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Abstract

Checking whether database transactions adhere to isolation
levels is a crucial yet challenging problem. Existing checkers
are typically designed for a specific combination of isolation
level, operation types, and workload assumptions. As a result,
supporting a new application scenario often requires building
a new checker from scratch. We present BooMsLANG, an ex-
tensible framework for checking the isolation of transactional
database executions using only client-side traces, without re-
quiring knowledge of database internals.

BoowmsLANG adopts a front-/back-end separation. As the
front-end, it parses a database trace into an Abstract Semantic
Graph, which is then lowered into a low-level intermediate rep-
resentation (IR). The back-end converts this IR to a set of con-
straints for satisfiability modulo theories (SMT) solving. This
design is enabled by a key abstraction in the IR, called superpo-
sitions, which represent heterogeneous forms of uncertainty—
including unknown version orders, ambiguous read-from re-
lationships, and physical deletions—as a single first-class IR
object. Isolation levels, operation semantics, and database-
specific behaviors are implemented as modules that generate
this IR over a shared back-end. Our experiments show that with
only a few hundred lines of code, the core logic of three prior
checkers can be reimplemented as BoomsLanG modules. Us-
ing BoomsLANG, we also support eight isolation levels, from
read committed to strict serializability, identify a new bug
in TiDB, audit the metadata layer of the JuiceFsS file system,
check vendor-specific behavior in MariaDB, and confirm a the-
oretical result on the correctness of strict serializability. Boom-
SLANG is open source: https://github.com/winddd/SOSH [29].
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1 Introduction

Transactional databases play a crucial role in today’s digi-
tal world, yet ensuring their correctness is challenging due
to bugs [45, 47, 54], failures [32, 87], errors [46, 77], and
security threats [75, 81, 82]. Now, consider an “oracle” that
serves as a decisive mechanism: given a database execution
trace, it can either confirm correctness or reject it, providing
explanations for any incorrect behavior. This oracle would
be extremely valuable across various applications. During
testing, it verifies whether a database behaves as expected
under different workloads. In auditing, it provides a thorough
review of potential errors and failures arising from underlying
software and hardware issues. For outsourced computing envi-
ronments where trust cannot be assumed, the oracle validates
data integrity and execution against potential tampering.

In this work, we build BoomsLANG, an extensible checking
framework that approximates such an oracle for transactional
key-value store executions, producing sound and complete ver-
dicts with respect to the given trace and isolation specification.
We focus on transactional key-value stores (which we refer to
as “databases” throughout this paper for brevity) as they are
widely used in practice and serve as core building blocks for
many complex systems, such as SQL databases [52, 74] and
file systems [12].

BoomsLANG takes two inputs: a trace of a database exe-
cution and a target isolation level. The trace is collected at
the clients: it records the operations that clients issue to the
database, their arguments, and the results the database returns,
grouped into transactions. BooMsLANG then decides whether
some execution that is consistent with what the clients ob-
served is also allowed by the target isolation level. If such an
execution exists, BooMsLANG accepts the trace; otherwise, it
rejects the trace and reports a counterexample that explains
the violation.

What distinguishes BoomsLANG from existing checkers [38,
41-43,51,53,56,57,59,61,67,73,75,78, 85] is its focus on
extensibility: checking a new isolation level, operation type,
or database-specific behavior should not require designing
a new checker from scratch. In particular, BoomsLANG has
three key properties:
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1. BoomsLANG features a modular pipeline in which isolation
levels, operation semantics, and database-specific behav-
iors are implemented as modules that generate a shared
intermediate representation (IR). Users can check new iso-
lation levels and consistency properties by writing such
modules while reusing BooMsLANG’s parsing, optimiza-
tions, and its back-end solver.

2. BOOMSLANG supports operations beyond reads and writes
that modern transactional key-value stores provide, includ-
ing range queries, iterators, and physical deletions. Many
prior checkers restrict operation types or rely on workload
conventions (e.g., unique written values) that make depen-
dencies easy to infer; such conventions do not hold for
arbitrary application traces.

3. BooMsLANG does not require users to understand data-
base internals (e.g., the concurrency control protocols in
use) and enables checking with minimal logging. It uses a
lightweight logging scheme called envelope tracing, which
records only the inputs and outputs of database operations
at the client side and can be easily adopted without modify-
ing application logic or the database—making it accessible
to non-experts.

To achieve these properties, BoomsLaNG adopts a modular
pipeline similar to a compiler’s workflow: (1) it logs inputs to
and outputs from the database from the client’s perspective,
creating a trace that represents the database execution. (2)
It parses the trace into a data structure called the Abstract
Semantic Graph (ASG). The ASG contains the necessary
information to reason about trace correctness. It extends a
simple graph with additional metadata needed to check differ-
ent correctness properties. (3) BoomsLaNG lowers the ASG
into a low-level intermediate representation (IR) via semantic
analysis. Grounded in prior research [30, 31, 75, 85, 86], the
IR logically represents the set of possible direct serialization
graphs (DSGs) that could explain the trace, expressing every-
thing the trace leaves unknown as superpositions (described
below). Isolation levels are encoded as constraints over these
DSGs. BoomsLaNG checks whether any DSG represented
by the IR satisfies the target isolation-level constraints. The
semantic analysis also accepts user-defined hints to accommo-
date different setups and assumptions. (4) BooMsLANG applies
optimizations and generates SMT constraints from the IR. In
particular, BoomsLANG introduces three optimizations: reach-
ability pruning, topological prioritization, and unsat search.
(5) BooMsLANG solves the constraints with an SMT solver
and reports the verdict.

