whether there exists a bug report
𝑏𝑟 ∈ BR that describes the same bug as 𝐶𝑀 .

3 FRAMEWORK OVERVIEW
Fig. 2 shows the framework of Pisco, which has three components.

Bug Reproduction. The prerequisite for reducing a bug case is

to identify a feasible operation execution order that could stably

reproduce the bug. One naive approach is to enumerate all possi-

ble orders until finding one order that successfully reproduces the

bug [10]. However, this would lead to a combinatorial explosion

dilemma [47]. To address this issue, we propose to deduce the op-

eration execution order based on their access conflicts. Specifically,

isolation bugs are typically triggered when operations access incor-

rect data versions that violate the specific IL definition. Moreover,

the specific data version accessed by an operation is determined

by its relative order with respect to other operations writing to the

same data, referred to as conflicting operations. Thus, if conflicting

operations access data in the same order as in the raw case, we can

ensure that the original incorrect version access behaviors would

be reproduced. In light of this, we propose to deduce the execution

order of conflicting operations by mirroring the internal state (e.g.,

version chains, lock tables) of DBMS. Then we can leverage the

concurrency control protocol to simulate the schedule (e.g., lock

acquisition and release, retrieve visible versions) of conflicting oper-

ations in the original bug-triggering scenario. After that, we further

construct operation batch sequences by dividing conflicting opera-

tions into different batches and putting non-conflicting operations

in the same batch. In this way, all the operations in a batch can be

executed in parallel during the bug reproduction.

Case Reduction. Next, we come to eliminate bug-irrelevant

operations. A common approach is delta debugging [75], which is

a divide-and-conquer method that divides operations into subsets

and iteratively removes subsets by checking whether the bug is

still triggered after removal. However, this approach ignores opera-

tion dependencies and usually mistakenly divides interdependent

operations related to the bug across multiple subsets. As a result,

none of the subsets can be safely removed without affecting the

bug triggering, which further leads to redundant trials and replay

costs. To address this issue, we first build a directed operation depen-
dency graph to depict dependencies between all the operations. On

this basis, we can group interdependent operations into reduction
units. Guided by these dependencies, we further apply a divide-

and-conquer strategy that recursively reduces operations at the

granularity of reduction units, thus improving efficiency.

Case Deduplication. After case reduction, we finally verify

whether the bug has already been reported in the DBMS’s commu-

nity, so as to avoid unnecessary efforts of manual analysis. To this

end, previous studies [18, 67] usually rank potentially duplicate bug

reports in the community based on the textual similarity of report

descriptions, and then pick the top-ranked ones for manual review.

However, isolation bugs are closely tied to the data access behaviors

of operations in bug cases, which are not easily revealed by the

textual descriptions. To address this issue, we propose to leverage

a domain knowledge-driven multi-agent collaboration framework

of LLMs, which have demonstrated superior capabilities in DBMS

issues [80]. Moreover, to reduce the cost of LLM invocations, we
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first design a coarse-grained filtering method based on IL-related

features [16] to select a handful of candidate bug reports. Then, we

propose an LLM-enhanced fine-grained ranking method to accu-

rately rank the candidates. Finally, the agents judge the duplication

of the reduced case based on the top-ranked bug report.

4 BUG REPRODUCTION
In this work, isolation bugs can be reliably reproduced by executing

operations in a specific bug-triggering order. Thus, we focus on

how to infer such an order. Previous work, such as Oracle Data-
base Replay [49], cannot determine the order of time-overlapping

operations without unique timestamps. As shown in Fig. 3, while

we know that 𝑜𝑝1 precedes 𝑜𝑝2, the relative order between 𝑜𝑝1
and 𝑜𝑝3 (or 𝑜𝑝2 and 𝑜𝑝3) remains unknown. Although this issue

can be addressed by incorporating the additional conflict metadata
(e.g., version stamps), such metadata must be extracted either from

the DBMS kernel or specific customized workloads, restricting the

generality. Note, an isolation bug is triggered when an operation

accesses an incorrect data version. The version accessed by an op-

eration is determined by its execution order relative to other write

operations on the same data item, since they create versions of

this data item. To capture the interferences between operations, we

define two operations as conflicting if they access the same data

and at least one of them is a write [1, 77]. If conflicting operations

are executed in the original bug-triggering order, they would access

the “expected" data versions and reproduce the bug [49]. In light

of this, we propose to deduce the execution order of conflicting

operations. Then, we further construct an operation batch sequence
(see Algo. 1). Specifically, we divide conflicting operations into a

sequence of batches and put non-conflicting operations in the same

batch. In this way, all operations in a batch can be executed in

parallel during the bug reproduction.

Specifically, we leverage the execution traces of operations (see

§ 2.2) to construct the batches. When constructing a new operation

batch B, we check operations that are not included in previous

batches following the order of their end timestamps, which are

arranged in an array O (line 3). Specifically, we fetch the next op-

eration 𝑜𝑝 that does not conflict with any operation in B (line 7).

Then, we collect 𝑜𝑝 and its time-overlapping operations into a set

SO (line 8), since we can directly derive the execution order of

non-overlapped operations. Then, we deduce the execution order

between the checking operation and its time-overlapping opera-

tions. Note, operations cannot be added to a batch if they conflict

with operations already in the batch, i.e., conflicting with B.
Order Inference for Time-overlapping Operations. To de-

duce the execution order of time-overlapping operations, we pro-

pose to simulate the state of DBMS’s internal data structures related

to the concurrency control, such as version chains and the lock

table. This is because such state [30] before an operation’s execu-

tion determines the result returned by this operation. A version

chainV tracks the version evolution of each data item, where each

write operation appends the new data version it creates toV . Be-

sides, to save memory usage, we periodically prune the obsolete

versions that are invisible to all active transactions. Moreover, a

lock table L tracks the lock contentions between different opera-

tions, while the lock is released after its holder’s transaction ends.

We next discuss the checking operation𝑤.𝑟 .𝑡 the operation type,

Algorithm 1: Operation Batch Sequence Construction

Input: Bug case𝐶𝐵 .

Output: Operation Batch sequence S.
1 Batch sequence S ← ∅, lock set L ← ∅ and version chain

V ← {𝑑 : ∅ |∀𝑑 ∈ all accessed data items};
2 Hashmap AC ← the total access number of each data item;

3 Array O ← all operations in𝐶𝐵 , ordered by end timestamp;

4 while ∃𝑜𝑝 ∈ 𝐶𝐵 , 𝑜𝑝 ∉ S do
5 B,AW ← ∅;
6 while O.ℎ𝑎𝑠𝑁𝑒𝑥𝑡 ( ) ∧ |AW | ≠ |AC | do
7 𝑜𝑝 ← O.𝑛𝑒𝑥𝑡𝑁𝑜𝑛𝐶𝑜𝑛𝑓 𝑙𝑖𝑐𝑡 (B) ;
8 SO ← {𝑜𝑝 } ∪ {𝑜𝑝′ |∀𝑜𝑝′ ∈ O, 𝑜𝑝′ overlaps with 𝑜𝑝 };
9 forall read operation 𝑜𝑝𝑟 ∈ SO do
10 if �𝑜𝑝′′ ∈ B, 𝑜𝑝𝑟 conflicts with 𝑜𝑝′′ ∧ 𝑜𝑝𝑟 reads version

∈ V then
11 update AC with 𝑜𝑝𝑟 , 𝐵+ = 𝑜𝑝𝑟 ;

12 forall write operation 𝑜𝑝𝑤 ∈ SO do
13 if �𝑜𝑝′′ ∈ B, 𝑜𝑝𝑤 conflicts with 𝑜𝑝′′ ∧ 𝑜𝑝𝑤 .𝑑 ∉ L∧
14 ∀𝑜𝑝′ ∈ SO , 𝑜𝑝′ writes 𝑜𝑝𝑤 .𝑑, 𝑜𝑝𝑤 .𝑡𝑒 ≤ 𝑜𝑝′ .𝑡𝑒 then
15 update AC , AW with 𝑜𝑝𝑤 , 𝐵+ = 𝑜𝑝𝑤 ;

16 O-=B, S.𝑎𝑑𝑑 (B) , Update V, L with 𝑜𝑝 ∈ B;
17 return S;

i.e., read and write. Note, if a read operation 𝑜𝑝𝑟 is incorrectly or-

dered after a subsequent write operation 𝑜𝑝𝑤 in the case, 𝑜𝑝𝑟 would

read the version created by 𝑜𝑝𝑤 instead of the version it read in

the original bug-triggering scenario. To prevent reads from being

scheduled late, we propose to check all the read operations first

among time-overlapping operations.

