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Since 2020, automated testing for Database Management Systems (DBMSs) has flourished, uncovering hundreds
of bugs in widely-used systems. A cornerstone of these techniques is test oracle, which typically implements a
mechanism to generate equivalent query pairs, and subsequently runs the pair and identifies bugs by checking
the consistency of their results. While running these oracles can be automated, designing the mechanism
to generate equivalent queries remains a fundamentally manual endeavor. This paper explores the use of
large language models (LLMs) to automate the discovery of equivalent queries in the design of test oracles,
addressing a long-standing bottleneck towards fully automated DBMS testing.

Although LLMs demonstrate impressive creativity, they are prone to hallucinations that can produce
numerous false positive bug reports. Furthermore, their high monetary cost and latency mean that LLM
invocations should be limited to ensure that bug detection is efficient and economical. To this end, we introduce
Argus, a novel framework built upon the core concept of the Constrained Abstract Query—a SQL skeleton
containing placeholders and their associated instantiation conditions, e.g., the placeholder must be filled by a
Boolean column. Argus uses LLMs to generate pairs of these skeletons, with their equivalence formally proven
using a SQL equivalence solver to ensure soundness. After that, the placeholders in the verified skeletons
are instantiated with concrete, reusable SQL snippets that are also synthesized by LLMs to produce complex
test cases. We have implemented Argus and evaluated it on five extensively tested DBMSs, discovering 41
previously unknown bugs, 36 of which are logic bugs, with 36 confirmed and 27 already fixed by the developers.
The artifacts for Argus are available at https://github.com/joyemang33/Argus
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1 CREATE TABLE t1(c INT);

2 INSERT INTO t1 VALUES (1);

3 SELECT c / 3 FROM t1 WHERE false; - {} ¥

4 SELECT c / 3 FROM t1 EXCEPT SELECT c / 3 FROM t1;
5 —- {0.3333} ¥

Listing 1. Motivating bug: incorrect EXCEPT result in TiDB, which can only be detected by a specific test
oracle.

1 Introduction

Database Management Systems (DBMSs) are a foundational component of modern software, yet
their complexity makes them prone to bugs that can compromise application behavior and data
integrity. Logic bugs are particularly insidious; they cause a DBMS to return incorrect results
without raising errors, therefore silently corrupting downstream applications [47]. In response,
the research community has developed automated testing techniques [24, 47-49, 74] that have
discovered hundreds of bugs in real-world systems.

The most critical component of these techniques is the test oracle [6] that can determine the
correctness of a query’s output without access to the ground truth. Given a query, oracles for DBMS
testing implement a transformation mechanism to generate a semantically equivalent variant.
Then, by executing both queries and checking for result consistency, these oracles can detect logic
bugs. For example, Ternary Logic Partitioning (TLP) [48] is a highly effective oracle that partitions
a query Q based on a predicate P and then checks equivalence between Q and the union of its
three-way partition Q WHERE P, Q WHERE NOT P, and Q WHERE P IS NULL. If a DBMS returns different
results for the original query and its partitioned version, that indicates a bug.

While human-designed oracles have found many bugs (reported in over 20 top-conference
papers), the manual creation of oracles is a bottleneck, trapping researchers in a cycle of designing
increasingly specialized oracles to find bugs missed by previous ones. For example, a TiDB [22]
bug introduced in 2019 Listing 1 went undetected for years despite extensive testing?!, because
it required a specific oracle to check that any query Q EXCEPT Q should yield an empty result.
This example highlights a fundamental challenge: manually designed oracles are not only difficult
to conceive but also tend to overlook bugs. Automating the discovery of test oracles is therefore
essential to enable scalable DBMS testing.

Large Language Models (LLMs), with their success in code generation [20, 41], offer a promising
avenue for automating this process. A naive approach would be to prompt an LLM to generate a
semantically equivalent variant for a given seed SQL query. However, this strategy suffers from
two limitations:

(1) Scalability: LLM invocations are costly and have high latency. Compared to traditional SQL
generators [16, 53], this is infeasible for modern DBMS testing, which often requires executing
thousands of queries per minute to find bugs efficiently, such as in SQLancer [3].

(2) Soundness: LLMs are prone to hallucination and may generate query pairs that are not truly
equivalent. Such unsound oracles produce false positives, thereby undermining the reliability
of the testing process. Note that verifying equivalence empirically by running the query pairs
on multiple database instances is unreliable, as this cannot guarantee the complete removal of
semantically inequivalent pairs [19], and may also filter out true bugs that might exist on all
databases under test [56].

LCommit 7de6200, introduced in 2019.
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CREATE TABLE t1(c@ VARCHAR, ...);

CREATE TABLE t2(...);

SELECT * FROM t1, O, » Table(...); - O
SELECT * FROM t1, O;» Table(...)

WHERE (0, > Expr(t1:BOOLEAN) IS TRUE) UNION ALL
SELECT * FROM t1, O;> Table(...)

WHERE (O, > Expr(t1:BOOLEAN) IS FALSE) UNION ALL
SELECT * FROM t1, 0O;»> Table(...)

WHERE (O, > Expr(t1:BOOLEAN) IS NULL); — 0,
O, > Table(...) — t1 ASOF JOIN t2

Oz > Expr(t1:BOOLEAN) +— json_valid(t1.c@)

O 0 3 R W N =

_ =
= o

Listing 2. An example of representing and instantiating TLP [48] oracle in CAQ.

Key insights. To address these challenges, we propose Argus, a novel, fully automated framework
for finding logic bugs in DBMSs. Argus uses a two-stage process that separates oracle discovery
from test case generation. First, it leverages an LLM in an offline phase to discover reusable test
oracles. Then, these oracles are formally verified for correctness before being instantiated into
thousands of concrete test cases. Since generating abstract test oracles is much cheaper and faster
than directly using LLMs to craft concrete test cases, this approach tackles both scalability and
soundness head-on. Intuitively, these abstract oracles are parameterized query templates that can
be instantiated many times with different SQL snippets.

Test oracle representation. Argus introduces a novel and expressive representation for test oracles
that can be easily understood by LLMs called the equivalent Constrained Abstract Query (CAQ) pair.
A CAQ is an abstract SQL query with placeholders that can represent tables, columns, predicates, and
other SQL components. These placeholders are also associated with the corresponding constraints,
which are essential to implement test oracles. For example, a CAQ with two placeholders might
specify that placeholders must be syntactically identical, or that a predicate must be a Boolean
expression when instantiated. An equivalent CAQ pair consists of two CAQs that are semantically
identical for every possible instantiation of placeholders, i.e., for all possible fillings of the place-
holders with concrete SQL snippets that satisfy their constraints. CAQs allow Argus to represent a
wide range of test oracles, including several existing ones. For instance, TLP [48] can be represented
as an equivalent CAQ pair, i.e., Q; and Q,, as shown in Listing 2. In this representation, Q; serves
as the original query template, while Q, is its three-way partitioned version. Here, to ensure the
syntax validity of the instantiated queries from the two CAQs, O, is restricted to represent any
table, and O, must be a Boolean expression constructed using the columns of table t;. These two
CAQs are semantically equivalent for all valid instantiations of the placeholders that satisfy their
constraints, where 0O; and O, should also be instantiated consistently in both queries.

Test oracle generation, verification, and instantiation. To generate candidate oracles, Argus prompts
an LLM with an initial CAQ and instructs it to produce a semantically equivalent one. To address the
soundness challenge, each generated CAQ pair is then formally verified. We employ SQLSolver [13],
a state-of-the-art SQL equivalence prover, to confirm their equivalence. If the prover successfully
validates the equivalence, the CAQ pair is accepted as a valid test oracle; otherwise, it is discarded.
Since all existing provers are designed for concrete queries, they cannot directly handle CAQs. We
bridge this gap by instantiating the placeholders with virtual tables and columns, thus transforming
them into concrete queries. This verification step ensures that only provably correct oracles are
used for testing.
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@ Generate schema and base CAQs ® Generate SQL snippets ® Instantiate DBMS
[ p—————————— oY = Grammar-based | & 1w 0 e
! CREATE TABLE t1(c@ BOOLEAN, c1 INT, c2 INT ...); | ! + Lm 1
! CREATE TABLE t2(c@ BOOLEAN, ...); !l false 8 ™ Generator V.g t1:BOOLEAN [ = Target DBMS
! CREATE TABLE t3(c@ BOOLEAN, ...); Grammar-based | . o
: & Generator | round(sin(tl.c1) + cos(tl.c2)) t1:INT ; INSERT INTO £2(c0) 3

' [ ! ;
4 SELECT t2.ce FROM t2, t3 LEFT JOIN t1 ON ! ! length(CAST(t2.c@ AS VARCHAR)) t2:INT || VALUES (true);
OJ1Expr(t1:BOOLEAN) ; [ |

i i
S S N || INSERT INTO t3(ce) !
:& Equivalence Prover l ‘g LM l | VALUES (true); H
- P :
i
! WITH c AS SELECT * FROM t1 WHERE |:|,>5xpr<t1:suomu>;‘/3 i WITH c AS (SELECT * FROM t1 WHERE false) ' --{@ rows} '
! SELECT t2.c@ FROM t2 CROSS JOIN t3 CROSS JOIN c !} SELECT t2.c@ FROM t2 CROSS JOIN t3 CROSS JOIN c q X
“¢ UNION ALL ! ! UNION ALL [ i
! SELECT t2.c@ FROM t2 CROSS JOIN t3 ¥ SELECT t2.cO FROM t2 CROSS JOIN t3 [ Derecfbugsﬁ by '
5 | WHERE NOT EXIST (SELECT 1 FROM c 8 ! | WHERE NOT EXIST (SELECT 1 FROM c); ' 1 checking consistency
"l bl b g Y
NI [
\4‘ SELECT t2.c@ FROM t2, t3 LEFT JOIN t1 ON xi i SELECT t2.c0 FROM t2, t3 LEFT JOIN t1 ON i " --{true; 1 row}
! D1>Expr(t1:BOOLEAN) AND (t2.c@ OR NOT (t2.c0)); ﬁ;  false; b
' " !
@ Generate equivalent CAQ pairs by LLM and Prover @ Instantiate equivalent SQL pairs ® Validate on DBMS

Fig. 1. Overall pipeline of Argus.