The key abstraction in this pipeline is the superposition. Rea-
soning about unknowns itself, however, is not new. Bernstein
et al. [35, 36] define (multiversion) serializability through the
existence of a suitable version order; Papadimitriou’s poly-
graphs [70] encode alternative orderings as choices; and See-
ing is Believing [44] defines isolation through the existence
of an execution. Prior checkers instantiate these ideas for the

specific forms of uncertainty in their target settings. Boom-
SLANG generalizes them: it captures heterogeneous forms of
uncertainty—unknown version orders, ambiguous read-from
relationships, physical deletions, and keys skipped by range
queries and iterators—with a single first-class IR object, called
a superposition: a set of mutually exclusive possibilities that
could explain part of the trace. With superpositions, people
can support a new isolation level or operation type by writing
modules that generate corresponding IR constraints.

We have implemented BoomsLANG and evaluated it against
state-of-the-art checkers. As evidence of extensibility, the core
encodings of Cobra [75], Viper [85], and PolySI [53] are each
implemented in BoomsrLanG with 271-798 lines of code.

We further use BoomsLANG to build checkers for diverse
configurations: (1) implementing new encodings for eight
isolation levels, from read committed [30, 34] to strict
serializability, including repeatable read [30, 34], PL-2+ [30],
cursor stability [30], and PL-FCV [30], over traces with
range queries, iterators, and physical deletions; (2) testing
a popular real-world application—a distributed file system
JuiceFS [12]—to audit its metadata management; (3) support-
ing a vendor-specific behavior of SELECT FOR UPDATE in
MariaDB [14] that breaks traditional transactions’ visibility;
(4) confirming the previously theorized timestamp inversion
pitfall [62] in a real implementation. In addition, while
cross-comparing behaviors across databases, BooMsLANG
discovered a new bug [16] in TiDB.

Beyond these use cases, BooMsLANG’s extensible design of-
fers two further benefits. First, it enables a fair comparison be-
tween different checkers. For example, while Viper and PolySI
are both SI checkers, and previous results showed Viper to
be slower than PolySI, implementing both in BooMSLANG re-
veals comparable or better performance for Viper’s encoding,
indicating that the reported performance gap stemmed from
implementation differences rather than inherent checker dif-
ferences. Second, BooMsSLANG can share optimizations across
different configurations. For instance, topological prioritiza-
tion is enabled by default for all checkers.

Limitations. BoomsLANG is not without limitations. First,
BoomsLaNG does not change the NP-complete worst case
of black-box checking; like other black-box checkers, it can-
not guarantee verification of all traces within bounded time,
and pathological or adversarial traces—for example, from a
database that attempts to exhaust the checker—may time out
despite the optimizations. Second, BooMSLANG’s guarantees
are relative to its inputs: the trace must contain all transac-
tions relevant to the observed data, which generally requires
instrumenting all clients, and user-provided hints and mod-
ules are trusted. Third, BoomsLANG does not support full SQL
semantics, a limitation common to existing checkers. While
BoomsLANG’s design is, in principle, general enough to ac-
commodate SQL semantics, efficiently translating rich SQL
semantics to SMT constraints remains an open problem [71].
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Figure 1. Problem setup.

2 Setup, motivation, and applicability
2.1 Problem setup

In this paper, we consider the following setup. Multiple clients
simultaneously send requests to a database. The database op-
erates on the requests in a concurrent manner and sends re-
sponses back to the clients. These clients and the external
world observe the requests to and responses from the database,
which we refer to as a trace. A checker then examines this
trace and determines whether the database faithfully executes
clients’ requests. Figure 1 depicts this setup.

We consider transactional operations: all client operations
are wrapped in transactions. The operations that today’s trans-
actional key-value stores provide are: puts, gets, deletions,
range queries, and iterators.

We assume that the trace contains all transactions relevant to
the observed data. For a multi-client execution, this generally
requires instrumenting all participating clients.

The database claims to uphold some isolation specifica-
tions. A canonical example is serializability, an isolation level
defined by ANSI/ISO and widely adopted in the database com-
munity [30, 44]. These specifications are typically configured
by the client, establishing an agreement between the client
and the database on the expected execution semantics and
transaction isolation guarantees.

This agreed-upon isolation specification is verified by a
checker. The checker evaluates the trace against the specifica-
tion and returns a verdict: accept if the database satisfies the
isolation guarantees, or reject if it violates them. Crucially,
the checking must be sound and complete:

e Soundness: If the checker accepts, the trace satisfies the
specification. (That is, if the trace violates the isolation
guarantees, the checker will reject.)

o Completeness: If the trace satisfies the specification, the
checker will accept. (That is, if the checker rejects, the
trace violates the isolation guarantees.)

Crucially, BoomsLANG does not require internal scheduler
knowledge. When only client-side observations are available,
it operates on observational equivalence [44]. BOOMSLANG
lowers the trace into an IR representing a set of possible
DSGs [30, 31]. Thus, our soundness and completeness claims
apply strictly to the external trace; BOOMSLANG accepts traces
that are observationally equivalent to a valid execution under
the target specification, which is a fundamental trade-off of
black-box checking. There are checkers [50, 59, 72, 76, 83]
that sacrifice either completeness or soundness or both for

performance, which is not the target of this paper. We focus
on complete and sound database checking.

Existing checkers. Existing checkers make different, well-
motivated tradeoffs. Cobra [75], Viper [85], PolySI [53], and
Plume [61] identify read-from relationships using unique writ-
ten values. Elle [56] exposes dependencies through specialized
workloads, while Emme [42] recovers version orders and ver-
sion sets from database internals. We discuss these systems in
§9. In each case, the encoding is co-designed with its target
isolation level and assumptions. For example, Cobra-style for-
mulations encode unknown orders as pairwise binary choices
and couple different dependency types together [4, 53, 85].
Physical deletions and iterators, however, introduce ambigui-
ties with more than two possibilities: if an iterator does
not return key x, x may never have been inserted, or may have
been deleted by one of several delete operations. Likewise,
weaker levels such as read committed keep some dependency
types while excluding others. Extending such a checker to a
new operation type, isolation level, or database-specific behav-
ior therefore often requires a new encoding. The underlying
challenge is to represent dependency unknowns independently
of any single checker encoding.