❶ If the checking operation is a read operation 𝑜𝑝𝑟 , it is required

to read the same data version as in the original bug-triggering exe-

cution. If the required version has been created by a write operation

in previous batches, the checking operation could read that version

when it is executed in the new batch B (lines 9-11). Then, this

operation can be added to B. Otherwise, the required version has

not been created, and the read operation should wait until a write

operation creates it. As a result, 𝑜𝑝𝑟 cannot be added to B.
❷ If the checking operation is a write operation 𝑜𝑝𝑤 , it can be

executed in the new batch only if it could acquire the lock of its

accessed data. It implies that a write can be added to B if it satisfies

both of the following conditions (lines 12-15): ➀ The write operation
is not blocked by any operation’s lock in the previous batches. The
DBMSs generally use the locking strategy (e.g., strict two-phase

locking) to provide exclusive access to shared data. Then, operations

would hold locks on their accessed data until the corresponding

transactions end. Thus, 𝑜𝑝𝑤 can be added to B only if the lock for

the data item it writes is not held by any operation in previous

batches (i.e., 𝑜𝑝𝑤 .𝑑 ∉ L). For example, consider the operation 𝑜𝑝3
that writes to data item 𝐴 in Fig. 3. As the operation 𝑜𝑝1 holds the

lock on 𝐴, 𝑜𝑝3 must wait until the lock is released. ➁ The write
operation acquires the lock. Database lock contention occurs when

multiple write operations attempt to modify the same data. From

Property 1, we know that the first returned write would always

first acquire the lock, regardless of network delays (due to space

constraints, proofs and complexity analysis are in [59]). Therefore,

only the first returned write can be added to B (line 14).

Property 1. If there exist multiple time-overlapping operations
writing to the same data, the first returned write operation would
always firstly acquire the lock.
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Figure 3: Order Inference
Termination Condition of Batch Construction. We now

discuss when to “freeze” a batch, i.e., stop adding operations to it and
start a new one. A batch is frozen if either of the following conditions
is met: ➀ all remaining operations conflict with those already in

the batch, or ➁ all operations in the test case have been processed.

Condition ➀ is time-consuming for the exhaustive examining of

all remaining operations. However, if the current batch has written

to all data items accessed by the remaining operations, then every

remaining operation must conflict with the batch. Naturally, we use

a hashmapAC to count the number of accesses each data item will

have from all remaining operations, initializing each counter to the

total accesses in the test case (line 2). When an operation is added

to the batch, we decrement the counter of each data item it accesses,

and remove a data item from AC once its counter is zero (lines

11, 15). We also maintain a written data set AW containing data

items that (i) have been written by operations in the current batch,

and (ii) will be accessed by remaining operations. When adding an

operation, we add its written data items to AW if they are still in

AC (line 15). Finally, we freeze the batch when the number of items

in AC equals the size of AW , indicating all remaining operations

conflict with the current batch (line 6). When a batch B is freezed,

we remove operations in B from O, add B to the batch sequence

S, and update L andV using B (line 16). The complexity of this

procedure is 𝑂 (𝑁 ) for a case with 𝑁 operations.

Example 1. In Fig. 3, we process operations in ascending order

of their end timestamps, i.e., 𝑜𝑝1, 𝑜𝑝3, 𝑜𝑝2. Since they only access

the data item 𝐴, the hashmap AC contains 𝐴:3. ➀ We first check

𝑜𝑝1, overlapping in time with 𝑜𝑝3. They are conflicting writes to 𝐴.

Based on Property 1, the first returned conflicting write acquires

the lock and is executed first. Thus, 𝑜𝑝1 is put into the batch 𝐵1,

while updating the version chain of 𝐴 by 𝐴:1 and adding the lock

of 𝐴 to the lock table. Meanwhile, 𝐴 is added to the written data set

AW and its counter in AC is decreased by 1. Since |AW | = |AC |,
𝐵1 is frozen. ➁ Then, it comes to 𝑜𝑝3. Since it overlaps with the

read operation 𝑜𝑝2, we first check 𝑜𝑝2. Since 𝑜𝑝2 reads the existing

version𝐴:1, it is directly added to the new batch 𝐵2 and the counter

of 𝐴 in AC is decreased by 1. As Txn2 still holds the lock on 𝐴,

𝑜𝑝3 cannot be added to 𝐵2. Since all operations are checked, 𝐵2 is

frozen. Now, Txn2 ends and releases the lock on𝐴. ➂ Since 𝑜𝑝3 can

obtain a lock on 𝐴, it is added to the new batch 𝐵3. The lock table

and the version chain are updated accordingly, and |AC |= |AW |=0.

Finally, 𝐵1, 𝐵2 and 𝐵3 form the operation batch sequence.

Adaptability. Regardless of the implementation to handle edge

cases inside the database, Pisco can correctly simulate the DBMS’s

state evolution (including the version chain and lock table) and infer

the bug-triggering order. This is because Pisco ensures a correct

and closed loop between the simulation of DBMS’s state evolution

and the operation execution order inference. More importantly,

this design can also be adapted to infer execution order for DBMSs

implementing other concurrency control protocols (e.g., OCC and

TO). More detailed discussions are put in [59].

Data Version Disambiguation. Note, we distinguish different

versions of a data item according to its data values. However, a

value might appear multiple times in the version chain and could

not be used to identify the version accessed by the read operation.

To address this issue, we propose to enumerate all possible batch

sequences based on each matched version. Specifically, for each

matched version, we construct an operation batch sequence under

the assumption that the read operation accesses this version. If the

bug can be triggered following this operation batch sequence, we

identify this version as the accessed version. Note, the version chain

retains only values visible to active transactions, which effectively

reduces the versions to be enumerated and results in a low overhead.

5 CASE REDUCTION
Isolation bugs are usually related to a small size of operations

(≤ 10) [16]. Next, we need to remove bug-irrelevant operations

for effective debugging. To this end, we first construct operations’

reduction units to capture data access dependencies between op-

erations (§ 5.1). Then, we propose a divide-and-conquer and trial-

and-error strategy to recursively reduce reduction units (§ 5.2).

5.1 Reduction Unit Construction
Delta debugging [75] is a widely used method that takes the idea

of divide-and-conquer and trial-and-error to reduce the bug case.

The naive delta debugging method usually evenly divides opera-

tions, which neglects the operation dependencies in the test case.

Thus, it may divide bug-relevant operations into different subsets.

Since removing bug-related operations prevents the bug from be-

ing reproduced, these subsets cannot be directly removed. Thus,

each subset requires to be recursively divided into smaller subsets.

However, such recursive divisions would make the trial-and-error

mechanism face a serious combinatorial explosion problem.

To address this issue, we introduce the reduction unit (RU) for
each operation. An RU consists of a given operation together with

all operations that depend on it. For a write operation, its RU com-

prises the write itself and all later operations that access the data

item it updates, since subsequent operations either access the ver-

sion created by this write operation, or create a new version based

on this version. For a read operation, its RU consists only of that

read, since it does not generate a new version of any data item.

To construct the RU for each operation, we define a directed

operation dependency graph G = (𝑉 , 𝐸). In this graph, each node in

𝑉 represents an operation, and each edge 𝑒 =< 𝑜𝑝, 𝑜𝑝′ > represents

that 𝑜𝑝′ directly accesses the data version created by 𝑜𝑝 . Therefore,

the RU of 𝑜𝑝 can be constructed by traversing all of its “reachable”

operations in G. Note, we define an operation 𝑜𝑝′ to be “reachable”

from 𝑜𝑝 if there exists a directed path from 𝑜𝑝 to 𝑜𝑝′.
Besides, we observe that an operation’s RU exactly equals the

union of its direct successors’ RUs. Thus, we propose a recursive

RU construction method with a time complexity of 𝑂 ( |𝐸 | + |𝑉 |).
Specifically, the method starts with the operations with no pre-

decessors. For each encountered operation 𝑜𝑝 , it checks if 𝑜𝑝 has

direct successors. If so, we first recursively construct the RUs of

its successors. Then, these RUs and 𝑜𝑝 itself form the RU of 𝑜𝑝 ,

denoted as 𝑅𝑈 (𝑜𝑝). If not, the RU of 𝑜𝑝 simply consists of itself.