To tackle the scalability challenge, each verified oracle is instantiated into thousands of concrete
test cases. Specifically, we populate the placeholders in each CAQ pair from a large corpus of
pre-generated SQL snippets. This approach allows us to generate test cases for novel and complex
features provided by the DBMS under test, even though they are not supported by our prover.
For instance, in Listing 2, the placeholders 0O; and O, can be instantiated with various table joins
and Boolean expressions, respectively, such as t1 ASOF JOIN t2 and json_valid(t1.c@). These
snippets can be generated offline by a hybrid approach combining an LLM to cover diverse database
features and a high-throughput generator, such as SQLancer [49], even though the prover currently
cannot reason about them.

Evaluation. We have implemented Argus and evaluated it on five widely used and comprehen-
sively tested DBMSs: Dolt [14], DuckDB [46], MySQL [40], PostgreSQL [38], and TiDB [22]. Argus
discovered 41 unique and previously unknown bugs. Of these, 36 have been confirmed and 27 have
been fixed by the developers. The bugs discovered include 36 critical logic bugs that lead to incorrect
query results, while the remaining 5 cause performance problems or crashes. In our empirical
comparisons with state-of-the-art open source testing tools in DuckDB [46], Argus demonstrated
an improvement of up to 1.19X in code coverage, and 6.43 X in metamorphic coverage [2], a recently
developed coverage indicator to assess the ability to find logic bugs. In addition, we also compared
Argus with a union of existing test oracles, rewriting them into equivalent CAQ pairs equipped
with the same query generator. The results show that Argus’s new oracles can detect 3.33X more
unique logic bugs than the sum of prior oracles from these works [5, 24, 47, 48] within 6 hours of
testing on Dolt [14]. Our ablation studies further validate the effectiveness of the SQL equivalence
prover in ensuring soundness and the contribution of CAQ to enhancing scalability. This paper
makes the following contributions.

o We introduce the concept of the equivalent CAQ pair — a novel and expressive representation for
test oracles in DBMSs — that can also capture features not supported by existing SQL equivalence
provers. Based on that, we propose a new methodology that leverages LLMs to automatically
discover test oracles for DBMSs by using them to generate CAQs. To our knowledge, we are the
first tool that utilizes LLMs to generate DBMS test oracles.

e We address the soundness challenge by formally verifying the correctness of CAQ pairs, and
address the scalability challenge by pre-generating a large corpus of reusable SQL snippets, which
can then be used to efficiently instantiate equivalent CAQ pairs into numerous concrete tests.
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o We perform an extensive evaluation on five widely tested DBMSs, uncovering 41 previously
unknown bugs, which outperforms the state-of-the-art techniques in several coverage metrics
and the number of unique logic bugs found.

2 Background

Test oracle. A test oracle is a mechanism for verifying whether a system’s output is correct for a
given input [6]. In the context of DBMS testing, test oracles typically operate by transforming a
given SQL query into a semantically equivalent variant, as in TLP [48], NoREC [47], and EET [24].
By doing so, the oracle can compare the execution results of the original and transformed queries to
detect potential logic bugs. In this work, CAQ provides a unified framework for LLMs to generate
test oracles automatically. We show that most of these prior oracles can be formalized as instances
of equivalent CAQ pairs, such as that shown in Listing 2. We include more examples in Appendix C.

SQL equivalence verification. The goal of SQL equivalence verification is to determine if two
SQL queries are semantically equivalent, meaning they produce the same result when executed on
all possible input database instances. SQL equivalence is generally undecidable [62], but partial
deciders exist and are widely used in various scenarios such as query rewriting [35, 64] and text-
to-SQL [70]. One line of work has focused on SQL equivalence provers that are sound (i.e., they
only confirm true equivalences) but not necessarily complete (i.e., they may fail to identify all
equivalent pairs) [10, 11, 13, 63]. On the other hand, there are also some works on SQL equivalence
disprovers [19, 79], which can conservatively produce counterexamples for nonequivalent query
pairs.

In this paper, we use LLMs to generate test oracles and use SQL provers to validate their
equivalence. However, existing provers are limited, as they only support concrete SQL pairs and
can reason about limited SQL features. To bridge this gap, we extend the provers to handle CAQs
by introducing virtual tables and columns. By doing so, our framework can support many more
features by instantiating these placeholders in the verified test oracles.

3 Argus Overview

We now use the detection of a previously unknown logic bug in DuckDB [46] as a case study to
provide an overview of the Argus framework.

Fig. 1 presents the overall pipeline of Argus, which consists of two stages: Test Oracle Discovery
(® and @) and Test Cases Instantiation (® — ®). The first stage aims to automatically discover a
large number of high-quality test oracles in the form of equivalent CAQ pairs, while the second
stage focuses on deriving concrete test cases from these CAQ pairs to detect bugs in DBMSs.

In @, we generate a set of CAQs with their associated schemas by a grammar-based generator
without using LLMs, and this will be detailed in Section 5.1. Specifically, we use SQLancer++ [82]’s
query generator to produce seed queries, but we do not use their predefined test oracles (such as
TLP [48] and NoREC [47]) for bug detection. For example, we generate the following CAQ:

SELECT t2.c@ FROM t2, t3 LEFT JOIN t1
ON O, » Expr(t1:BOOLEAN);

After that, in @ these CAQs will serve as seed queries for the subsequent LLM-based test oracle
discovery. First, we employ an iterative prompting strategy to guide LLMs to generate various
equivalent CAQs for each seed query, which will be elaborated in Section 5.2. For instance, given
the above CAQ as input, the LLM may generate the following CAQs:

Ci: WITH c AS (SELECT * FROM t1 WHERE O » Expr(t1:BOOLEAN))
SELECT t2.c@ FROM t2 CROSS JOIN t3 CROSS JOIN c
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UNION ALL
SELECT t2.c@ FROM t2 CROSS JOIN t3
WHERE NOT EXIST (SELECT 1 FROM c);

Cy: SELECT t2.c0 FROM t2, t3 LEFT JOIN t1
ON O; » Expr(t1:BOOLEAN) AND (t2.c@ OR NOT (t2.c@));

Recall that LLM-generated CAQs are not guaranteed to be semantically equivalent due to the
hallucinations. The first candidate, i.e., Cy, is indeed a valid transformation. Its equivalence holds
because it correctly expands the LEFT JOIN clause into a UNION ALL, and then uses a Common
Table Expression (CTE) to reposition the WHERE clause. However, the second candidate, i.e., Cy, is
invalid since as it fails to consider the corner case of NULL values in SQL’s three-valued logic.

To filter out such inequivalent candidates, we employ a SQL equivalence prover called SQL-
Solver [13] for this purpose. Specifically, we will discard any candidate that cannot be proven
equivalent to the input query. The details about how to communicate with CAQ pairs and concrete
SQL provers will be presented in Section 5.3.

In the next stage, our task is to instantiate each verified CAQ pair into multiple concrete SQL
query pairs by filling the placeholders in the CAQs. Before that, we generate a corpus of SQL
snippets for placeholder filling, ensuring efficiency and cost-effectiveness during testing through
reuse. This corpus also needs to be scalable, complex, and diverse enough to cover various database
features.

In ®, we use a hybrid approach that integrates LLMs with a grammar-based generator, produc-
ing complex, feature-rich snippets (by LLMs) while maintaining scalability (by grammar-based
generator). Note that LLMs may not generate the snippets that return the specified datatypes,
or even generate invalid SQL snippets that will cause false positives during testing, such as non-
deterministic features. To address this, we employ runtime validation to filter snippets. This will be
discussed in Section 6.1.