2.2 Motivating examples

Our goal is to make isolation checking extensible. In practice,
traces include advanced operators, vendor-specific isolation
behaviors, duplicate values, physical deletions, and combi-
nations of isolation guarantees. Together, these challenges
introduce complex semantics that are difficult to formalize
and verify, and require a checker that is flexible enough to sup-
port diverse operators, semantics, and isolation specifications.
Below we highlight four motivating examples.

Case #1: checking real-world workloads and applications.
JuiceFS [12], a distributed file system, stores file-system meta-
data in a transactional key-value store, where metadata in-
consistencies can cause severe failures. Auditing its metadata
operations with a checker is therefore desirable for strong cor-
rectness assurance. However, JuiceFS uses the full operator set,
including iterators, which no existing checker supports. Exist-
ing checkers [4, 53, 61, 85] typically focus on point queries
with relatively easy-to-identify read-from relations. An itera-
tor’s missing key, however, may never have existed, have been
deleted, or not yet have been reached, resulting in a larger am-
biguity. Prior tools lack an abstraction and efficient handling
for this greater uncertainty.

Case #2: supporting vendor-specific semantics. Vendor-
specific behavior introduces further challenges for isolation
checking. For example, under the Repeatable Read isola-
tion level [30, 34], many databases implement SELECT FOR
UPDATE as returning the most recent version of a record rather
than a transactionally consistent snapshot [14]. This vendor-
supported behavior diverges from textbook definitions and



can make existing checkers reject vendor-expected valid exe-
cutions. A checking framework should allow such visibility
rules to be customized without redesigning the checker.

Case #3: relaxing assumptions that may not hold in prac-
tice. Existing checkers make various assumptions about work-
loads and applications, e.g., all values written are unique to
disambiguate read-from dependencies, but applications can
write duplicates, and a MariaDB bug appears only when du-
plicate values are written [26]. Similarly, tombstones [85]
simplify deletion by replacing physical deletion with a logical
marker, but databases do not implement deletion this way. Sup-
porting different workload assumptions requires a common
representation of the resulting ambiguities, so that extensions
can reuse the checking back-end.

Case #4: checking combined isolation guarantees. In prac-
tice, systems expose combinations of isolation guarantees.
For example, databases that support both serializability and
read committed may differ in whether a transaction can read
its own writes. Such variations cannot be handled by simple
patches, since these behaviors must be encoded as part of the
isolation specification rather than bolted on afterward. As a
technicality, serializability relies on anti-dependencies [30], a
concept that does not exist in read committed; so when mod-
eling read-your-own-write for read committed, one cannot
simply “turn off” anti-dependencies without redefining the
model itself. Supporting such diversity requires a framework
with modular structure and suitable abstractions so that new
concurrency constraints can be expressed and checked without
redesigning the entire system.

2.3 Application scenarios

An isolation-checking framework provides infrastructure for
validating database concurrency correctness. We present three
scenarios that illustrate how it can be applied.

Scenario #1: serving as a test oracle. Concurrency testing
needs an oracle to check whether diverse interleavings violate
isolation guarantees. Frameworks such as Jepsen [8] often
rely on specially designed workloads for soundness and com-
pleteness. A unified framework instead validates execution
traces against specified concurrency semantics across real-
world workloads. Such principled validation is impossible
without comprehensive support for real-world workloads.

Scenario #2: acting as an auditor for data integrity. Fail-
ures are inevitable in both software and hardware. Users need
assurance that their data remains consistent across failures,
recoveries, and concurrent transactions. Silent hardware cor-
ruption is also a concern: recent work [46, 77] shows that
even CPUs can silently produce incorrect results. A checker
can help detect such corruptions by validating final outcomes
without relying on internal information.

Scenario #3: verifying outsourced databases. For
outsourced databases, especially those backing critical

applications such as finance and healthcare, a checker lets
owners validate correctness without trusting the cloud
provider.

More potential applications. More broadly, a checker enables
unexplored applications: auditing databases against external
attacks for security, proving database integrity for forensics,
and distinguishing suitable isolation levels for performance
tuning. These highlight a chicken-and-egg problem—without
a unified, extensible framework, researchers are unable to
build checkers for niche use cases, but without demonstrated
use cases, no one builds the extensible framework. We hope
our isolation-checking framework, BooMsLANG, breaks this
cycle and opens new research directions.

3 System overview

BoomsLANG accepts a trace and checks if the trace satisfies
expected isolation levels and other properties. BoomsLANG
provides native support for major isolation levels, including
strict serializability, serializability, snapshot isolation, and
read committed. In addition, BooMSLANG exposes an inter-
mediate representation (IR) that enables users to extend trace
semantics and define custom isolation properties by imple-
menting modular extensions. Figure 2 depicts the workflow
of BooMsLANG.

System overview. At a high level, BooMsLANG translates a
trace, under a specified isolation level, into a set of logical
formulas that are machine checkable. This process mirrors
traditional program compilation: the trace corresponds to the
program, and different isolation levels correspond to differ-
ent programming languages, each with its own semantics.
BoomsLANG introduces an abstract semantic data structure
and an intermediate representation (IR) that capture the com-
mon structure of isolation checking. The IR is then lowered
into logical formulas—SMT constraints—that are solved by a
specialized SMT solver.

BooMsLANG’s generalizability comes from its separation of
front-end and back-end. To support a new isolation level (e.g.,
PL-2+[30, §4.1]) or a variant of an existing one (e.g., snapshot
isolation variants [44, Fig4]), people need to modify only the
relevant pipeline stage—analogous to adding a new program-
ming language or dialect. Meanwhile, if new optimization
strategies or specialized SMT techniques become available,
they can be integrated into the back-end and automatically
benefit all isolation-checking tasks.

This separation is enabled by BoomsLANG’s IR. At its core
is a unified abstraction: superpositions (§5.2), a concept that
captures unknown dependencies in the trace. Superpositions
encode every feasible way the trace could have been generated
by a database that correctly enforces the specified isolation
level. By solving the resulting constraints, the system produces
either a witness demonstrating correctness or a counterexam-
ple revealing a violation.
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Figure 2. BooMsLANG pipeline.