5.2 Recursive Operation Reduction
After constructing the RUs, interdependent operations would be

checked together within the same RU when applying the delta
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Figure 4: Example of Recursive Operation Reduction
Algorithm 2: Recursive Operation Reduction

Input: Operation Dependency Graph G = (𝑉 , 𝐸 ) , Bug Case𝐶𝐵

Output:Minimal Reduced Case𝐶𝑀

1 𝑆 ← { 𝑜𝑝 | ∀𝑜𝑝 ∈ 𝑉 , �𝑜𝑝′, 𝑠 .𝑡 .,< 𝑜𝑝′, 𝑜𝑝 >∈ 𝐸};
2 while 𝑆 ≠ ∅ do
3 𝑆𝑅 ,𝐶𝐵 ← DivideConquer(𝑆,𝐶𝐵);

4 𝑆 ← {𝑜𝑝 |∀𝑜𝑝′ ∈ 𝑆𝑅 , ∀𝑜𝑝 ∈ 𝐶𝐵 , ∃𝑒 =< 𝑜𝑝′, 𝑜𝑝 >};// successors

5 return𝐶𝐵

6 Function DivideConquer(𝑆,𝐶𝐵):
7 if (𝐶𝐵 \ ∪𝑜𝑝∈𝑆𝑅𝑈 (𝑜𝑝 ) ) still triggers the bug then
8 return ∅,𝐶𝐵 \ ∪𝑜𝑝∈𝑆𝑅𝑈 (𝑜𝑝 ) ;// trial and error

9 if |𝑆 | = 1 then
10 return 𝑆,𝐶𝐵 ;

11 𝑆1, 𝑆2 ← Divide 𝑆 evenly;

12 𝑅1,𝐶1 ← DivideConquer(𝑆1,𝐶𝐵);

13 𝑅2,𝐶2 ← DivideConquer(𝑆2,𝐶𝐵);

14 return 𝑅1 ∪ 𝑅2,𝐶1 ∩𝐶2

debugging method. Next, Algo. 2 introduces how to recursively

reduce operations at the granularity of RUs. It takes the operation

dependency graph G and the bug case 𝐶𝐵 as the inputs. Then,

we collect all operations without predecessors (line 1), and then

apply the idea of divide-and-conquer to remove the bug-irrelevant

RUs from their RUs (line 3). This is because ❶ each operation’s RU

contains all operations reachable from it, and the union of these RUs

covers all operations in the bug case; ❷ these RUs are the largest

units, and removing them can greatly reduce the case. After one

round of the divide-and-conquer, only operations with bug-related

RUs are retained with the reduced bug case𝐶𝐵 , which are collected

as the bug reproduction set 𝑆𝑅 (line 3). This is because they would

influence the results of all other operations in their RUs, and are

indispensable for bug reproduction. Next, we gather the collected

operations’ direct successors as 𝑆 (line 4) for the next round. The

above steps repeat recursively until all operations in 𝑆𝑅 have no

successors, leaving an empty 𝑆 for the next round (line 2).

For each round (lines 6-14), it first validates whether 𝐶𝐵 still

triggers the bug after removing the RUs of all operations in 𝑆 (line

7). If so, all these bug-irrelevant RUs are removed from 𝐶𝐵 and

then returned (line 8). Otherwise, at least one operation in 𝑆 has

a bug-related RU. In such a case, if 𝑆 contains only one operation,

this operation is retained and directly returned (line 10); otherwise,

operations in 𝑆 are evenly split into two disjoint subsets 𝑆1 and

𝑆2, which are recursively reduced by DivideConquer (lines 11-13).

Then, each invocation of DivideConquer returns the bug-related
operations and the reduced cases, i.e., 𝑅1&𝐶1 and 𝑅2&𝐶2. Finally,

the union 𝑅1 ∪ 𝑅2 collects all bug-related operations in each subset,

and the intersection 𝐶1 ∩𝐶2 retains bug-related operations in both

recursive branches that are returned as outputs. After a round (line

3), Algo. 2 collects the direct successors of the retained operations

in 𝑆𝑅 , which form a new set 𝑆 for the next round (line 4).

Example 2. Figure 4 shows an example of our recursive reduction

with 𝐶𝐵={𝑜𝑝1, · · ·𝑜𝑝7}. First, we identify operations with no prede-

cessors, i.e., 𝑆={𝑜𝑝1, 𝑜𝑝2, 𝑜𝑝3, 𝑜𝑝4}. Then, we divide them into two

…# of Transactions … Repeatable Read

7,< 2, … 0,0,1,0, … >
Numerical

<0.4,⋯ , 0.05	>×
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= <0.08,⋯ , 0.0	>

33 IL-related features# of Operations

Normalized Vector
< 0.2, … 0,0,1,0, … >

Figure 5: Example of Feature Vector for a Bug Report
groups, which are 𝑆1={𝑜𝑝1, 𝑜𝑝2} and 𝑆2={𝑜𝑝3, 𝑜𝑝4}. Next, we apply

the trial-and-error strategy to 𝑆1 and 𝑆2. We observe that the RUs

in 𝑆1 are irrelevant to the bug and thus can be safely removed, i.e.,

𝐶𝐵={𝑜𝑝3, · · · , 𝑜𝑝7}. Then, we divide the operations in 𝑆2= {𝑜𝑝3, 𝑜𝑝4}

into two groups. After applying the trial-and-error validation to

each group, we find that the RU of 𝑜𝑝3 is irrelevant and can be

removed safely, i.e., 𝐶𝐵={𝑜𝑝4, 𝑜𝑝6, 𝑜𝑝7}. Consequently, the retained

operation is 𝑆𝑅= {𝑜𝑝4}. Then, we start a new round of the reduc-

tion process for the direct successors of 𝑜𝑝4, i.e., 𝑆={𝑜𝑝5, 𝑜𝑝6, 𝑜𝑝7}.

Note, 𝑜𝑝5 is removed from 𝐶𝐵 as part of a cascade triggered by the

removal of 𝑜𝑝3, and we continue to divide 𝑜𝑝6 and 𝑜𝑝7 into two

groups. Finally, the RU of 𝑜𝑝6 is found to be irrelevant to the bug

and removed directly, i.e.,𝐶𝐵={𝑜𝑝4, 𝑜𝑝7}. Since 𝑜𝑝7 has no successor,

the reduction terminates. In summary, 𝐶𝐵 includes {𝑜𝑝4, 𝑜𝑝7}.
Complexity Analysis and Discussion. The complexity of this

procedure is 𝑂 (𝑀 log
𝑁
𝑀
) for a bug case with 𝑁 operations and

𝑀 bug-related operations in the worst case. Furthermore, Pisco
holds a guarantee of 1-minimality [75]. Note, variants of the same

bug might not be reduced to the same pattern, and duplicate cases

cannot be directly identified by their patterns, complicating the

case deduplication. More detailed discussions are put in [59].

6 CASE DEDUPLICATION
A bug case may share the same root cause with the existing bug

reports [18, 29, 50]. Submitting such duplicate bug cases will waste

debugging effort. Therefore, we focus on efficiently deduplicating

the bug cases in this section. One naive method is to manually check

each bug report, which is particularly laborious. To address this

issue, we propose to search for the most likely duplicate candidate

report for manual confirmation. Unfortunately, the text similarity-

based method is not suitable for deduplicating isolation bug reports,

due to the limited information in the short bug report as discussed

in § 1. Considering the superior capabilities of LLMs in various

DBMS tasks [6, 7, 43, 56, 60, 68, 80], we also choose LLM to handle

this task. However, directly applying LLMs to this task is ineffi-

cient due to two reasons. First, leveraging LLMs to exhaustively

compare the bug case with all existing bug reports will lead to

high cost [22]. Second, LLMs lack specific IL knowledge, limiting

the accuracy. Although D-Bot [80] incorporates DBMS expertise

for system diagnosis, it is not designed for the deduplication task.