With the generated corpus, in @ we instantiate each CAQ pair into multiple concrete SQL
query pairs by filling the placeholders with snippets from the corpus. The details about how
to reuse the corpus for instantiating multiple CAQ pairs associated with different schemas will
be presented in Section 6.2. For example, for the above equivalent CAQ pair, we must fill the
placeholder Oy » Expr(t1:BOOLEAN) with a snippet that produces a Boolean value from the table
t1. For instance, the generated snippet false can be used to instantiate the CAQ pair into the
following concrete SQL query pair:

Qq: SELECT t2.c@ FROM t2, t3 LEFT JOIN t1 ON false;
Q,: WITH c AS (SELECT * FROM t1 WHERE false) ...

Once we have the concrete equivalent SQL query pairs derived by LLM-generated test oracles,
e.g., Q1 = Q; in the above example, in steps ® and ® we can execute them on the target DBMS
to check for bugs. For example, when we insert two rows t2(c@: true) and t3(c@: true) into an
empty database, respectively, both queries should return one row. However, in DuckDB v1.4.0, Q;
returns one row while Q, returns zero rows, indicating a logic bug in DuckDB. The root cause
is that DuckDB incorrectly assumes that an empty materialized CTE will always cause the outer
query to return no rows, which does not hold when there is a UNION ALL operator. The details of
database instantiation and bug reporting will be discussed in Sec. 6.3.

4 Constrained Abstract Query

In this section, we formally introduce Constrained Abstract Query (CAQ), the core concept of Argus.
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CAQ pair ::= Schema, CAQ, CAQ
Schema ::= SQLTableDef | (SQLTableDef, Schema)
CAQ ::= (Query, PlaceholderMap)
Query == SQLSelectStmt[Oy, O, . . . |
PlaceholderMap ::={0O; > Constraint,0; > Constraint,... }
Constraint ::= Expr(TableName : SQLDatatype) |

Table(SQLTableDef)
Fig. 2. BNF Grammar for CAQ Pairs, where we omit the full SQL grammar for simplicity.

A CAQ (Constrained Abstract Query) is a parameterized SQL query template that contains
placeholders to be instantiated with concrete SQL fragments, together with constraints specifying
valid instantiations for each placeholder. Fig. 2 formalizes the structure of CAQ pairs using a BNF
grammar. A CAQ pair consists of two CAQs and a shared schema that defines all referenced tables.
Each CAQ is represented as a tuple (Query, PlaceholderMap), where Query is a SQLSelectStmt
containing placeholders, and PlaceholderMap is a set that defines a constraint for each placeholder.
Each placeholder O); is constrained to be either an Expr or a Table. An Expr placeholder denotes an
expression whose scope is bound to a specific source table and whose return type is specified (e.g., a
BOOLEAN column reference, an expression that returns an INT or TEXT). A Table placeholder, on the
other hand, denotes a table or a subquery, and its constraint specifies the expected schema (column
names and datatypes) of the subquery result. Table placeholders may appear wherever an SQL
table expression is valid, such as in a FROM clause or in nested subqueries, while Expr placeholders
may appear wherever an expression can be evaluated within the scope of their associated table,
such as in the SELECT clause or filter conditions. The two types of placeholders are designed to
capture complementary SQL features: Expr placeholders model expressions involving functions
and operators, whereas Table placeholders model compositional constructs involving subqueries,
JOIN, EXISTS, and IN.

We now define how we instantiate a CAQ and how to check equivalence between a CAQ pair.

Definition 4.1 (CAQ Instantiation). Given a CAQ ¢ and its associated PlaceholderMap {O0; »
1,02 > Cp, . .., Ok > Ck }, an instantiation of g, denoted g*, is obtained by replacing each placeholder
O; in g with a concrete SQL snippet s; that satisfies the corresponding constraint ¢; and a set of
general constraints C. The substitution can be written as:

q*zq[Dl = §1, 0z HSz,...,DkHsk]

Specifically, each c; refers to the Constraints shown in Fig. 2. In addition, to prevent false positive
bug reports when using the instantiated query g* for testing, we must also satisfy a set of general
constraints C, such as avoiding non-deterministic features, e.g., RANDOM and CURRENT_TIMESTAMP,
and ensuring the snippet is valid SQL. Note that these are also widely adopted constraints in prior
work on manually designed test oracles [3, 24, 48, 74]. The details of C will be discussed in Sec. 6.2.

We say that two CAQs are equivalent if all their possible instantiations are semantically equiva-
lent.

Definition 4.2 (Equivalent CAQ Pair). Given two CAQs q; and g, defined over the same Schema s
(which specifies the tables referenced in both queries) with the same PlaceholderMap {007 > ¢;, O, >
2, ..., 0 > ¢k}, we say that g; and q; form an Equivalent CAQ Pair, denoted (s, g1, g2), if for every
possible instantiated concrete queries (Definition 4.1), g7 and g3, we have q] = ¢}, i.e., they will
return the same result set when executed on any database instance conforming to schema s.
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Algorithm 1: Discovering New Test Oracles

Input: ADBMS D, an LLM M, a prover P, a grammar-based generator &, the number of schemas N,
the number of maximum trials for each seed query MaxDepth.
Output: A set of test oracles O.
1 Function GenerateEqual(M, D, P, q, StopThreshold « 3):

2 Equal « {}, Fail « {}, FailCount « 0, Count « 0;
3 while FailCount < StopThreshold do

4 q" — M(q,Sample(Equal), Sample(Fail));

5 ifPr(g=q’) and DEq’ // Sec. 5.3

6 then

7 Equal « Equal U {q’};

8 FailCount < 0;

9 StopThreshold « StopThreshold + 1;

10 else

1 Fail « Fail U {q’'};

12 FailCount « FailCount + 1;

13 Count < Count +1;

14 if Count > MaxDepth then

15 L break;

16 return Equal;
17 O «— 0;
18 fori < 1to N do

19 s « GenerateSchema(G, D) ; // Sec. 5.1
20 q < GenerateCAQ(G, D, s) ; // Sec. 5.1
21 {q1,92, - - -, qx } < GenerateEqual(M, D, P, q);
2 | 0= 0U{(59q1).(5¢92),---.(5¢q)}

23 return O;

According to the above definition, once we verify that two CAQs form an equivalent pair, we
can derive multiple concrete equivalent SQL query pairs by instantiating the CAQs with various
snippets that satisfy the constraints of the placeholders. This allows us to decompose the test oracle
discovery problem to CAQ pair generation and equivalence checking problems.

5 Test Oracle Discovery

We now present our test oracle discovery algorithm, outlined in Algorithm 1 and consists of three
phases: database seeding, CAQ pairs generation, and equivalence checking. It leverages four key
components as input: a target DBMS D (e.g., DuckDB [46]), an LLM M (e.g., GPT 04-mini [42]), a
SQL prover P (e.g., SQLSolver [13]), and a grammar-based generator G (e.g., SQLancer [3]).

5.1 Database Seeding

To discover diverse test oracles, we generate CAQ pairs with multiple database schemas. As
equivalent CAQ pairs are associated with their database schemas, we first iterate N times to
generate diverse schemas and their corresponding CAQs (line 18). In each iteration, we start
by database seeding, which involves generating a random database schema (line 19), and then
producing a CAQ that conforms to the generated schema, i.e., the seed query g (line 20). Though
existing grammar-based generators, e.g., SQLancer can be directly used for schema and concrete
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1 CREATE TABLE t1(c@ INT, placeholder1 BOOLEAN);
2 CREATE TABLE t2(c@ INT);

3 CREATE TABLE vtablel(c@ INT, c1 INT);

4 SELECT t1.placeholder1 FROM t1, vtablel;

Listing 3. An example of using concrete SQL query to represent CAQ when interfacing with grammar-based
generators and provers.

query generation, they cannot directly produce queries with placeholders. The key challenge
lies in producing those entries in the seed CAQ while ensuring the syntactic correctness after
instantiating them. To do so, we ask the generator to produce additional columns and tables in
the schema, and then use those virtual columns and virtual tables to represent the two types of
placeholders, respectively, i.e., Expression and Table shown in Fig. 2. As shown in Listing 3, we
create a virtual column placeholder1 to represent an expression, i.e., O; > Expr(t1:BOOLEAN), and
a virtual table vtablel for a table placeholder i.e, O; > Table(t@:INT, t1:INT). The generator,
unaware of this abstraction, directly uses the concrete placeholderl and vtablel, effectively
producing a valid CAQ. This approach makes our CAQ representation compatible with SQL provers
expecting concrete syntax and easy for LLMs to understand.

5.2 CAQ Pairs Generation

After obtaining a seed CAQ g and its schema s, we proceed to generate a set of equivalent CAQs
{¢1, 92, - - -, qx }- This is done in GenerateEqual (line 1 - 16), which iteratively prompts an LLM M
to produce novel variants of q. The key motivation behind using LLM here is to leverage its ability
to understand the query semantics and guide the equivalent CAQ generation, while traditional
grammar-based generators like SQLsmith [53] are typically not semantics-aware and thus struggle
to generate equivalent queries. To generate variants efficiently, our key strategy is to leverage
in-context learning by providing the LLM with not only the seed query g, but also carefully selected
samples from two dynamically updated sets: Equal, i.e., queries previously verified as equivalent to
¢, and Fail, i.e,, those that failed verification. The Equal set promotes both correctness and diversity,
while the Fail set provides examples of failures to avoid.