Pipeline design of BooMmsLANG. The BoomMsLANG pipeline
comprises five phases:

Phase 1: tracing. BooMsLANG introduces a simple and in-
tuitive tracing mechanism called envelope tracing (§4.1). By
instrumenting only the code immediately before and after
each database invocation, the tracer collects all information
required for checking without intruding on application logic.
The interface is flexible: users can supply additional hints
that capture domain-specific knowledge relevant to checking.
These hints can later be processed through user-defined mod-
ules (§5.3) and used to accelerate the checking pipeline.

Phase 2: parsing. In the parsing phase, BooMsSLANG con-
structs an Abstract Semantic Graph (ASG) that captures the
structural information embedded in the trace. The ASG con-
sists of three key components: a graph representation, a read
lineage, and a write history. This phase effectively converts a
trace into a structured representation suitable for analysis.

Phase 3: semantic analysis. The semantic analysis phase
transforms the ASG into a low-level intermediate representa-
tion (IR) that we designed. This IR includes simple graphs,
first-order logic expressions that describe relationships be-
tween edges, and superpositions. Superpositions represent
“known unknowns”’—ambiguities in the trace where certain
relationships must exist but cannot be precisely determined
from the available information. For example, superpositions
can capture the uncertainty in the ordering of concurrent write
operations: they are conflicting and therefore must have an
order, but without internal scheduling information we cannot
determine their order. Meanwhile, if a trace provides complete
information without ambiguities, no superpositions will be
generated. User-defined modules apply at this phase.

Phase 4: optimization and constraint generation. This phase
encodes the low-level IR into a set of constraints suitable for
SMT solving. Superpositions are encoded as mutually exclu-
sive options. Optimization passes are applied during this phase
to improve solver performance. These optimizations traverse
the IR and apply equivalent transformations that preserve cor-
rectness while producing constraints that can be solved more
efficiently.

Phase 5: solving. In the final phase, BOOMSLANG uses an
SMT solver to decide whether the trace satisfies the specified
isolation level. By default, it uses MonoSAT [33], whose na-
tive graph primitives are well suited to the generated graph
constraints; for compatibility, BooMsSLANG can also emit clas-
sic SMT clauses for solvers such as Z3 [28]. The solver returns

either sat, confirming compliance, or unsat, with a coun-
terexample explaining the violation.

4 Tracing and parsing
4.1 Client interface and envelope tracing

In practice, clients interact with databases through various
interfaces, such as JDBC [68], or language-specific APIs pro-
vided by the database. While these interfaces may differ in
aspects like function names and arguments, modern transac-
tional key-value stores expose a common core of operations:

e Transaction control: begin, commit, abort
e Point queries: put, get, delete
e Predicate-based queries: scan, iterator

Most operations are self-explanatory. scan returns all
items in a key range [start, end), while iterator
lets clients fetch range-query results incrementally, e.g.,
for top-K queries. For example, after it«Iter (key0,
key9), repeated it .Next () calls return successive items.

Although common, iterator and combinations such
as delete with scan are unsupported by existing checkers.
This limitation is due to several challenges, including verifying
that returned items fall within the top-K, and that non-returned
items either lie outside the specified range or do not exist—
conditions that are often partially unknown in the trace. We
will elaborate on these challenges later (§5.1).

Envelope tracing. Logging the necessary information in the
trace is essential for correctness checking. However, instru-
menting databases is difficult—if not impossible—especially
for modern distributed databases that are highly optimized
and continuously evolving. Parsing database metadata also
requires significant expertise. For example, Emme [42] recon-
structs execution traces by parsing change data capture (CDC)
logs: it uses the CHANGEFEED mechanism for CockroachDB,
the Debezium CDC tool for PostgreSQL, and heap scanning
for TiDB [42, §7.1].

To enable practical logging, envelope tracing instruments
the client-side database interface before and after each op-
eration, recording its inputs before invocation and its output
afterward:

# "ctx" is a dictionary, containing...

# ...context-specified information (e.g., hints)
log_input (op, args, ctx) # log inputs to database
ret = op(args) # issue op to database
log_output (ret) # log output from database



Envelope tracing does not require modifications to either the
application logic or the databases. Developers only need to
instrument the interfaces. For BooMsLANG, we create a set of
wrappers for different databases and their APIs. The checked
trace combines records from all participating clients, as as-
sumed in §2.1.

Envelope tracing captures only the minimal information
necessary for checking. As a result, the checking problem be-
comes challenging. This trade-off is expected: more detailed
traces simplify checking and improve checking performance,
but at the cost of more intrusive logging, tighter coupling to
specific applications, or reliance on database internals. Exist-
ing checkers typically choose a fixed point along this trade-off
curve, while BoomsLANG supports the full spectrum.

BoowmsLaNG adopts a modular design. By default, it accepts
the minimal trace from envelope tracing. Yet, when additional
information—for example, the information extracted from
CDC logs—is available, developers can write a module for
the semantic analysis phase (§5) and BooMsLANG can then
leverage it to improve checking efficiency. Meanwhile, Boom-
SLANG provides common modules to manage trade-offs that
have been explored by existing checkers.

4.2 Parsing: building the ASG

With a given trace, BOoOMSLANG constructs an Abstract Seman-
tic Graph (ASG): an intermediate structure that enables further
lowering. A crucial design goal is to ensure that ASG is both
general—capturing all necessary information across different
isolation levels—and efficient—allowing quick retrieval of
relevant information during the generation of low-level IR.

Observations. To design ASG, we have two key observations.
First, isolation levels can be effectively expressed through
graph representations as highlighted by prior work [30, 31,
36, 70, 79, 86], suggesting that graphs serve as a natural in-
termediate representation. This graphical formulation allows
us to capture the complex relationships between transactions
in an intuitive manner. Second, we have found that all depen-
dencies in different isolation levels can be expressed as a set
of conditioned read/write primitives. At their core, the basic
units of transaction operations are simply reads and writes,
but these are grouped by a potentially complex set of con-
ditions that determine their valid execution given different
traced information.