Specifically, it neither encodes IL-specific semantics nor outputs a

definitive binary decision required for determining whether two

bug reports correspond to the same underlying issue. To address

these issues, we first introduce a coarse-grained filtering method to

narrow down the candidate reports (see § 6.1). Then, we propose

a novel LLM-based multi-agent collaboration framework for fine-

grained candidate ranking (see § 6.2). Finally, the agents deduplicate

the reduced case based on the top-ranked bug report.

6.1 Coarse-grained Filtering
Previous study [16] has summarized 55 transactional features from

numerous transactional bug reports. Among them, we employ 33

IL-related features, e.g., the number of transactions and the IL used

in the case, to distinguish bug reports. As shown in Fig. 5, we

apply one-hot encoding to the categorical feature, e.g., the 3-rd bit
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represents repeatable read in this example. Besides, the numerical

features, e.g., the number of transactions, are normalized to [0, 1].
Then, all 33 feature encodings are concatenated to represent a bug

report. We further note that these features do not contribute equally.

For instance, since many reports come from the same DBMS, the

DBMS Type feature offers limited value. Conversely, the SELECT FOR
UPDATE operation type is rare and thus more valuable. To measure

such feature importance, we employ mutual information [71] to

capture how much a feature helps distinguish bug reports.

More specifically, let 𝐹 denote the features of a bug report, and

𝑓𝑖 represent the 𝑖-th feature of 𝐹 . Moreover, we use 𝑌 to represent

the set of all the confirmed bugs in the community, and use 𝑦 𝑗 to

denote the 𝑗-th bug in 𝑌 . Then, the importance (i.e., weight) of

the feature 𝑓𝑖 in distinguishing bug reports can be calculated as:

𝑤𝑖 =
∑

𝑦 𝑗 ∈𝑌 𝑝 (𝑓𝑖 , 𝑦 𝑗 ) log
(

𝑝 (𝑓𝑖 ,𝑦 𝑗 )
𝑝 (𝑓𝑖 )𝑝 (𝑦 𝑗 )

)
, where 𝑝 (𝑓𝑖 ), 𝑝 (𝑦 𝑗 ), 𝑝 (𝑓𝑖 , 𝑦 𝑗 )

are the probability of feature 𝑓𝑖 , the probability of bug 𝑦 𝑗 and the

joint probability of 𝑓𝑖 and 𝑦 𝑗 , respectively. Specifically, the ratio of

𝑝 (𝑓𝑖 ,𝑦 𝑗 )
𝑝 (𝑓𝑖 )𝑝 (𝑦 𝑗 ) represents the dependence between 𝑓𝑖 and 𝑦 𝑗 . A higher

ratio indicates that the feature is more related to the bug. We calcu-

late probabilities based on frequencies in the existing bug reports by

the counting-based approach [53]. For example, 𝑝 (𝑓𝑖 ) is estimated

as the ratio of the number of reports in which 𝑓𝑖 appears to the total

number of bug reports. Besides, we adopt Laplace smoothing [57] to
handle sparse features, which captures the relationships between

features and bugs unseen in our dataset. Note, we have collected

isolation bug reports as extensively as possible [58], which helps a

lot in mitigating the impact of sparse features.

By summing over all reports, the mutual information 𝑤𝑖 rep-

resents the overall ability of feature 𝑓𝑖 to distinguish bug reports

and is therefore used as its weight. Then, they are used to calculate

the cosine similarities between the reduced bug case and existing

bug reports. Next, we select the top 𝐾 bug reports by similarity as

candidate bug reports for the subsequent LLM analysis.

6.2 Fine-grained Ranking
After obtaining the candidate duplicate bug reports, we use LLMs

to rank them. To assist in identifying version accesses that vio-

late the IL definition, we provide the LLM with the theoretically

expected access behaviors of their operations (see § 6.2.1). To fa-

cilitate ranking, we decompose the ranking task into a series of

pairwise comparisons by a multi-agent workflow (see § 6.2.2).

6.2.1 Expected Access Behavior Derivation. After investigating the

official documentations of popular DBMSs, we summarize the ex-

pected access behavior (❶–❺) of each operation under different ILs

as follows. Specifically, ❶ The operation reads the snapshot created
at its transaction’s start time, which is examplified by the IL of snap-
shot isolation (SI) in SQL Server. In Fig. 6, 𝑜𝑝4 would access 𝐴:1. ❷

The operation reads the snapshot created before its transaction’s first
non-transaction-control operation, which is examplified by the ILs

of serializable (SR) and repeatable read (RR) in PostgreSQL. In Fig. 6,

𝑜𝑝4 would access 𝐴:2. ❸ The operation reads the snapshot created
before its transaction’s first read operation, which is examplified

by the read operations under the ILs of SR and RR in InnoDB. In

Fig. 6, 𝑜𝑝4 would access 𝐴:3. ❹ The operation reads the most recent
committed version before it, which is widely used by the IL of read
committed (RC). In Fig. 6, 𝑜𝑝4 would access 𝐴:4. ❺ The operation
reads the most recent version before it no matter whether the version
is committed, which is examplified by the IL of read uncommitted
(RU) in SQL Server. In Fig. 6, the operation 𝑜𝑝4 would access 𝐴:5.

Generally speaking, given an operation 𝑜𝑝 that is included in

the transaction 𝑡𝑥𝑛, the specific version it should access is the

most recent committed (or uncommitted) version before its pivot
operation in 𝑡𝑥𝑛. Here, we determine the pivot operation by the

IL used in the database [48, 52, 55]. In Fig. 6, under the IL of SR

in InnoDB, the pivot operation of 𝑜𝑝 is the first read operation in

𝑡𝑥𝑛, i.e., 𝑜𝑝3. To capture the most recent version before the pivot
operation, we replay all operations in the inferred order from § 4 and

trace the version evolution during replay. We construct two version

chains for each data item to record committed and uncommitted

versions, respectively. A version is added to the uncommitted (resp.
committed) version chain when it is created (resp. commmitted),

together with the written (resp. committed ) timestamps. In this

way, we can derive operations’ expected access behaviors by finding

their pivot operations and traversing the version chains.

6.2.2 LLM Enhanced Candidate Report Ranking. As shown in Fig. 7,

we employ an LLM-based multi-agent collaboration framework to

rank the candidate reports, which includes three parts.

Domain-Specific Expert Agents Preparation. There exist

various ILs in DBMSs, and even for the same IL, there might exist

some subtle differences in different DBMSs. Fortunately, a previous

study [41] has abstracted the implementation of various ILs into

four classic mechanisms, including consistent read (CR), mutual
exclusion (ME), first updater wins (FUW), and serialization certifier
(SC). To comprehensively incorporates all these implementation

knowledge [37], we propose four domain expert agents to perform

the pairwise bug reports comparison collaboratively. Each agent

focuses on one mechanism that implements the IL related to the bug

case, prompted by the following three mechanism-specific contexts:

❶ Textual description. It is the semantic definition of the isola-

tion level mechanism that is extracted from the DBMS document.

Take the consistent read (CR) mechanism as an example, its textual

description specifies “The transaction-level CR sees the snapshot of

a database as of the beginning of a transaction, while the statement-

level CR sees the snapshot as of the beginning of an operation”.

❷ Running example. It provides a transactional trace demon-

strating the behaviors of concurrent transactions. The example in

Fig. 7 demonstrates the behaviors of transaction-level CR. It con-

tains three transactions 𝑡𝑥𝑛1, 𝑡𝑥𝑛2, and 𝑡𝑥𝑛3 that operate on the

same data item 𝐴. In this example, the BEGIN operation of 𝑡𝑥𝑛2
(𝑜𝑝2,1) sees a snapshot of the database with𝐴:1. Then, the following

operation 𝑜𝑝2,2 within 𝑡𝑥𝑛2 also reads this snapshot. That is, even

if 𝑡𝑥𝑛3 updates 𝐴:2 before 𝑜𝑝2,2, 𝑜𝑝2,2 still reads the value of 𝐴:1.