A crucial aspect of our approach is how we guide the LLM towards generating diverse CAQs
to trigger different optimization paths and detect potential bugs. Instead of pursuing syntactic
differences, our goal is to produce queries with varied query plans, as this is a key principle to
creating effective test oracles in previous works [3, 5, 74]. Qualitatively, we prompt the LLM to
generate novel queries that are different from the provided examples (line 4). In addition, we also
quantitatively measure the similarity between query plans using the tree edit distance [75]. This
metric is then used to guide the selection of examples for the next iteration’s prompt. Specifically,
we use k-means to cluster the CAQs in the Equal set based on the tree edit distance value and then
sample queries from each cluster. This strategy ensures the LLM is consistently shown a diverse
range of successful query structures, pushing it to explore novel execution plans. We defer the
details of the clustering and sampling algorithms to Appendix A. In summary, we can formalize
the overall objective of the LLM’s generation task as follows:

Problem 5.1 (Equivalent CAQ Generation). Given a DBMS D, a schema S, a seed CAQ ¢, and a
set Equal of previously verified CAQs equivalent to g, generate a new CAQ ¢’ such that (1) ¢’ = q
and (2) the difference between ¢q”’s query plan and the plans of queries in Equal is maximized.

After the LLM generates a candidate query ¢’, we employ a SQL equivalence decider # to
formally verify its equivalence to the seed query g, i.e,  + q¢ = ¢’ (line 5). Additionally, we execute
q’ on the DBMS D to ensure it is syntactically correct and runs without errors, i.e, D  ¢'. If both
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checks pass, ¢’ is added to the Equal set (line 7 — 9); otherwise, it goes into the Fail set (line 11 —
12). This iterative process continues until a stopping criterion is met, such as reaching a maximum
number of failed attempts (line 3) or hitting a predefined depth limit for iteration (line 14).

5.3 Equivalence Checking

The CAQs generated by LLM are not guaranteed to be semantically equivalent. Hence, we use a SQL
prover P to formally verify the equivalence between the seed CAQ q and a generated candidate CAQ
q'. Since CAQs contain placeholders, they cannot be directly verified by SQL provers. Therefore,
we substitute the placeholders with virtual columns and tables (as shown in Listing 3). We then
pass the schema with these virtual entities to the prover and determine equivalence between the
two concrete queries. This works because the virtual columns and tables behave like any concrete
SQL entities of the same type during equivalence checking. If the prover can formally prove that
q = ¢, we say the two CAQs and their schema s form a valid test oracle, denoted as the triplet
(S.q,q’), which can be used to test the target DBMS D in the following process. We leverage the
prover as a sound verification tool and deliberately retain only those CAQ pairs that are formally
verified. This design choice prioritizes reliability, ensuring that our resulting test oracles are free
from false positives and can be used confidently in the subsequent testing phase.

Another limitation of these provers is that they typically support only a subset of SQL features.
To mitigate this, we first prove the equivalence between two CAQs, which typically contain fewer
SQL features than concrete queries. After that, we can instantiate those PlaceholderEntry in the
CAQs with more complex and feature-rich expressions and tables to create concrete queries for
testing. This highlights the effectiveness of Argus’s two-stage design, improving efficiency while
also enriching the set of supported SQL features in the final test cases.

6 Test Cases Instantiation

We now describe our approach to instantiate test cases from the test oracles discovered in Sec. 5.
As illustrated in Alg. 2, our approach consists of: (1) synthesizing a corpus of SQL snippets, (2)
instantiating test queries by populating placeholders in the test oracles with those generated in the
first step, and (3) creating database instances to execute the instantiated test queries to detect bugs.

6.1 Corpus Synthesis

The test case instantiation process begins with the synthesis of a SQL snippet corpus. This corpus
provides a pool of expressions and tables used to populate the placeholders within our test oracles
(line 15). We pre-generate this corpus rather than querying the LLM for each placeholder individually
to amortize the cost of LLM invocations and improve efficiency, as many snippets can be reused
across multiple test oracles. To generate an effective and diverse corpus, we employ a hybrid strategy
that leverages both an LLM M and a grammar-based generator G. We use this hybrid approach
since: (1) LLMs excel at generating complex query structures and diverse database features, while
(2) grammar-based generators can systematically cover a wide range of corner values and edge
cases. As the grammar-based method follows established techniques, we focus this section on our
novel LLM-based approach.

Our LLM-based method starts with a default schema, which contains a single table incorporating
all data types supported by the target DBMS:

CREATE TABLE t(cl1 INT, c2 BOOLEAN, c3 TEXT ...);

Using this schema, we prompt M to generate SQL expressions resulting in diverse datatypes from
the default table. For example, we generate expressions such as (c1 + ¢2) : INT, (c2 AND c3
IS NOT NULL) : BOOLEAN, and CONCAT(c3, "test") : TEXT. The diversity comes from combining

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 140. Publication date: June 2026.



Automated Discovery of Test Oracles for Database Management Systems Using LLMs 140:11

Algorithm 2: Test Cases Instantiation Given Oracles

Input: A DBMS D, an LLM M, a grammar-based generator G, a set of test oracles O generated in
Sec. 5, and the number of test cases to be instantiated per test oracle K.
Output: A set of bug reports 8.
1 Function InstantiateTestCase (o = (s,q,¢’), £) :

2 | ¢ =qq9" <7

3 foreach Placeholder e in q or ¢’ do

4 if e : Expression then

5 t « TableName(e), d < Datatype(e);

6 e* « SampleExpression(L, type = d);

7 foreach col € ColumnNames(e*) do

8 d* « Datatype(col);

9 L e* « e*[col > SampleColumn(t, type = d*)];

10 else

1 s* « Schemaf(e);

12 B e* « SampleTable(L, source = s, target = s*);

14 return (s,q", ¢'");
15 L « GenerateCorpus(D, M, G) ; // Sec. 6.1
16 B« 0;
17 foreach o = (s,¢,q’) € O do
18 fori «— 1to K do

19 (s,q",q"*) < InstantiateTestCase(o, D);
20 CreateDatabaselnstance(s, D) ; // Sec. 6.3
21 if Execute(q*, D) # Execute(q’*, D) then

22 L B — BU{(s,D.data, q*,¢"")} ; // Sec. 6.3

23 return B;

multiple columns with various SQL operators and functions, not just selecting individual columns.
These expression snippets can be reused across different test oracles by substituting the table and
column names properly, which we will discuss in Sec. 6.2. Furthermore, to guide M with the target
DBMS D'’s features, we employ a simple yet effective documentation-augmented generation method:
We first collect the official documentation of the target DBMS, e.g., function reference pages and
operator descriptions, and partition it into smaller pieces, where each piece describes a specific
feature, such as an aggregate function or a string operator. Then we sample a small set of feature
documentation and prompt M to generate SQL snippets with the sampled features. This approach
ensures that the generated SQL snippets are diverse enough to cover a wide range of features.

Note that, for table snippets, we can only reuse them in test oracles that share the same schema.
This is because table snippets must match the exact schema of the source tables they reference—
including the specific table names, column names, and their datatypes. For instance, a table snippet
that performs JOIN t1, t2 can only be applied to test oracles whose schema contains both tables t1
and t2 with compatible structures. Nevertheless, we can still leverage M to generate table snippets
for each schema without much overhead, as the number of unique schemas is usually small in
practice.
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1 SELECT {GeneratedExpr} FROM t; -- datatype
2 SELECT * FROM {GeneratedTable}; -- schema

Listing 4. An example of runtime validating LLM-generated snippets in DuckDB [46].

1 Expression 1 = (t.cl + t.cl > 100) : BOOLEAN
2 Expression 2 = bit_count(t.c2) : INT
3 = bit_count(t.cl + t.c1l > 100) : INT

Listing 5. An example of cross-combining expressions.

After the LLM-generated snippets, we need to validate whether they produce the expected
datatype (i.e., for expressions) or schema (i.e., for tables) that we desire. To this end, we use runtime
validation by executing the generated snippets on the target DBMS O and checking their actual
output types or schemas. For example, as shown in Listing 4, we can directly run those SELECT
statements and then check the output column types or table schema. If the execution fails, we
discard the snippet; otherwise, we record its actual output type or schema for later use in Sec. 6.2.

Finally, to further generate more complex expressions, we introduce a technique we term cross-
combination. The key idea is to substitute a column reference in one expression with another
expression, provided that their datatypes are compatible. For instance, as shown in Listing 5, consider
aBoolean expression t.c1 + t.c1 > 100 and an integer expression bit_count(t.c2), where t.c2
is a Boolean column. Because the first expression evaluates to a Boolean, it can replace t.c2 in the
second one. This substitution yields a new, valid composite expression: bit_count(t.c1 + t.cl
> 100). This recursive process allows us to build intricate expressions from simpler, generated
snippets, which enriches our corpus and combines the strengths of LLM and grammar-based
methods.