ASG represents a new design that generalizes to different
checking problems, in contrast to prior checkers, which target
a specific isolation level, or have workload assumptions, and
therefore do not require generalization. In particular, unlike
previous fixed graph structures (e.g., serialization graphs [30],
polygraphs [75], and BC-graphs [86]), ASG’s flexible design
adapts nodes and edges based on the target isolation level.
ASG also generalizes across all configurations, supporting
white-, gray-, and black-box traces; range and point queries;
logical or physical deletions; and unique or duplicated values.

(a) trace: (b) ASG:

Ti: put (x, 4) ® known graph:

T>: put (%, 5) o0— >0 >0 o
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® read lineage:
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Figure 3. The running example and its Abstract Semantic Graph.
(a) trace: four transactions access key x; 7, and T4 write the same
value 5, and the version order of x is logged as a hint (begins and
commits are omitted for simplicity).

(b) ASG: the known graph has one node per transaction and the ww
edges given by the version order. The write history of x records the
three writes (“wSet”) and their version order (“verOrder”). The read
lineage maps the returned pair (x,5) to 73’s read, whose candidate
writers (“candWs”) are T, and Ty; the operation type is “read”, so
the version set (“verSet”) is empty. For black-box database traces,
some information (e.g., “verOrder”) may be missing.

Running example. We use the trace in Figure 3(a) as a running
example from parsing (§4.2) through constraint generation
(§6), checking it against serializability. Four transactions ac-
cess key x: T} writes 4, T, and T4 both write 5, and T3 reads
x and observes 5. Because two writes produce the same value,
the trace does not reveal which of them T3 read. For this exam-
ple, we also assume that the trace contains the version order
of x (T} <« T, <« Ty), for instance, extracted from CDC logs
as additional information (§4.1); §5.2 discusses what changes
when this order is also unknown.

ASG design. Based on these observations, we define our Ab-
stract Semantic Graph (ASG) as consisting of three essential
components: @, a known graph; @, a write history; and ®,
a read lineage. Figure 3(b) depicts the ASG of our running
example. The known graph captures known relationships be-
tween transactions, while the write history and read lineage
store detailed information about write/read primitives.

Arrow labels denote dependency types [30]: 7; AN T;is
a write-dependency, where T; writes a later version of the
same key; T; = T; is a read-dependency, where T; reads a
version written by T;; and T; o, T; is an anti-dependency,
where 7} writes a later version than the one read by 7;. The

pwr . .
label — denotes a predicate-read-dependency, from a writer

to a predicate read. When present, a key in parentheses, as in
ww(x) . . .
——, identifies the key involved.

The write history groups updates by key:

Map{Key — {wSet : Set(id, val),
verOrder : Set(id,id)}}.



Here, wSet records writes and deletes with their transaction
IDs and values, while verOrder records any known version
order between writes to the same key. The version order may
be only partially known.

The read lineage maps each returned key-value pair to its
retrieval operations:

Map{(Key, Val) —Set{[r_id, candWs,
type, verSet])}.

Each entry records the reader’s transaction ID (r_id), candi-
date writes (candWs), operation type (type: read, range query,
or iterator), and, when available, the version set (verSet) for
predicate queries.

To construct the ASG, BooMSLANG scans committed trans-
actions and creates graph nodes according to the target isola-
tion level. It collects writes and deletes in the write history,
then builds the read lineage by matching returned keys and val-
ues against candidate writes. Dependencies determined from
the trace are added as edges to the known graph; ambiguous
read origins remain as candidate sets for semantic analysis.

For the running example (Figure 3(b)), BooMsLANG creates
one node for each of T1—T4. The write history of x records
(T1,4), (T>,5), and (T4, 5) together with the logged version
order, from which the parser adds the known edges T AN o

and T —5 Tj. The read lineage maps the returned pair (x,5)
to T3’s read, whose candidate writers are {75, T4}. Since the
trace cannot distinguish the two candidates, the parser adds no
read dependency for 73 and leaves the ambiguity to semantic
analysis (§5). Had each value been unique, the candidate set
would contain only one transaction, for example, 7.

S Semantic analysis with superpositions

The semantic analysis phase lowers the ASG to BooMSLANG’s
low-level IR, which consists of simple directed graphs, first-
order logic expressions, and superpositions—a new abstrac-
tion. BoomsLaNG introduces superpositions to represent het-
erogeneous uncertainty in a shared IR that different semantic
modules can generate.

5.1 Challenges of representing heterogeneous
uncertainty

Extending isolation checking to different operations and work-

load assumptions requires a shared representation of ‘“known

unknowns’: dependencies between transactions that must ex-
ist but cannot be fully identified from the trace. Two common
cases illustrate the issue:

1. Phantom ambiguity: if scan (x, z) does not return y
€ [x,z), it is unclear whether y was never inserted
or deleted, especially when the trace contains multiple
put (y,...) and del (y) operations.

2. Read lineage uncertainty: with duplicate writes, e.g., T,
and T4 both executing put (x, 5) in the running example

(Figure 3(a)), a later read of x — 5 does not reveal which
write it observes.

These are just two examples. Such uncertainties can also inter-
act, as in traces combining range queries, physical deletions,
and duplicate writes. Representing them in a common IR
allows modules for new semantics to reuse the same optimiza-
tions and constraint-generation back-end.

5.2 Abstracting unknowns using superposition

We introduce superposition, a unified representation that ab-
stracts unknowns. Building on established reasoning about
unknown orders and dependencies [30, 35, 44, 70], Boom-
SLANG makes heterogeneous uncertainty a first-class IR ab-
straction. We borrow the term from quantum mechanics; su-
perposition indicates a situation where two or more states are
added together (superposed). However, when measured, the
superposition commits to a single state.
Superposition is defined as follows:

{possibility,, possibility,, - - - , possibility,)

It is a tuple of n possibilities. Each possibility indicates one
way to explain the observed events. In reality, one and only one
possibility is true, but due to unknowns, it is unclear which
one is the ground truth.