❸ Pseudo-code. It gives a concise pseudo-code of the isolation
level mechanism. The code shows the pseudo-code of transaction-

level CR. The read operation in a transaction scans the version

chain for the accessed data item and returns the latest committed

version visible to the transaction. The visible version is determined

based on the timestamp of the transaction’s BEGIN operation.
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[Output: Comparison Result]

Domain Expert Agent Preparation

Consistent Read

Mutual Exclusion

Serialization Certifier

First Updater Wins

Textual Description: The 
transaction-level CR sees 
the snapshot of a database 
as of the beginning of a 
transaction, while the 
statement-level CR ... 1

Running Example: 
𝑇𝑥𝑛!, 𝑜𝑝!,!: W(A:1)
𝑇𝑥𝑛#, 𝑜𝑝#,!: BEGIN;
𝑇𝑥𝑛$, 𝑜𝑝$,!: W(A:2)
𝑇𝑥𝑛#, 𝑜𝑝#,#: R(A:1)
𝑇𝑥𝑛#, 𝑜𝑝#,$: COMMIT;

2 Pseudo-code: 
function consistent_read(txn, key):
# Scan versions from newest to oldest

for v in reversed(version_chain[key]):
if v.commit_ts <= txn.begin.ts:

return version

3

Figure 7: Workflow of LLM Ranking
Multi-Round Filtering.We next leverage expert agents to filter

candidate bug reports in multiple rounds. In each round, the reports

are randomly divided into pairs, and for each pair, the expert agents

determine which report is more similar to the reduced bug case. To

mitigate the potential hallucination issue [26], we adopt a multi-

round comparison strategy. It involves comparing the target bug

case against a pair of bug reports multiple times and determining

the final decision through majority voting. For example, suppose

the expert agents return an incorrect result with probability 𝑝 ,

then the probability of mistakenly filtering a more similar report

can be denoted as 𝑝𝑒 =
∑𝑘

𝑖=⌈𝑘/2⌉ 𝐶
𝑖
𝑘
𝑝𝑖 (1 − 𝑝)𝑘−𝑖 after repeating 𝑘

(𝑘 is usually an odd number) comparisons. This indicates that 𝑝𝑒
decreases exponentially as 𝑘 increases. Besides, the predictions of

LLMs are sensitive to the permutations within the inputs [46, 76].

Then Pisco incorporates a random permutation method, which

permutes the order of two candidate bug reports and the textual

contents within each report. At the end of each round, the selected

report from each pair is retained for the next round, while the

others are discarded. This process continues until only one bug

report remains, which is identified as most similar to the reduced

bug case. Next, we introduce the comparison details.

Collaborative Comparison. Given a pair of candidate bug re-

ports, each expert agent first selects the report that is more similar

to the reduced bug case based on its mechanism-specific knowl-

edge. For each candidate bug report, we provide both its textual

description and the associated bug-triggering case. For the reduced

case, we provide the database schema, the number of threads and

transactions, and the sequence of operations with annotated exe-

cution order SQL statements, and the corresponding threads and

transactions. For each read operation, we specify its actual and

expected read versions (i.e., its expected access behavior), enabling
the agent to deduce which operation violates the IL.

However, when an agent specializes in a mechanism unrelated

to the bug involved in the comparison, its judgment is less trustwor-

thy. If we apply a simple majority voting as taken by the standard

ensemble prompting [40, 66, 74], such irrelevant agents might dom-

inate the voting and produce an incorrect conclusion. To address

this issue, we require each expert to attach a confidence score to

its comparison. If all agents return the same result with high confi-

dence, then they reach a consensus. In contrast, if the agents return

conflicting results with similar confidence scores, they fail to reach

a consensus. This is possibly because the agent might ignore the

key details about the bug case with a single step of reasoning. To

resolve such disagreements, Pisco proposes a stepwise verification
with Chain-of-Thought (CoT) prompting [73]. Concretely, each

agent unfolds its one-step reasoning about the bug case execution

process into a step-by-step analysis using CoT prompting. In these

steps, the agent deduces the execution details of each operation,

including its execution result and the resulting DBMS’s internal

state. If the disagreement still exists, it indicates that the bug might

Table 1: Raw Bug Case Dataset and Statistics

Bug ID Issue ID #Cases
Case Size (#Operations)

Min Avg Max

B1 MariaDB#19535 117 15787 18211.4 24411

B2 MariaDB#26642 44 7558 12511.3 17085

B3 MySQL#100328 21 6377 13967.7 24288

B4 MySQL#113228 33 7519 19303.8 23737

B5 TiDB#20535 22 8279 19472.4 23750

B6 TiDB#21218 22 9076 19499.2 23711

B7 TiDB#21506 22 9395 19535.4 23653

B8 TiDB#28212 22 5015 17899.2 19635

B9 TiDB#36718 124 11610 19222.2 22588

B10 TiDB#21447 116 6161 20054.2 24737

B11 TiDB#42487 83 5718 20987.4 24275

B12 TiDB#44303 22 6035 18995.5 24506

B13 TiDB#44379 22 7080 19323.2 24333

Total – 670 5015 19602.7 24737

span across multiple mechanisms, hindering a single expert agent

from reasoning comprehensively. To address this issue, Pisco adopts
the simultaneous-talk paradigm [5], enabling expert agents to ex-

change their intermediate reasoning traces throughout multi-round

discussions. In each round, each agent independently provides its

conclusion and reasons, sharing them through a shared memory

pool [23]. Next, each agent validates and revises its conclusion by

referring to the shared context. Finally, the discussion is iteratively

performed until all agents reach a consensus. Suppose there exist 𝐾

candidate bug reports, and each report pair is repeatedly compared

𝑘 times, the total number of LLM enhanced comparisons is𝑂 (𝑘 ·𝐾).
Finally, it uses a similar pipeline as the fine-grained ranking

to make a duplication judgment. The only difference is that we

prompt agents to judge whether the reduced case is a duplicate of

the top-ranked bug report.

Integrating Pisco with Jepsen. To demonstrate Pisco’s gener-
alizability, we illustrate how Pisco can be integrated with Jepsen.

Jepsen is a widely used black-box testing framework for detect-

ing transactional isolation anomalies. During testing, its test client

already records all information required by Pisco except the start
and end timestamps of each operation. To this end, we can simply

extend the Jepsen client to record a client-side timestamp whenever

an operation is sent or completed. In this way, the operation-level

traces from Jepsen can be directly consumed by Pisco.

7 EVALUATION
7.1 Setup
Our experiments are conducted on a server equipped with 2 Intel

Xeon Gold 6126 processors, 250 GB memory, a 450 GB SSD, and an

NVIDIA RTX 6000 Ada GPU. By default, the number of retained

candidate bug reports is 16 (i.e.,𝐾=16) in the coarse-grained filtering

phase, and each candidate bug report pair is compared 5 times (i.e.,

𝑘=5) in the fine-grained filtering phase with the Qwen 2.5-7B, which

is a popular and open-source model that could run on our GPU.

7.1.1 Baselines. Since there exist no studies addressing all three

procedures, we evaluate each procedure of Pisco independently.
For bug reproduction, we compare Pisco against Random [42] and

Sequential [19]. Specifically, Random does not control the execution

order of operations between threads, but forces the order within a

thread. The Sequential method executes all operations serially as

the original bug-triggering execution (inferred in § 4).

For case reduction, we compare Pisco with DDMin [75] and C-
Reduce [62], as they represent different reduction methodologies.

That is, DDMin represents the general divide-and-conquer method-

ology and C-Reduce represents the rule-based methodology. Since
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Figure 11: Batch Const.
C-Reduce cannot be directly applied to our case reduction scenario,

we adapt it with two IL-specific rules. That is, removing operations

at the granularity of transactions and threads.