6.2 Query Instantiation

After synthesizing a corpus of SQL snippets, we instantiate the test queries by populating the
placeholders in the test oracles with concrete expressions and tables from the generated corpus. We
detail this process in Alg. 2: given a test oracle 0 = (s, q, q"), we iterate through each placeholder e
in both queries g and ¢’ (line 3). Depending on whether the placeholder represents an expression or
a table, we handle them differently. For an expression placeholder, we first determine its expected
datatype d and the table ¢ that the placeholder is defined over (from the CAQ’s placeholder map).
Then, we randomly sample an expression e* from the corpus £ that matches the expected datatype
d (line 6). Since the columns in the sampled expression e* refer to the default table, we need to
replace them with columns from the target table ¢ that have compatible datatypes. We achieve this
by iterating through each column in e* (line 7), determining its datatype, and substituting it with a
randomly sampled column from table ¢ that matches the datatype (line 9).

For a table placeholder, we first extract its expected schema s*. Then, we randomly sample a
table e* from the corpus £ that matches the expected schema s* and is derived from the source
schema s (line 12). Specifically, there are three ways to replace a table placeholder: i.e., direct
replacement with a table name, using a Common Table Expression (CTE), or CREATE VIEW. We
randomly choose one of the three methods. Finally, we replace the placeholder e in both queries g
and ¢’ with the instantiated expression or table e* (line 14). By following this procedure, we ensure
that the instantiated queries ¢* and ¢’* are syntactically valid and semantically equivalent, ready
for execution on the target DBMS.

Recall that, in Sec. 5.3, we prove the equivalence of the abstract query pairs (g, ¢') under the
semantics of virtual columns and tables. However, this equivalence is only guaranteed when
those virtual columns and tables exist; this may not hold when the queries are instantiated with
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concrete expressions and tables that introduce semantic misalignments. Therefore, to ensure that
the instantiated queries ¢* and ¢’* remain equivalent, we enforce the following general constraints
C (defined in Definition 4.2) on the sampled query snippets.

(1) Determinism (Table and Expression): The snippet should not contain any non-deterministic
functions, such as RANDOM().

(2) Null-preserving (Expression): The expression should preserve a null return value when eval-
uated on rows only containing null values. For example, c1 + c2 is null-preserving, while
IFNULL(c1, ©) is not.

(3) Empty Results-preserving (Expression): The expression should return an empty result set
when evaluated on an empty table. For example, sum(c1) is not empty-preserving.

The first constraint is also widely used in previous works [47-49] and can be checked by applying a
regular expression to identify non-deterministic features. The second and third constraints resolve
the semantic misalignment that arises when virtual columns and tables are instantiated with
concrete expressions and tables. These constraints are necessary because, in the presence of outer
joins, virtual columns may no longer faithfully capture the semantics of concrete expressions after
instantiation. e.g., outer joins can introduce NULL values into virtual columns, causing instantiated
expressions to be evaluated differently from the version fed to the SQL equivalence prover.

After satisfying these constraints, we can ensure that the instantiated queries ¢* and ¢’* remain
equivalent, proven by contradiction: Intuitively, if the two queries after instantiation were not
semantically equivalent, then there would exist a concrete database instance on which they produce
different results. Using this instance, we can populate the virtual tables and columns in the prover’s
schema with the corresponding values. After that, we obtain a database instance under the schema
used in the prover where the two queries return different results, which contradicts the original
semantic equivalence. A detailed analysis of the counterexamples, together with the full proof for
the cases satisfying them, is provided in Appendix B.

Furthermore, we validate these constraints at runtime: we execute each snippet on D and check
the returned types or schemas and behavior on NULL or empty inputs.

6.3 Database Instantiation and Bug Reporting

After instantiating the test queries, we create the database instances to execute them (line 20 and
21). We basically follow the widely-used random data generation method [47-49] to populate the
tables in the instantiated schema s with random tuples, and then create random indices on those
tables to diversify the execution plans.

Finally, we execute the instantiated queries g* and ¢’* on the target DBMS D and compare their
results (line 20). If the results differ, we report a logic bug along with the instantiated test case,
database schema, and table data. In addition, if a query causes a crash of D, we also report a crash
bug. Note that, though our test oracles can also detect performance issues similar to [25, 36], we do
not detect them in a large scale due to those issues are typically regarded as expected behaviors by
developers [4].

7 Evaluation

In this section, we evaluate Argus on five aspects:

(1) How many new bugs can Argus find in real-world DBMSs, and what LLM-generated test oracles
discover them? (Sec. 7.1)

(2) How does Argus compare to other baseline tools in terms of code coverage? (Sec. 7.2)

(3) How does the number of automatically discovered oracles affect the number of unique bugs
found, compared to prior work where oracles are manually designed? (Sec. 7.3)
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DBMS Tested by GitHub stars Released = LOC
Dolt [82] 19.1k 2018 380k
DuckDB [15, 16, 48, 74, 82] 32.7k 2019 1,496k
MySQL [24, 31, 49, 57, 58, 60, 61, 74, 80, 82] 11.7k 1995 5,532k
PostgreSQL  [16, 24, 30, 47, 49, 58, 80, 82] 18.5k 1995 938k
TiDB [3, 24, 57, 58, 60, 61, 74, 82] 39.0k 2016 1,398k

Table 1. DBMSs under test by Argus.

Bug status Bug type
DBMS Reported Fixed Con%. Dup. Pend. Lo gicg }épther
Dolt 19 18 1 0 0 18 1
DuckDB 8 6 0 1 1 4 4
MySQL 8 5 1 2 8 0
PostgreSQL 1 1 0 0 0 ! 0
TiDB 3 0 0 > 0
Total 41 27 9 2 3 36 >

Table 2. Argus found bugs statistics.

(4) How effective is Argus’s SQL equivalence prover in filtering out false positives? (Sec. 7.4)
(5) What are the time and monetary costs required for Argus to generate a given number of test
cases? (Sec. 7.5)

Testbed. We conducted all experiments using a machine with 64 cores and 128 GB memory
running on Ubuntu 24.04. We use 0o4-mini [42] for all LLM calls with an Azure OpenAl API
service in our experiments. We evaluate Argus on five widely-used DBMSs: Dolt [14], DuckDB [46],
MySQL [40], PostgreSQL [38], and TiDB [22]. Note that, we only choose DBMSs that are actively
maintained and have been comprehensively tested by at least one prior work, making new bug
findings more valuable. The details of the target DBMS are shown in Table 1.

7.1 New Bugs and Oracles

Bug report policy. We continuously ran Argus on the five DBMSs over three months. We used
the latest development versions and reported bugs only when they could be reproduced on their
latest versions. To avoid rediscovering known bugs, we first carefully reviewed the open issues
of the target DBMS and our previous reports. Whenever a new patch was released for one of our
reports, we switched to testing the latest release of the target DBMS.

Overall result. Table 2 summarizes the statistics of the 41 bugs that Argus discovered during our
testing campaign. In total, Argus detected 41 previously unknown bugs, of which 36 are logic bugs
that cause incorrect query results. We also detected 5 other types of bugs, including crashes and
performance issues. While finding such bugs is not the main focus of this paper, this still highlights
the effectiveness of Argus to generate complex, concrete queries for testing. Among the reports,
36 bugs have been confirmed by the developers; 27 have already been fixed, while 9 are still in
progress. The remaining 2 bugs are duplicates: after developers reproduced and analyzed them,
they found that these bugs shared the same root cause as some previously unfixed bugs. The 36
logic bugs we found underscore the effectiveness of our LLM-generated test oracles. Compared
with recent studies that use manually designed test oracles for bug finding (e.g., reporting 21 [5],
24 [74], and 35 [24] logic bugs), Argus finds more logic bugs in comparison, even though the DBMSs
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1 CREATE TABLE t(c INT);

2 INSERT INTO t VALUES (1);

3 SELECT sub.c FROM (

4 SELECT O; » Expr(t:INT) —

5 json_array_length(json_array(3, 2, t.c))
6 AS c FROM t

7 ) AS sub

8 RIGHT JOIN t ON FALSE; -- {2} ¥¥

9 SELECT sub.c FROM (
10 SELECT NULL AS c FROM t
11 ) AS sub
12 RIGHT JOIN t ON FALSE; —- {NULL} «

Listing 6. Incorrect json functions handling in PostgreSQL when executing RIGHT JOIN.

1 CREATE TABLE t(c@ INT);

2 INSERT INTO t VALUES (1);

3 SELECT * FROM t LEFT JOIN (

4 SELECT MOD(5, 2) AS c@ FROM t

5 ) AS t2 ON FALSE

6 WHERE t2.c0 IS NOT NULL; —- {1} ¥ {} ¢

Listing 7. A logic bug in MySQL found by the similar test oracle in Listing 6.

under test have already been extensively tested by prior work using manually crafted oracles that
are designed for them.
Next, we show several representative bugs discovered by Argus in our new test oracles.