For example, if a black-box database is serializable, two
concurrent transactions (say 7; and 7;) writing to the same
key must be ordered. However, due to the black-box setup, the
order of the two writes is unknown, leading to a superposition:

(51, 1, 5 1),

reading as, either T; commits before 7} or vice versa.

A missing key in a range query can create another super-
position. Consider a key x that falls within the range queried
by T, and appears elsewhere in the trace but is not returned.
The key must either have been absent initially or have been
deleted before the query. If Ty represents an initially absent x

and 7y,, ..., Ty, are candidate transactions that delete x, the
alternatives are:
pwr pwr pwr
(To — Ty, Tay — Ty, ..., Ty, — Ty).

If x existed initially, the Ty alternative is omitted.

Running example, continued. We use the running example
to illustrate why unknowns are challenging and how super-
position abstracts unknowns. Figure 4 varies how much the
trace reveals about it: whether the version order (VO) is avail-
able, and whether written values encode their writer IDs using
subscripts (e.g., 572). The running example as parsed in §4.2
corresponds to Figure 4(c).

We start with no unknowns (Figure 4(a)). The trace is serial-
izable, because there exists a serial execution of transactions:
T, — T, — Tz — T4. The dependencies between writes

(T, N T> and T, N T4) come from version order, which
requires the white-box setup, while T, 2, T; follows from



(a) no unknowns
(VO + encoded values)

W(x=471) W(x=4r) W(x=4) W(x=4)
T Tl,?«-._ T Tl,y?(-._ T "
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W(x=574) W(x=574) W(x=5) W(x=5)

(b) w/o VO
(encoded values)

(c) w/o encoded values
(running example, Fig. 3)

(d) w/o VO and
w/o encoded values

(e) low-level IR of (c)

Figure 4. Unknowns and superpositions for the running example (Figure 3(a)) under different trace assumptions for checking serializability.
Nodes are transactions; solid edges are known dependencies, dashed edges are possible dependencies from superpositions, and dotted edges are
inferred anti-dependencies. (a) Both the version order (VO) and encoded values (e.g., 57») are available, so nothing is unknown. (b) excludes
the version order; (c), the running example, excludes the encoded values; and (d) excludes both. (e) is the low-level IR that semantic analysis

generates for (c) (§5.3).

the encoded value 57, read by 73. Finally, 73 must be exe-
cuted before T4 because otherwise the 75 should have read
Ty instead of T,. Such anti-dependencies are considered in
serializability and snapshot isolation.

Next, we remove the white-box setup, so the internal sched-
uling information version order is unknown. Thus, although
T, T», and T4 must be totally ordered as writes to x, their exact
order is unknown. Thus, the unknown write order yields pair-
wise superposition: (T1 — Ty, To — T1), (T1 — Ty, T4 —
T,), and (T, — T4, T4 — T,), shown as double-arrowed
dashed edges in Figure 4(b). They also imply two possible
anti-dependencies, shown as dotted edges.

If we restore the white-box setup but remove the encoded
values, reading 5 cannot distinguish whether 73 reads from
T, or Ty, since both write x = 5. This yields superposition
(T, — T3, T4 — T3), shown as dashed edges in Figure 4(c);
the dotted edge denotes the possible anti-dependency. This is
exactly the running example: the candidate set {75, T4} in the
ASG’s read lineage (Figure 3(b)) becomes this superposition.

Finally, in a black-box setup without encoded values, all
the above superpositions coexist and, more importantly, com-
pound. For example, the dotted edge 75 — T» appears only if
T reads from T4 and T, precedes 7> on x. Although neither is
true in the ground truth, both remain possible under the com-
bined unknowns when version order and read dependencies
are not available.

5.3 Semantic analysis: generating low-level IR

Intermediate representation (IR). In the semantic analysis
phase, BooMsLANG transforms the ASG into low-level IR. Cru-
cially, lowering the ASG into the IR generates superpositions,
which logically represent the set of possible DSGs [30, 31] that
would explain the trace. Figure 5 depicts this transformation.
BoomsLANG’s low-level IR consists of three components: a
simple graph (g in Figure 5), logical expressions (exp) across
edges—treated as boolean variables where true indicates exis-
tence and false indicates absence—and superpositions (supp)
that capture unknowns in the trace.

O 0NN B W —

global ASG # read only

def genIR():
g,supp,exp = ASG.g, {},{} # init low-level IR
g,supp,exp = genReadDep (g, supp, exp)
. # the other dependency passes

# user—-defined modules
userModules = [genSessionDep, ...]
# the "ctx" is from envelope tracing interface
for f in userModules:
g,supp,exp = f(g, supp, exp, ctx)

return g, supp, exp

# an example of dependency pass
def genReadDep (g, supp, exp):
lineage = ASG.readLineage
for (k,v) in lineage:
for entry in lineage[ (k,Vv)]:
if entry.candW.size() == 1:
# if write is unique, add a known edge
g.Edges.add(...)

else:
# if multiple possibilities, add a superposition
supp.add(...) # e.g., <T2->T3, T4->T3>

return g, supp, exp

# an example of user-defined module
def genSessionDep (g, supp, exp, ctx):
for (idl, id2) in ctx['session']: #
g.Edges.add (idl,1d2) #
return g, supp, exp

ession order

s
enforce this order

Figure 5. Transforming ASG to low-level IR. This describes the
logical transformation flow. In practice, the implementation combines

common dependency passes to improve efficiency. )
The IR is also the composition point for encoding isolation

definitions. Rather than implementing an isolation level as
a monolithic checker, BoomsLANG builds it by composing
dependency-generating modules over this IR and then apply-
ing the isolation-specific graph acyclicity condition. Each
module contributes one class of facts or unknowns, such as
read-dependencies, write-dependencies, or anti-dependencies.
For serializability, BoomsLaNG composes the modules that
construct the full DSG and checks acyclicity. For read commit-
ted, BooMsLANG reuses the common graph structure but ex-
cludes anti-dependency modules. For SI, BooMsSLANG reuses
the relevant dependency modules and lowers transaction to
a begin-commit granularity. New semantics can therefore be



encoded by reusing existing modules, adding a module for a
new dependency type or hint, and changing the final graph
acyclicity condition, without changing trace parsing or the
SMT backend.