For case deduplication, we compare Pisco against five baselines,
which are REP [67], SABD [64], D-Bot [80], manual deduplication

(Manual) and a native LLM-based deduplication (LLM-N ). Specifi-

cally, REP measures the similarity by an improved BM25 [63] based

on the textual description and categorical features in the bug report

(e.g., bug type and DB version). SABD employs neural network-

encoded text vectors to calculate similarities. Manual relies on the

manual check of expert developers. D-Bot [80] is a multi-agent data-

base diagnosis framework, and we replace D-Bot’s general-purpose

agents with IL-specific ones. As D-Bot might retain conflicting

conclusions from different agents to prevent missing root causes,

we obtain its final conclusion by majority voting. LLM-N directly

prompts the LLM to identify the duplicated report.

7.1.2 Dataset Collection and Statistics.We adapt the state-of-the-

art transactional workload generator DBStorm [42] to construct the

test cases for three widely used DBMSs, which are MySQL, TiDB,

and MariaDB. Then, the transactional bug verifier Leopard [41] is

used to detect isolation bugs from these test cases. After running for

one month, we obtain 670 bug cases, which are manually classified

as 13 unique bugs by three expert developers as in Table 1. Since

operations executed after the bug occurrence are irrelevant to the

bug, we exclude all these operations from each bug case. In addition,

to construct the bug repository for deduplication, we have collected

a comprehensive set of transactional bug reports from the year

2018 to 2025 based on recent studies [16, 30] and the official report

repositories of the DBMSs tested in our experiments. Finally, we find

that all 670 generated bug cases are duplicates in our bug repository.

All reports are open-sourced for future research work [58].

7.2 Evaluation of Bug Reproduction
7.2.1 Comparison of Bug Reproduction Methods.We report the

bug reproduction ratio and runtime. Specifially, reproduction ratio

measures the ratio that the bugs are successfully reproduced.

Reproduction Effectiveness. Figure 8 shows the average repro-
duction ratio of each bug. The Random method has a much lower

reproduction ratio than other methods, which varies from 15% to

37% under all cases. It is because it does not consider interferences

between conflicting operations, and the bug is reproduced only

when the bug-related conflicting operations happen to have the

same execution order as the original bug-triggering execution. In

contrast, both Pisco and Sequential ensure 100% reproduction ratio

by enforcing a correct execution order for conflicting operations.

Reproduction Efficiency. Figure 9 shows that Random repro-

duce the cases fastest due to its unconstrained parallel execution,

whereas Pisco is slightly slower than Random. The main reason

is that Pisco executes operations in a batch in parallel, but forces

operation batches to execute sequentially to avoid indeterministic

interferences between conflicting operations. In contrast, Sequen-
tial executes all operations sequentially, resulting in the poorest

performance. Notably, Pisco has the same reproduction ratio as

Sequential while being up to 14.6× faster.

7.2.2 Bug Reproduction Scalability.We divide the 670 test cases

into four groups according to the number of operations (i.e., case

size), which are 5𝑘∼10𝑘 , 10𝑘∼15𝑘 , 15𝑘∼20𝑘 , and 20𝑘∼25𝑘 .
Bug Reproduction. As shown in Fig. 10, Sequential has the

steepest time growth when the case size is increased, and it repro-

duces the largest cases for more than 60 minutes. This is due to its

full operation serialization. Pisco scales well with the speedup of

intra-batch parallelism. Random remains the most time-efficient,

but at the expense of a low reproduction ratio. Note, the reproduc-

tion time of Sequential is only 9× slower than that of Random and

Pisco. This is because most isolation bugs are triggered under high

contention, limiting the number of non-conflicting operations in

each batch of Pisco. Even for Random, the conflicting operations

are still serialized implicitly by the database’s locking mechanism,

decreasing its parallel execution performance in practice.

Batch Construction. To evaluate the scalability of our opera-
tion batch sequence construction method, we measure the average

memory usage and construction time under varied case sizes. Be-

sides, we display the time to check if overlapping operations can

be added into the same batch (check time). Fig. 11 shows that the
construction time increases linearly with the case size, consistent

with the time complexity analyzed in § 4. Moreover, the check time

also increases linearly with the case size, as our efficient mirror of

the DBMS’s internal state ensures that each operation is checked

in constant time. Lastly, we observe that the memory consump-

tion stays steady at first and then grows linearly with increasing

case sizes. The reason is that our Java-based implementation first

pre-allocates fixed-sized memory, and then the memory expands

linearly when the pre-allocated memory is exhausted.

7.3 Evaluation of Case Reduction
7.3.1 Comparison of Case Reduction Methods.We compare Pisco’s
case reduction method with C-Reduce and DDMin baselines.

ReductionEffectiveness.Weobserve thatC-Reduce andDDMin
can only reduce 53% and 70% cases to their minimal sizes on average

as shown in Fig. 12. By contrast, Pisco guarantees that all the cases
can be reduced to their minimal sizes. As shown in Fig. 13, C-Reduce
and DDMin retain 19.2× and 2.9× more operations than Pisco on
average. This is because they ignore the execution order among

concurrent operations and may fail to reproduce the bug even after

removing bug-irrelevant operations. This would further mistakenly

recognize these operations as bug-relevant that should be retained.

The reduced case size of C-Reduce is much larger than DDMin and

Pisco. This is because it reduces operations in the same transac-

tion or thread, making it hard to remove bug-irrelevant operations

mixed with bug-related ones within the same scope.

Reduction Efficiency. We observe that Pisco takes the shortest
time to reduce bug cases, consuming 20.0% of C-Reduce’s and 33.3%
of DDMin’s average time in Fig.14. The reason is that our reduction-

unit-based approach enables direct removal of bug-irrelevant sub-

sets. To further analyze the reduction process, we track the size

change of the largest bug case in dataset. We observe that Pisco
reduces the case size much faster than the others in Fig. 16. It is
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Figure 12: Case Reduction Effectiveness
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Figure 14: Case Reduction Efficiency
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Figure 15: Breakdown of Trial Number and Reduction Time
because C-Reduce and DDMin overlook the dependencies among

bug-related operations. Then they split bug-related operations into

separate subsets and take more trials to remove them.

Ablation Study. To further analyze the reduction process, we

break down the time and number of trials for both successful and

redundant (i.e., failed) trials of different methods. Besides, we re-

port the performance of Pisco when reduction units are disabled

(Pisco w/o RU ). Since Pisco w/o RU reduces bug cases at the same

granularity as DDMin, it can be considered as DDMin equipped

with a deterministic bug reproduction.

In Fig. 15, we observe that Pisco w/o RU, DDMin, and C-Reduce
take about 4.5×/3.7×/3.9×, 29.4×/4.3×/12.2×, and 13.3×/16.7×
/15.6× redundant/successful/total trials of Pisco. This is because
DDMin and Pisco w/o RU often divide bug-related operations into

different subsets, resulting in more divisions and trials for these

subsets. Besides, since DDMin might replay bug-related conflicting

operations in an incorrect order, it fails to trigger the bug even if the

removed subset is bug-irrelevant. These trials are incorrectly treated

as redundant, leading to much more divisions and trials. Finally, the

additional redundant trials retain bug-irrelevant operations, causing

reduced bug cases larger than Pisco. C-Reduce has less redundant
trials than DDMin, because it removes fewer operations in each trial

due to its small removing granularity, but takes more successful

trials to remove bug-irrelevant operations.

AlthoughDDMin and Pisco w/o RU require muchmore trials than

Pisco, their runtimes are 3× and 2.1× larger, respectively. This is

becausemost of the extra trials for them are performed after the case

is progressively reduced and divided into many small subsets. As

the case is continuously reduced, the latter trials take less validation

time than the early reduction stages, i.e., contribute insignificantly

to the total runtime. Moreover, the gap between DDMin and Pisco
w/o RU is also small. This is because DDMin replays bug cases with

high parallelism regardless of operation dependencies. C-Reduce
is 1.7× slower than DDMin due to its more trials. Since Pisco w/o
RU replays the case in a bug-triggering order, it can remove all

irrelevant operations and obtain the minimal forms as Pisco.
7.3.2 Case Reduction Scalability. To evaluate the scalability of case

reduction, we measure the average reduction time of different meth-

ods under varied case sizes. Moreover, we break down the total case

0 250 500
Reduction Time(min)

0

10

20

C
as

e 
Si

ze
(x

10
3 )

Pisco
DDMin
C-Reduce

Figure 16: Reduction Proc.