Example (1). Listing 6 presents a logic bug in PostgreSQL that was detected by Argus. The
test oracle leverages the null-handling semantics of RIGHT JOIN, which implies that when a join
condition is false, all columns from the left table must be NULL. Consequently, the first query
should always yield a NULL row, which is identical to the second query’s output, regardless of the
value of the placeholder O0;. However, due to a bug in its handling of json functions, PostgreSQL
erroneously returns 2. This discovery highlights both the effectiveness of our novel, automatically
generated test oracles and the LLM’s ability to synthesize complex queries involving advanced SQL
features, such as json functions. The finding is particularly noteworthy given that PostgreSQL is
one of the world’s most robust DBMSs. While several recent database testing studies have targeted
PostgreSQL [58, 71, 81, 82], none reported finding new bugs, which attests to the effectiveness of
our approach. After we reported the issue, developers confirmed and fixed it within 24 hours.

We also find that prior test oracles, such as TLP [48], struggle to detect this bug. For example,
when we append a predicate to the first query, such as P = sub.c > 2, and then apply the three
variants WHERE P, WHERE NOT P, and WHERE P IS NOT NULL, the results of the three partitioned
queries remain identical. As a result, TLP does not report a bug in this case.

Moreover, a similar oracle uncovered a logic bug in MySQL (Listing 7), further demonstrating
the versatility of the oracles generated by Argus. Specifically, the query in Listing 7 uses a LEFT
JOIN combined with a WHERE clause to filter out rows where the right table’s column is NULL, which
should always yield an empty result set. However, due to a bug in MySQL’s handling of the MOD
function in this context, it incorrectly returns a row with value 1.

Example (2). Listing 8 shows a logic bug in Dolt, which was detected using an oracle generated by
Argus that leverages the semantics of the EXISTS predicate and primary key constraints. Specifically,
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CREATE TABLE t(c@ INT, c1 INT, PRIMARY KEY (c0, c1));
INSERT INTO t VALUES (1, 1);
INSERT INTO t VALUES (2, 2);
INSERT INTO t VALUES (2, 3);
SELECT * FROM O; » Table(c@:INT, c1:INT) — t
WHERE EXISTS (
SELECT 1 FROM t AS x WHERE x.cQ = t.c0 );
- {0,1D, ,2), (2,3), (0,1, (2,2), (2,3)} *
SELECT * FROM 0O; > Table(c@:INT, c1:INT) — t;
- {(,D), (2,2), 2,3)} ¥

Listing 8. EXISTS incorrectly duplicates rows in Dolt.

CREATE TABLE t0(c@® BOOLEAN);
CREATE TABLE t1(c@ INT);
INSERT INTO t@ VALUES (TRUE);
INSERT INTO t1 VALUES (0);
SELECT v.c0, t1.c0 FROM to
CROSS JOIN LATERAL (
O; > Table(c@: INT) — (SELECT 1 AS c@) AS v
) JOIN t1 ON v.cQ > t1.cQ; —— {} ¥
SELECT v.c@, t1.c0 FROM to
10 CROSS JOIN (
11 O; > Table(c@: INT) — (SELECT 1 AS c@) AS v
12 ) JOIN t1 ON v.cO > t1.cQ; —- {(TRUE, 0)} +

O 0 N R W =

—_
(=}

O 0 N N R W N =

Listing 9. Incorrect handling of LATERAL joins in Dolt.

the EXISTS in the first query predicate should always return TRUE if the t.c@ is not nullable, which
is guaranteed by the primary key constraint on (c@, c1). Thus, the first query should return all
rows from table t, identical to the second query. However, due to a bug in Dolt’s handling of the
EXISTS predicate, it erroneously duplicates all rows in the output.

Example (3). Listing 9 shows another bug in Dolt with the handling of LATERAL joins in Dolt,
which was detected using an oracle that leverages the semantics of CROSS JOIN and LATERAL
joins. A LATERAL join allows the right-side subquery to reference columns from the left-side input;
Dolt implements this feature as part of its SQL support. Specifically, if a CROSS JOIN LATERAL is
used to join a left table with a constant right table, i.e., SELECT1., e.g., a Table placeholder Oy, the
result should be identical to a regular CROSS JOIN with the same right table, i.e, the first query is
semantically equivalent to the second query. However, due to a bug in Dolt’s handling of LATERAL
joins, when instantiating the right table to (SELECT 1 AS c@) AS v, the first query incorrectly
returns an empty result set instead of the expected row.

Example (4). The Listing 10 presents a DuckDB crash caused by a complex expression synthesized
by Argus. The expression, generated by an LLM, contains a CTE named seq that produces a sequence
of integers. The crash occurs when this CTE is used with an aggregation function, i.e., SUM, inside an
EXISTS predicate. Notably, synthesizing such a non-trivial expression is challenging for traditional
grammar-based generators, which require both complex query structures and various SQL features.
This case demonstrates that by leveraging the generative capabilities of LLMs for SQL snippets,
Argus can effectively uncover not only logic bugs but also critical crashes.
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CREATE TABLE t0(c@ INT);
CREATE TABLE t1(c@ BOOLEAN);
SELECT * FROM t0
WHERE EXISTS (

SELECT 1 FROM t1

WHERE O; » Expr(t@:INT) —

0 N R W =

); -- (crash) ¥¥

140:17

(WITH seq(i) AS (VALUES (1)) SELECT sum(i) * t@.c@ FROM seq) IS NOT NULL

Listing 10. A crash bug in DuckDB triggered by a LLM-synthesized expression with seq.
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Fig. 3. Code coverage achieved by Argus, SQLancer, and SQLancer++ on DuckDB and PostgreSQL over

24-hour runs.

7.2 Code Coverage

We compared Argus with three DBMS logic bugs finding tools, SQLancer [3, 47-49, 74], SQLancer++ [82]
and EET [24] in multiple coverage metrics. We compared on DuckDB [46] and PostgreSQL [38]. As
a state-of-the-art, open-source DBMS testing framework, SQLancer supports most of the latest test
oracles [4, 57, 74]. SQLancer++ is a scalable variant that can be easily extended to multiple DBMSs
with only lightweight modifications. EET [24] is a recent tool based on SQLsmith [53]’s generator
and their carefully designed test oracles to produce complex queries.

In terms of test oracles, code coverage is an indicator for the number of features and execution
plans that are tested by them. Although code coverage does not strongly correlate with the ability
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Approach Lines Functions Branches

SQLancer 3.256% 1.230% 1.313%
Argus 17.820% 7.910% 7.315%
5.473%X 6.431% 5.571x

Table 3. Average metamorphic coverage on DuckDB of 10 test suites for Argus and SQLancer.

to find logic bugs [82], it is still a fair metric to evaluate the diversity of test cases generated by
Argus and the effectiveness of its corpus synthesis. Meanwhile, metamorphic coverage [2] is a
more relevant metric for evaluating the effectiveness of test oracles and is highly related to logic
bug finding abilities according to the historical bug study in SQLite and DuckDB [2]. Unlike
traditional code coverage, which simply counts all executed code, metamorphic coverage measures
the portions of the program exercised differently by the two executions in a pair of equivalent
queries. Intuitively, because only these differential execution paths can lead to inconsistent results
between semantically equivalent queries, metamorphic coverage provides a more precise measure
of the code actually validated by the test oracle. Empirical studies on DBMSs like SQLite and
DuckDB show that metamorphic coverage correlates strongly with real logic bugs and overlaps

substantially with historical bug-fix locations.
Code coverage. Fig. 3 shows the line and branch code coverage for DuckDB and PostgreSQL

over a 24-hour testing period starting from a clean build and empty database. In DuckDB, Argus
achieves 19.9% and 18.1% higher line and branch coverage than SQLancer++, respectively, and
11.3% and 3.4% higher than SQLancer. Note that, we did not compare with EET on DuckDB, as
it does not support this DBMS. In PostgreSQL, Argus slightly underperforms SQLancer overall
but outperforms SQLancer++ (by 19.0% in line coverage and 22.5% in branch coverage) and EET
(by 5.2% and 2.6%, respectively). This suboptimal performance is expected, as SQLancer has been
extensively optimized specifically for PostgreSQL by the open-source community over many years.
Specifically, SQLancer supports 22 types of DDL statements (e.g., CREATE SEQUENCE) and various
DML statements beyond SELECT queries that PostgreSQL supports, whereas Argus focuses on
detecting logic bugs across different DBMS implementations.

For a finer-grained comparison, we additionally evaluated Argus and SQLancer on PostgreSQL
with respect to optimizer code coverage, since the optimizer is a core component that is closely tied
to SELECT queries and widely studied in prior work [47, 60], along with the diversity of features
exercised by SELECT queries that are covered by the test queries. The results show that Argus
achieved 66.46% line coverage and 55.85% branch coverage of PostgreSQL’s optimizer, compared to
62.33% and 52.17% by SQLancer. To evaluate feature diversity, we randomly sampled ten SELECT
queries from each tool and counted their unique features using two third-party parsers: pglast [17]
(counting number of unique PostgreSQL types) and sqlparse [87] (counting number of unique
AST nodes). We found that Argus covered 23 features in pglast and 151 features in sglparse, while
SQLancer only covered 15 and 76, respectively. This demonstrates Argus’s stronger ability to
generate feature-rich queries. The sampled queries are provided in Appendix D.