To construct this IR, BoomsLANG processes the ASG
through multiple passes, generating each required dependency
type one at a time. Each dependency-generating pass analyzes
the ASG to determine whether a dependency exists between
two nodes. Crucially, isolation levels define the conditions
under which dependencies should exist, but the trace might
not offer enough information to definitively establish these
conditions. For example, when generating read dependencies
in genReadDep (. . .), if there is only one possible write
that could have produced a value, we add a known edge
to the graph (line 22, Figure 5). However, when multiple
possibilities exist, we create a superposition to represent
this uncertainty (line 25, Figure 5). These superpositions,
along with logical expressions for anti-dependencies, form
the core of our low-level IR’s ability to represent complex
dependencies and unknowns. For example, suppose 7, writes
key x, T, reads that write, and 7, later overwrites it. The IR
records the conditional anti-dependency as:

WW(X) wr(x) TW(X)
(Tw — Ty ATy —>T,) =T, — T, (1)
The anti-dependency holds when both the write order and
read-from relationship hold.

In the running example, genReadDep finds two candi-
date writers for T3’s read and therefore adds the superposi-
tion (T AN T3, Ty AN T3) (line 25, Figure 5). The anti-
dependency pass then instantiates Eq. 1 with T,,=T,, T,=T3,
and T,,=Tj; because T> N Ty is already known, the expres-

sion reduces to T» N T; = T; SN Ty. If T5 read from Ty
instead, no anti-dependency arises, since no transaction over-
writes T4’s write. Figure 4(e) shows the resulting IR, which
represents two possible DSGs, one for each read-from choice.

User-defined modules. BoomsLANG’s modular design en-
ables extension through user-defined modules. Users will
write a module function (described in the figure below) whose
inputs are the low-level IR after common passes and the hints
logged in envelope tracing. User modules also have access to

global ASG # read only
def f(g, supp, exp, hints):
. # user can access ASG and update g, supp, exp

return g, supp, exp

registerUserModule (f) # add f to the list userModules

the read-only ASG. Within the module, users can manipulate
the low-level IR to describe their own semantics. Figure 5
gives a simple module example supporting session ordering
dependencies, genSessionDep (.. .).User-defined mod-
ules and any logged hints they use to constrain the IR are
trusted inputs. BOoMSLANG’s correctness guarantees depend
on their validity. This extensibility ensures that BooMsLANG

can adapt to different isolation levels and incorporate various
sources of information while maintaining a consistent overall
approach.

6 Optimization and constraint generation

As a unified framework, BooMsLANG enables sharing opti-
mizations across different encodings and checkers. Below are
three optimizations that significantly accelerate solving.

Topological prioritization. Each superposition contains mul-
tiple possibilities, and solving involves searching through
these possibilities. However, off-the-shelf solving treats all
possibilities equally, searching them in a random order. Topo-
logical prioritization addresses this inefficiency by prioritizing
possibilities that are more likely to be true within the superpo-
sition. In particular, we topologically sort the existing graph
and use the resulting node order as the priority. For example,
consider a superposition (T; — T, T; — T;). If T; is topolog-
ically ordered before 7}, the checker then prioritizes exploring
T; — T; over the other possibility. When known dependencies
already constrain much of the order, this prioritization can
find a satisfying assignment without exploring many alterna-
tives. It changes only the search order, without excluding any
feasible solution.

Reachability pruning. Node reachability serves as a powerful
tool to eliminate superpositions [75, §3.3]. For example, if a
path T; ~ T; exists in the graph and this path together with
the candidate edge 7; — T; would form a cycle forbidden by
the target isolation level, then T; — T; can be pruned from the
superposition (I; — T;, T; — T;). The superposition then
reduces to the known edge T; — T;. Pruning this forbidden
alternative cannot exclude a valid execution. We precompute
the graph’s transitive closure to accelerate reachability checks
and reduce the search space before SMT solving. Traces with
many unresolved, interacting alternatives remain difficult.

Improving rejection performance with unsat search. Prov-
ing unsatisfiability is challenging for today’s checkers. For
example, Viper significantly underperforms with unsat traces,
occasionally even timing out [85, Figure 15]. The fundamen-
tal reason is that rejecting a non-trivial unsat trace requires
proving that no set of possibilities satisfies specifications.
Though challenging, proving unsatisfiability for real-world
database executions exhibits some characteristics. We observe
that unsat traces often have small “unsat cores”: a small set
of transactions that already violate the specifications. This
matches Cui et al.’s study of 140 real-world transaction bugs,
where 93.6% involved at most three transactions and all in-
volved at most five [45, Finding 4]. We hypothesize that viola-
tions usually arise from corner cases under high concurrency,
so the faulty transactions tend to occur close together in time.
Leveraging this observation, unsat search partitions a trace
into smaller sub-traces and checks them individually. If a
sub-trace retains a small unsat core, the checker can prove



the violation without resolving unrelated ambiguities in the
full trace. This can substantially reduce rejection time, but
depends on keeping the bug-inducing transactions together.

The guarantee of unsat search is that if it rejects, then the
original trace is unsat. This is because the unsat core identi-
fied during the unsat search is also a valid unsat core for the
original trace. However, failing to find an unsat core does not
necessarily imply that the original trace satisfies the speci-
fications, as unsat cores may span across sub-traces. In this
case, it therefore still requires solving the complete encoding.
Here, our earlier observation becomes critical: if unsat cores
are typically small, the likelihood of all these cores being split
across different sub-traces is low. Our current implementa-
tion assigns graph nodes to subgraphs at random, then checks
each induced subgraph. It does not group nodes using concur-
rency information. Designing and evaluating deterministic or
learned grouping heuristics is future work.