5k-10k 10k-15k 15k-20k 20k-25k
Operation Number

100
102
104

Ti
m

e 
(m

in
) Recursive Reduction

Reduction Unit
Construction

DDMin
C-Reduce

Figure 17: Reduction Time

B1 B2 B3 B4 B5 B6 B7 B8 B9 B10 B11 B12 B130

50

100

D
ed

up
lic

at
io

n
R

at
io

 (%
) Pisco LLM-N Manual SABD REP D-Bot

Figure 18: Deduplication Ratio
reduction time of Pisco into the reduction unit construction time

and recursive reduction time. Figure 17 shows that Pisco always
achieves the best performance and improves existingmethods by up

to 14.1×. In addition, both of the two components increase linearly

with the case size. This is because Pisco’s divide-and-conquer strat-
egy could always halve the set of reduction units at each iteration,

and the total reduction time is dominated by the early iterations

with larger case sizes. Besides, we construct all reduction units by

a single scan on the dependency graph, with the time cost linear

with the case size and its in-memory construction is significantly

faster than the recursive reduction procedure that contains case

reproductions, making its time cost negligible.

7.4 Evaluation of Case Deduplication
7.4.1 Comparison of Case Deduplication Methods.We compare

Pisco’s case deduplicationmethod with REP [67], SABD [64], LLM-N,
D-Bot [80] and Manual baselines. Specifically, we propose dedupli-
cation ratio (DR) to measure the ratio that duplicate bug reports are

correctly returned and bug cases are identified as duplicates. Note,

by default, all bug cases in our dataset are duplicates which have

been in our bug repository. Thus, DR also represents the recall in

this scenario. Moreover, we report the financial cost of eachmethod,

including: (1) server cost, estimated by the rental price of instance

on Tencent Cloud whose configuration is the same as the server

configuration used in our experiment [13]; (2) LLM invocation cost

for Pisco and LLM-N, based on Qwen2.5’s token pricing as of July

2025 [12]; and (3) labor cost for the manual method, estimated using

the 2024 U.S. median hourly wage of testers [54].

Deduplication Effectiveness. For the DR presented in Fig. 18,

we observe that Pisco achieves the highest DR among all automatic

approaches (91.6%), only approximately 6% lower than the manual

deduplication (97.3%). In contrast, REP and SABD exhibit signifi-

cantly lower ratios of 21.7% and 6.0%, respectively. This is because

they rely solely on textual or semantic similarity, ignoring the un-

derlying access behaviors that are critical to understand isolation

bugs. REP improves recall by incorporating categorical features (e.g.,

bug type, DB version), but these categorical features still fail to pre-

cisely describe the root causes. Compared to other LLM methods,

Pisco has a higher DR (about 20% higher than D-Bot). This benefits
from Pisco’s collaborative comparison, preventing bug-irrelevant

agents from dominating the final conclusion. In contrast, D-Bot
resolves conflicting conclusions from its agents by majority voting.

If a bug is only related to a few mechanisms, bug-irrelevant agents

might dominate the voting and produce an incorrect conclusion.

Deduplication Efficiency. Figures 19 and 20 show the time and

financial cost of different methods. SABD and REP achieve superior

deduplication performance and low financial cost, but their DRs are
quite low.Manual incurs substantially higher costs (41.6× time and

379.5× money) than Pisco. Besides, LLM-N and D-Bot cost much
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Figure 19: Time Cost of Deduplication
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Figure 20: Financial Cost of Deduplication
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Figure 21: Invocations of Deduplication
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Figure 22: Influence of 𝐾 in Coarse-grained Filtering

Table 2: Ablation Studies of Deduplication Components
Pisco Pisco w/o CF Pisco w/o EAB Pisco w/o MA Pisco w/o HM

DR (%) 91.6 94.0 78.6 69.0 60.3

Invoc. 234.2 1279.9 257.3 69.8 57.7

Money (¢) 0.6 4.0 0.2 0.2 0.1

Dedup. Time(s) 40.9 278.1 31.1 29.3 6.8

more time and money than Pisco , as Pisco has relatively small

inputs from the coarse-grained filtering, while the other two take

all reports in the repository as inputs and analyze them one by one.

In Fig. 21, Pisco invokes the LLM more than LLM-N, since Pisco
invokes the LLM multiple times to analyze a bug report step-by-

step, whereas LLM-Nwith a single LLM invocation. Note, each LLM

invocation in Pisco analyzes part of the bug case, which is cheaper

than that of LLM-N. D-Bot has the most LLM invocations, because

it not only analyzes all bug reports in the repository one by one,

but also invokes the LLM multiple times for each bug report.

7.4.2 Ablation Study. To evaluate the key components in Pisco’s
deduplication pipeline, we conduct experiments by disabling the

coarse-grained filtering (Pisco w/o CF), the expected access behav-

ior derivation (Pisco w/o EAB), and the multi-agent workflow of

collaborative comparison (Pisco w/o MA), respectively. Besides, we
also evaluate the performance when disabling LLM hallucination

mitigating techniques (Pisco w/o HM), including multi-round major-
ity voting and input order permutation in the filtering phase, and

stepwise verification with CoT prompting and cross-agent knowledge
sharing in the collaborative comparison phase. Table 2 shows that

Pisco takes about 234 LLM invocations to deduplicate a bug report,

which incurs a modest cost in money and time. Besides, disabling

the coarse-grained filtering causes a higher cost, while increasing

the DR by only 2.4%. This is because Pisco w/o CF provides more

candidate bug reports to the LLM. Pisco w/o EAB has less knowledge

for LLM to understand the bug, decreasing DR by 13%. Meanwhile,

since it takes less knowledge as inputs, its time and financial cost

also decrease. However, its invocation count increases since the

agents require more discussions to understand the buggy access

behaviors. Besides, disabling the multi-agent workflow decreases

the LLM invocation count, leading to lower time cost and financial

cost, as well as a low DR. In addition, Pisco has an obvious 31.3%

improvement in DR against Pisco w/o HM. This indicates that our

proposed techniques mitigate LLM hallucinations effectively.

We also compare Pisco with its variant (denoted as Pisco+𝐿) ,
which applies Laplace smoothing during coarse-grained filtering.

Specifically, we report the recall of different methods in the coarse-

grained filtering (Pisco (CF)) phase. Moreover, we also report the

final recall (Pisco (Final)) when the coarse-grained filtering phase

returns 𝐾 candidate bug reports, i.e., DR. As shown in Fig. 22a,

we observe that Laplace smoothing improves the recall of coarse-

grained filtering when𝐾 ≤ 8, but the improvement is not significant
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Figure 23: Influence of 𝑘 in Repeated Comparison

Table 3: UniqueCase Ident.
Methods Pisco LLM-ND-BotManual

Acc. (U) (%) 98.2 72.4 76.6 100.0

Invoc. 226.4 125.6 1518.7 -

Money (¢) 0.6 3.8 6.4 14.9

Time(s) 43.2 511.5 712.6 1654.9

Table 4: Comparing LLMs
LLMs DR(%) Invoc. Money(¢) Time(s)

Deepseek-v3:671b 95.3 326.6 19.3 318.2

QWen3:235b 94.7 201.1 13.2 343.7

Llama3.1:405b 94.4 281.4 9.2 332.9

QWen2.5:7b 91.6 234.2 0.6 40.9

when 𝐾 ≥ 16. This is because our extensively collected isolation

bug reports help a lot in mitigating the impact of sparse features.