Note that we did not compare with mutation-based testing tools, such as SQLRight [31] and
SQuirrel [80], as they highly rely on the quality of seed queries and use the official unit tests
provided by the DBMS as the initial input. This introduces bias in the comparison, as the official
unit tests are usually well-designed and purposefully cover many code paths for the DBMSs that
they are designed for. In fact, SQLRight achieved 51.3% line coverage on PostgreSQL in the first few
minutes after feeding PostgreSQL’s official unit test cases as seed queries, but quickly saturated
after that without further improvement during the remainder of the testing period.
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Fig. 4. Number of unique logic bugs found by different sets of oracles within a 6-hour testing on Dolt.

Overall, our results demonstrate that Argus can generate feature-rich, diverse, and complex test
cases at scale, covering more optimizer paths than state-of-the-art techniques.

Metamorphic coverage. For metamorphic coverage, we compared Argus with SQLancer on
DuckDB across a fixed number of test cases, following the same setting in [2]. We did not evaluate
metamorphic coverage on PostgreSQL, which has not been supported by [2]’s implementation.
Following the experimental setup in [2], we generated 10 test suites for SQLancer, each with 100 test
cases. Specifically, SQLancer produce 50% of the test cases from TLP [48] and 50% from NoREC [47].
For Argus, we generated 10 CAQ pairs as test suites, and instantiated each pair with 100 different
snippets, respectively.

We reported the average metamorphic coverage of the 10 test suites in Table 3. As shown, Argus
achieves 5.473X, 6.431%, and 5.571x more line, function, and branch coverage than SQLancer,
respectively. We believe this is because Argus’s new test oracles can significantly alter the query
structures between equivalent queries, thanks to LLM’s creativity, which covers a broader range of
different code paths than prior works. This significant improvement demonstrates the effectiveness
of Argus’s new test oracles in comparing different execution paths, and the potential to detect more
logic bugs that state-of-the-art testers missed.

7.3 Effect of Test Oracles

We now evaluate Argus’s new oracles by comparing the number of unique logic bugs they detected
in Dolt v1.0.0. We selected this historical version to ensure a fair comparison, as git-bisect allows
us to precisely link each bug to its corresponding fix commit, providing an accurate count of unique
bugs per method.

We compared a composite baseline of test oracles against two sets of LLM-generated test oracles
by Argus, with sizes of 50 and 5,000, i.e., Argus-50 and Argus-5,000, respectively. The baseline
combines 11 test oracles from four previous works: TLP [48], NoREC [47], EET [24], and DQP [5].
To minimize confounding factors, we standardized the experimental conditions. Specifically, the
baseline oracles were represented in the same CAQ pair format and instantiated using the same
snippet corpus as Argus. Furthermore, since the CAQ format requires an associated schema, we
also randomly generated a new schema for the baseline oracles before each instantiation. The
details about how to convert the baseline oracles to CAQ pairs are provided in Appendix C.

Fig. 4 shows the number of unique logic bugs found by different sets of oracles within a 6-hour
testing. We select a 6-hour time window for a fair comparison, following common practice in fuzz
testing [26] and prior studies on DBMS logic bug detection [81], which typically fix the testing
duration within a range of 1 — 24 hours. As shown, Argus-5,000 found 10 unique bugs, significantly
outperforming the baseline, which found only 3. In contrast, Argus-50 found just 2 bugs. This
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1 SELECT * FROM v WHERE TRUE;
2 SELECT * FROM v WHERE v.c >= v.c OR v.c < v.c

Listing 11. A false positive example from LLM-as-a-judge.

underperformance was expected, as the baseline oracles were carefully designed by human experts.
These results demonstrate the importance of the number of oracles in detecting unique logic bugs
and underscore the limitations of manual oracle design, thus highlighting the necessity of Argus’s
automated test oracle discovery.

7.4 Effect of SQL Equivalence Prover

We evaluate our SQL equivalence prover’s false positive and false-negative rates against an LLM-
as-a-judge baseline. For this baseline, we use GPT-5 to determine whether a candidate CAQ pair is
equivalent directly.

False positive bug reports. To quantify the impact of the prover on false positives, we performed
an ablation that disables the prover while using an LLM-as-a-judge approach [78], and ran Argus
on DuckDB until we collected 20 bug reports. We then manually adjudicated each report as a true
positive or a false positive. Surprisingly, we found that all of them were false positives. For instance,
LLM-as-a-judge incorrectly decides the two queries shown in Listing 11 as equivalent, which is
actually inequivalent when v.c is NULL.

To further investigate the issue of extremely high false positive rates, we generated 20 candidate
CAQ pairs that the LLM judged as equivalent, and manually verified them. We found that 1 of
these 20 pairs was an incorrect test oracle, i.e., it consists of inequivalent CAQ pairs. While the
accuracy of LLM-as-a-judge is high, bugs in mature DBMSs are exceedingly rare, as it often takes
thousands of queries to discover a single bug. Consequently, even a low false positive rate can
generate a volume of false reports that overwhelmingly drown out true positives. In addition, such
false positives are particularly unacceptable when Argus is integrated into CI/CD pipelines or
production environments, as developers have limited time to investigate each report. Therefore,
the SQL equivalence prover is necessary to ensure the soundness of Argus’s test oracles and make
it practical for real-world use.

In terms of the performance with the SQL equivalence prover, we sample 20 CAQ pairs that are
accepted by the prover as equivalent, as well as 20 pairs that are instantiated from them. After
our manual validation, we find that all 20 CAQ pairs and concrete instances derived from them
are indeed equivalent. This demonstrates the prover’s effectiveness in identifying and validating
equivalent queries and reducing false positives.

False negatives in test-oracle generation. To estimate the prover’s false-negative rate, i.e., its
inability to prove correct test oracles, we ran two configurations of Argus on DuckDB: one using
the prover to check CAQ pairs, and one using LLM-as-a-judge. In each configuration, we continued
testing until the tool had rejected 10 candidate CAQ pairs as “inequivalent,” and then we manually
adjudicated each pair. We found that 8 of the 10 pairs were false negatives for the prover, while 5 of
the 10 pairs were false negatives for the LLM-as-a-judge. The results also show that the prover’s
false negative rate is comparable to that of state-of-the-art LLMs. Note that, false negatives from
the prover are expected in general, as it is intentionally conservative to ensure soundness.

7.5 Cost and Efficiency Analysis

We next evaluate CAQ’s impact on cost and efficiency by comparing Argus against the naive
baseline introduced in Sec. 1. This baseline uses the same SQL equivalence prover but directly
prompts an LLM to generate entire pairs of equivalent queries from the seed queries rather than
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Fig. 5. Cost and efficiency comparison between Argus and the naive baseline on Dolt over a 1-hour run.
Method Avg. Similarity # of Valid Queries
Clustering 0.617 86
Beam-search 0.766 48
Naive 0.688 81

Table 4. Comparison of Argus’s equivalent CAQ generation methods with baselines. Lower similarity indicates
higher diversity.

CAQ pairs. After testing on Dolt 1.0.0 for one hour, Argus detected a logic bug while the baseline
found none, and we measured the corresponding test cases generated and LLM costs.

As shown in Fig. 5, Argus achieves a significantly higher test case throughput than the naive
baseline. Unlike the baseline, which slowly generates complete equivalent pairs, Argus spends
only a few minutes creating abstract CAQ pairs (Phase I) and then rapidly instantiates them into
numerous concrete test queries (Phase II). This process is also highly economical: generating the
CAQ pairs costs about $3 in LLM calls, and instantiating test cases costs roughly $1 per 1,000
instantiated test cases, and leveraging a reusable corpus of 100,000 snippets built for only $12. This
shows that Argus is a cost-effective solution for detecting logic bugs with a high throughput.

7.6 Component-wise Analysis

We analyze the contributions of two Argus’s key components: the diversity-oriented equivalent
query generation (Sec. 5.2) and the LLM-powered SQL snippets generation (Sec. 6.1).

Diversity-oriented equivalent CAQ generation. To evaluate the impact of diversity-oriented equiv-
alent query generation, we compare Argus ’s CAQ generation method against two baselines: (i) a
naive approach that independently prompts an LLM to generate equivalent queries, and (ii) a beam-
search—based method that produces multiple candidates at each step and selects a diverse subset,
according to a diversity metric, to condition the next iteration. For all methods, we give the same
seed CAQs, fix the LLM budget to 1,000 generated CAQ candidates and evaluate: (1) the number
of valid queries (i.e., those that pass the SQL equivalence checker); and (2) the similarity of the
generated queries, measured by the average tree-edit distance between DuckDB query plans across

all pairs of equivalent queries. Specifically, given two query plan tree T and T, let dist(Ty, T;) be the
dist(T;,Ty)

ITi[+I1] ):

where N is the number of valid query pairs. As shown in Table 4, Argus ’s CAQ generation method

outperforms both baselines by producing more valid CAQs while maintaining the lowest similarity.

tree-edit distance between them. The similarity score is computed as: m Yizj (1-
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Fig. 6. Ablation study of code coverage achieved by Argus and a variant using only SQLancer’s grammar-
based generator on DuckDB over 24-hour runs.