7.4.3 Effect of Retained Candidate Report Number 𝐾 and Repeated
Comparison Number 𝑘 . To evaluate the effect of 𝐾 for the coarse-

grained filtering, we report the recalls of Pisco (CF) and the Pisco
(Final). In Fig. 22a, the recall of both Pisco (CF) and Pisco (Final)
increases with 𝐾 . This is because a smaller 𝐾 is more likely to filter

out the candidate duplicate bug report during the coarse-grained

filtering phase. Additionally, Fig. 22b shows that both the ranking

time and number of comparisons grow with 𝐾 . This is because the

more candidate reports are retained, the more comparisons and

LLM invocations in the fine-grained ranking phase. In Fig. 23a, we

observe that increasing 𝑘 improves DR when 𝑘 is small (𝑘 ≤ 5). This

is because most noisy comparisons have already been corrected

after several rounds of repetitions, further increasing 𝑘 brings lim-

ited benefit. Meanwhile, Fig. 23b illustrates that the ranking time

increases with 𝑘 due to more comparisons. Since 𝐾=16 and 𝑘=5

perform best in most cases, they are our default settings.

7.4.4 Effect of Unique Case Identification. To demonstrate the abil-

ity of identifying unique bugs, we construct a unique-case dataset

by removing bug reports associated with the tested bug cases. We

compare Pisco’s accuracy of unique (Acc.(U)) and cost with those of

a naive LLM-based method (LLM-N), D-Bot and human deduplica-

tion (Manual) in Table 3. Acc.(U) measures the ratio that unique bug

cases are correctly identified as unique. We observe that identifying

unique bugs is easier than duplicate ones for LLM-based methods.

That is, Acc.(U) is higher than DR. It is because the coarse-grained
filtering always returns non-duplicate bug reports for judgement,

while for a duplicate bug case, the coarse-grained filtering might

not retrieve the duplicate report, increasing the risk of misjudg-

ments. Since identifying unique cases follows the same pipeline as

duplicate cases in 𝑃𝑖𝑠𝑐𝑜 , they have similar identifying cost.

7.4.5 LLM Comparison.We conduct additional experiments in an

enhanced hardware environment to support three widely used

models, including DeepSeek-v3, QWen3, and LLaMA3.1. Table 4

shows that using them could further improve the performance

with more deduplication time due to larger parameter sizes. Note,

DeepSeek-v3 and LLaMA3.1 have more invocation counts than

other models. This is because they takemore rounds of discussion to

reach a consensus when expert agents have conflicting conclusions,

as these two LLMs have been proven to be more likely to stand up

for their previous conclusions [34].
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7.5 Use Case of Pisco
Pisco has helped Leopard submit 12 unique bugs for TDSQL,

TiDB, and a commercial database (anonymized as DBX). We define

the bug confirmation time as the duration from submission to official

confirmation, and define the rounds of reporter-developer interactions
as the number of times the developers request additional informa-

tion from the reporter. Most of our submitted bugs are confirmed

within 2 days without interactions (details in our report [59]), as

our submitted cases are minimal and deterministically reproduce

bugs. We survey the transactional bugs in MySQL and find that it

took an average of 23.9 days and 2.8 rounds of interactions to con-

firm the bugs, while TDSQL [8]’s developers took 10.4 days and 9.8

rounds of interactions. In MySQL, the bug #98642 was reproduced

by a 7-day duration after 13 rounds of interactions, providing two

additional videos and a Docker image by the reporter.

8 RELATEDWORK
Bug Case Reproduction. It aims to find the correct server-side

order to execute operations in the bug case and trigger the bug de-

terministically. In general, previous work can be classified into two

kinds. The first kind leverages kernel information to infer the order.

Oracle Database Replay [49] executes each operation and obtains its

unique logic timestamp through kernel callbacks, enabling precise

order inference. However, its strict execution orders, even on non-

conflicting operations, limit the replay concurrency. To improve

the replay efficiency, DoppelGanger++ [38] detects and removes

unnecessary dependencies. In addition, deterministic simulation

testing is seen as a gold standard for deterministically reproduc-

ing bugs. For example, FoundationDB [79] relies on a deterministic

simulator to reliably record and reproduce the bug cases. However,

it requires substantial engineering effort to customize a simulator

for each specific DBMS and does not generalize across systems.

Besides, all these methods require DBMS kernel information and

cannot be applied to black-box testing. The second kind infers the

order by enumeration. Partial Order Reduction (POR) [11] prunes
the search space by identifying operation orders with equivalent

execution results. Dynamic POR (DPOR) [20] detects independent
operations that access different data items and prunes their orders.

FlyMC [47] and SAMC [39] extend DPOR by providing white-box

information and heuristic rules extracted from domain knowledge

to detect unnecessary interleavings (redundant orders) that lead

to the same results. However, they all have to enumerate different

orders to attempt to trigger the bug, limiting their scalability.

Bug Case Reduction. It aims to reduce the raw bug case, mostly

leveraging delta debugging to remove bug-irrelevant operations.

Some work focuses on reducing SQL test cases, which can be cate-

gorized into two types. The first type reduces single complex SQL

statements, such as SQLess [45] and APOLLO [31]. Specifically, SQ-
Less models dependencies among expressions in a SQL and applies

delta debugging to remove bug-irrelevant expressions. APOLLO
includes a debugging component with a reducer, which reduces

bug-irrelevant expressions in each buggy SQL by trial-and-error.

However, they cannot extend to large isolation bug cases as they

only reduce a part of the SQL statement instead of removing en-

tire SQL. The second type supports reducing bug cases containing

multiple operations rather than a single SQL statement, such as

reducer.sh [61]. This approach partitions all these operations into

several chunks, and removes them via trial-and-error. However,

since it does not control inter-thread operation ordering, it may

not reproduce the bug even after removing irrelevant operations.

There also exist several common reduction methods. DDMin [75]
takes a list of operations as input and applies a divide-and-conquer

approach by evenly dividing that list. When the bug is deterministi-

cally triggered,DDMin can produce aminimized result.C-Reduce [62]
is a reduction approach for C/C++ programs. It integrates advanced

language-specific reduction strategies (e.g., function inlining) and

a DDMin-like algorithm to reduce C/C++ buggy code. Based on

domain-specific knowledge, it tries to remove bug-related opera-

tions together, mitigating the redundant trials caused by dividing

bug-related operations into different subsets. Donaldson et al. [18]

locate bug-related operations by finding a correct test case that

differs minimally from the buggy one. However, since the isola-

tion bug case involves non-deterministic concurrent scheduling of

operations/transactions, simple repeated executions of a bug case

without controlling execution order might not reproduce the bug.

Beyond reducing deterministic bug cases, a variety of work has

explored interleavings in thread schedules for bug reduction. Zeller

et al. [9] and LEAN [25] use theDEJAVU tool andmultiprocessor de-

terministic replay (MDR) technique to capture the thread scheduling
order of the failed execution, respectively. Then, they apply delta

debugging to locate the buggy schedule and bug-related events.

Additionally, LEAN builds a dependency graph based on function

calls, which helps remove dependent events together. However, the

tools employed by these two approaches are designed for specific

systems (e.g., JVM), making them cannot be applied to DBMSs.

Bug Case Deduplication. It aims to detect duplicate bug re-

ports and thus avoid redundant analysis. Previous work generally

calculates the similarity between bug reports to identify duplicates.

Specifically, 𝑅𝐸𝑃 [67] collects the classical textual statistics (e.g.,

word frequency) from the bug’s descriptions to calculate the cosine

similarity between bug reports. In contrast, 𝑆𝑖𝑎𝑚𝑒𝑠𝑒𝑃𝑎𝑖𝑟 [17]and

𝑆𝐴𝐵𝐷 [64] propose to encode the textual description of the bug

reports based on deep learning and calculates the cosine similar-

ity between the encoded vectors. In particular, 𝑆𝐴𝐵𝐷 additionally

leverages an attention mechanism to focus on the key features in

the encoded vectors, improving its ability to distinguish different

bugs. However, since most terms in isolation bug reports are re-

served keywords, the bug reports cannot be easily distinguished by

the textual similarity that is used in the above methods.

9 CONCLUSION AND LIMITATION
This paper presents Pisco, an isolation bug case reduction and dedu-

plication framework. It has the advantages of deterministic bug

reproduction, efficient case reduction, and accurate case dedupli-

cation. However, Pisco has its own limitations. First, it can only

handle isolation bug cases which are deterministically triggered

by executing operations in a specific order. Second, it is not fully

automatic and still requires a final manual duplicate validation

step. Besides, it requires multiple LLM invocations for an accurate

deduplication result. We leave them as the future work.
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