1 CREATE TABLE t1(c@ BOOLEAN, c1 BOOLEAN);
2 SELECT false FROM t1;
3 SELECT (t1.c1 < t1.c@) < (t1.c1 = t1.c1) FROM t1;

Listing 12. Incorrect equivalence proof in SQLSolver [13].

LLM-powered SQL snippet generation. We evaluate the effectiveness of LLM-powered SQL snippet
generation by comparing Argus’s method against a variant that only uses SQLancer’s grammar-
based generator to build the snippet corpus during the CAQ instantiation phase. We use the code
coverage metric in Sec. 7.2 to evaluate both methods after a 24-hour testing on DuckDB. As shown in
Fig. 6, Argus consistently outperforms the grammar-based variant in both line and branch coverage.
Without LLM-generated snippets, the grammar-based variant can still outperform baselines in
terms of line coverage but struggles with branch coverage.

8 Discussion

Additional finding. In addition to improving DBMS robustness, our testing also revealed several
bugs in existing SQL equivalence provers. These bugs could lead to inherent false positives that, if
unaddressed, would hinder large-scale testing. For example, an early version of SQLSolver [13]
incorrectly proved the two queries in Listing 12 to be equivalent: the first query always returns
false when t1 is non-empty, whereas the second query can return true or even NULL depending
on the values of c@ and c1. Such issues are common among research prototypes that have been
validated only on small benchmarks — for instance, the widely used Calcite test cases [7] include
only about 200 equivalent query pairs. We reported 10 bugs in SQLSolver and QED [63] during
early development of Argus, all of which were quickly fixed by the developers. After these fixes,
our testing proceeded without being affected by those prover bugs. These findings demonstrate that
our approach not only helps uncover DBMS bugs but also contributes to improving the reliability
of SQL equivalence provers. Importantly, the soundness of our approach is independent of the

correctness of specific prover implementations—the latter only affects practical false positives
before fixing.

Customized testing. Argus is highly configurable and supports a broad range of testing scenarios.
By adjusting the LLM generation prompt, users can focus on specific SQL features without modifying
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the underlying code, enabling flexible and comprehensive testing. For example, to generate table
snippets involving OUTER JOINs, the prompt can explicitly request: “Ensure that the generated
snippet includes at least one OUTER JOIN (e.g., LEFT JOIN, RIGHT JOIN, FULL OUTER JOIN, ...)".

Query classes supported by SQL equivalence provers. SQL equivalence provers is a key component
of Argus, but typically only support a limited set of SQL features due to the inherent complexity of
SQL semantics. To the best of our knowledge, existing SQL equivalence provers support the core
syntax implemented in Calcite [7], including outer joins, nested queries, and simple aggregations
like SUM and COUNT. However, they generally do not understand the semantics of most DBMS-
specific or user-defined functions, treating them as uninterpreted functions, which may result in
omitting some potential test oracles. For example, if a DBMS defines a function add(x, y) := x + v,
the prover cannot determine whether SELECT add(x, y) FROM t is equivalent to SELECT x +y FROM .
Another limitation stems from the fact that SQL equivalence provers heavily rely on SMT solvers,
whose complexities can grow rapidly with the size of the CAQ pairs analyzed. This may limit the
query sizes of the test oracles that Argus can generate. Nevertheless, these restrictions from SQL
equivalence provers can be mitigated in Argus’s test cases instantiation phase, which can generate
complex SQL queries by filling in CAQ placeholders with diverse SQL snippets. Those snippets can
include SQL features that currently lack support in existing provers, as well as increase the overall
complexity of the generated test cases.

Limitations. Our approach has two limitations that present opportunities for future work.

(1) Argus currently focuses on relational DBMS and SELECT queries like prior works [3, 5, 24, 47—
49, 74], but the underlying principles can be extended to other types of databases and query
languages, such as graph DBMS [23, 34, 37, 86] and spatial DBMS testing [12].

(2) Argus focuses on automatically discovering test oracles, but does not provide a mechanism to
prioritize or rank the generated oracles. We believe that, after Argus, DBMS testing research can
shift from manually crafting test oracles to developing techniques for prioritizing and selecting
the most effective oracles from a large pool of LLM-generated candidates.

9 Related Work

LLM in systems research. LLMs have been applied to various system research tasks, including
code generation [20, 27, 39, 44, 66], automated tuning [18, 76], data processing [32, 33, 43, 54, 73],
program analysis [28], networking [77], and algorithm discovery [41, 50, 72].

(1) In LLM-aided testing, prior work has primarily focused on generating effective inputs. For
example, Fuzz4all [65] is a universal fuzzing framework that leverages LLMs to generate test
inputs for various applications, while other research applies LLMs to fuzzing in specific domains
such as compilers [67], kernels [68], and smart contracts [55]. Similarly, ShQvel [81] uses LLMs
to generate feature-rich SQL queries for testing DBMS with manually crafted test oracles, while
SQLStorm [52] employs LLMs to synthesize a large-scale benchmark for evaluating performance
of DBMSs. While prior approaches generate complex test inputs to find crash bugs, our work
focuses on generating test oracles to detect logic bugs, along with effective methods for test
oracle initializations, which are orthogonal and complementary to existing efforts.

(2) In LLM-for-DBMS, prior work mainly focus on text-to-SQL [21], query optimization [29, 59],
dialect translation [84], and hyperparameter tuning [18, 85]. Among these works, LLM-R2 [29]
provides a framework to guide LLMs’ use of existing rules, e.g., Calcite, to optimize SQL queries.
Though this method can also be applied to our task, it is impractical because of the high cost
of rewriting concrete queries for testing and the difficulty of finding bugs by DBMS’s query
rewriting rules, which are typically simple and well-tested. To the best of our knowledge, our
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work is the first to leverage LLMs to generate test oracles for DBMSs, and we believe that our
rule generation framework can also be applied to other DBMS tasks in the future, such as query
optimization with performance improvement.

DBMS testing and verification. There is a rich body of work on DBMS testing, verification, and
their applications. Prior work in DBMS testing has largely followed two distinct research paths: test
query generation for fuzzing and test oracle design for detecting logic bugs. Test query generation
focuses on automatically generating complex SQL queries to find crashes, with techniques being
either grammar-based, exemplified by tools like SQLsmith [53] and SQLancer [49], or mutation-
based, as seen in Griffin [16]. Grammar-based techniques typically use predefined grammars to
construct valid SQL queries, while mutation-based approaches modify existing queries to create
new test cases. Beyond the generation of test queries, recent research has also explored constructing
meaningful database states [1, 8, 9, 51, 69]. In parallel, the second path concentrates on test oracles
for detecting “silent” bugs such as logic and performance issues, an area that has traditionally relied
on significant manual effort. For instance, oracles like TLP [48], NoREC [47], and EET [24] were
designed for logic bugs, while others such as CERT [4] and Apollo [25] target performance issues.
This manual crafting of oracles remains a primary bottleneck in fully automated DBMS testing.
Argus is the first work that tackles this critical challenge by automatically discovering test oracles.

Recent work has focused on improving the effectiveness of SQL equivalence provers [10, 11, 13,
63, 83] and disprovers [19, 79]. These tools have been widely applied in various DBMS scenarios,
including query rewriting [64], text-to-SQL [70], and user-database interaction [45]. Among these,
Wetune [64] is the most relevant to our work, as it employs an SQL equivalence prover to verify
query rewriting rules generated via a brute-force search. However, its enumeration-based approach
suffers from two key limitations. First, it can only discover simple rules due to the high time
complexity of enumeration. Second, because it lacks a placeholder mechanism like CAQ, the
resulting rules support a very limited set of SQL features. For example, the average AST node count
of SQL queries generated by Wetune’s rules is 99.6, whereas in Argus test cases it reaches 777.8. This
indicates that Argus targets much richer and complex SQL structures than enumeration-based tools.
These restrictions render the approach impractical for testing modern DBMSs. In contrast, our
LLM-based approach overcomes these shortcomings by generating complex rules and instantiating
them with a diverse range of SQL snippets.

10 Conclusion

The manual construction of test oracles is a major bottleneck in finding logic bugs in modern
DBMSs. We present Argus, the first automated framework that uses LLMs to generate sound and
effective test oracles. Argus achieves scalability through its novel CAQ abstraction and guarantees
soundness with an SQL equivalence prover. On five extensively-tested DBMSs, Argus discovered 41
previously unknown bugs, including 36 logic bugs. Compared to prior work, Argus’s LLM-generated
test oracles demonstrate improved metamorphic coverage and a stronger logic-bug finding abilities.
Argus’s approach not only provides a solution to the long-standing bottleneck of fully automated
DBMS testing but also opens new opportunities for testing other complex software with LLMs.
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