Constraint generation. After optimizations, BoomsLaNG
emits constraints based on the low-level IR. It creates a
Boolean variable for each edge: True represents the existence
of an edge; False means otherwise. For edges in the IR’s graph
g, BooMsLANG assigns them to be True. For logical expres-
sions exp like implications (e.g., Eq. 1), BOOMSLANG emits
corresponding SMT formulas directly. For each superposition
in the set supp, say (e1,e2,...,e,), BOOMSLANG ensures
that one and only one of the possible expressions is True,

by VL, (ei A Njgi —|ej). Finally, BooMmsLANG adds isolation

correctness constraints—typically graph acyclicity—based
on the isolation level definition being verified. For the running
example (Figure 4(e)), BoomsLANG sets T AN T> and
T, N T4 to True, requires exactly one of T, N T5 and
Ty <5 T to be True, emits T, ~— T3 = T3 —> Ty, and
requires the resulting graph to be acyclic. Either choice yields
an acyclic graph (e.g., 71 — Tp — T3 — T4 when T3 reads
from 7>), so the solver returns sat and BooMsLANG accepts
the trace.

Why BoomsLaNG works well in practice. Checking black-
box traces is NP-complete in general [38, 39, 70], and Boom-
sLaNG does not change the worst case. However, practical
traces are far from adversarial: read values restrict candidate
writers to matching writes, and known dependencies and ses-
sion order constrain transaction order. For correct traces, de-
pendencies are structured by the database’s concurrency con-
trol protocol: for example, although serializability permits a
much later transaction to precede an earlier one in the seri-
alization order, such large inversions are rare. Reachability
pruning and topological prioritization exploit this regularity.
For buggy traces, a violation usually involves only a few con-
current or nearby transactions, so a small unsatisfiable portion
of the trace suffices to reject it; unsat search looks for such

portions. These optimizations preserve soundness and com-
pleteness, but pathological or adversarial traces can still cause
BooMSsLANG to time out.

7 Implementation

We implement BooMsLANG in Java, consisting of approxi-
mately 14K lines of code (LOC). This includes around 0.6K
LOC of building the ASG, 1.7K LOC of converting ASG
to low-level IR, 1.1K LOC of optimizations, 1.9K LOC of
translating IR to SMT clauses, and other utilities.

8 Experimental evaluation

In this section, we evaluate BoomsLANG along three dimen-
sions: (1) its extensibility, demonstrated through support for
diverse configurations, checker implementations, semantic
customizations, and module reuse; (2) its effectiveness in
practical use cases; (3) its performance. The evaluated artifact
is publicly available.!

Setup. Unless otherwise noted, all experiments are run on a
12-core AMD Ryzen 5900 machine, with 64GB of memory
and Ubuntu 20.04. The checker uses at most 40GB of memory,
and we run 24 concurrent clients by default.

8.1 BooMmsLANG supports all existing configurations

Configuration space. We evaluate BooMsSLANG across all
known configurations, in terms of isolation levels, bench-
marks, and databases.

Isolation levels. We experiment with six well known isola-
tion levels: strict serializability (SSER), serializability (SER),
snapshot isolation (S7), repeatable read (RR), read committed
(RC), and PL-2+ defined by Adya [30, §4.1].

Benchmarks. We experiment with nine existing benchmarks
from prior work [75]: RUBIS [20], Twitter [2], TPC-C [24],
BlindW-C [3, 4] from Cobra [75]; ListAppend-J from Jepsen;
BlindW-T [84] (to distinguish from Cobra’s BlindW-C bench-
mark), Retwis [84] from Tapir [84], BlindW-E from Port [64];
and the built-in filesystem performance testing benchmark
from JuiceFS [12].

We also reimplement BlindW (to distinguish from
BlindW-C and BlindW-E). Further, we implement two
additional benchmarks focusing on range queries, iterators,
and physical deletions, without the unique value assumption.

e RandomBench: this benchmark includes all the operations
that we support, including reads, writes, range queries,
true deletions, and iterators. No prior black-box checkers
support this benchmark. Written values are non-unique,
and each transaction has 8 operations.

e RandomRange: this benchmark evaluates range queries.
Each transaction has 8 operations, with 20% range queries
and 80% other operations (reads, writes, deletions, and
read-modify-writes).

"https://doi.org/10.5281/zenodo0.23203856
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Iso. Database #Txns App Runtime
. 132K  BlindW-T 1.14s

SSER  Tapir [84] 9.1K  Retwis 0.63s
10.5K  BlindW-C 4.45s

SER CockroachDB 25.1.4 [74] 173K TPC.C 18.54s
9.8K  RUBIS 2.81s

SER  PostgreSQL 15.2 [19] 10.1K  Twitter 2.43s
10.4K  BlindW-C 4.4s

SER YugabyteDB 2.25.1.0 [27] 153K TPC.C 10,655
. 5.8K  JuiceFS 1.2.3 10.03s

St TiKV7.60 (23] 10K RandomBench  370.81s
10.3K  RUBIS 4.08s

SI YugabyteDB 2.25.1.0 [27] 104K Twitter 4425
SI TiDB 8.5.4 [22] 10K RandomRange 16.76s
RR MariaDB 12.1.2 [14] 10K  BlindW 3.25s
RR MySQL 9.5.0 [15] 10K BlindW 2.47s
PL-2+  Port [64] 0.8K*  BlindW-E 0.2s
10.1K  BlindW-C 2.99s

RC PostgreSQL 15.2 [19] 146K TPC-C 5046
RC MariaDB 12.1.2 [14] 10K BlindW 5.33s
RC MySQL 9.5.0 [15] 10K  BlindW 5.63s

Figure 6. BoomsLANG can check various combinations of isolation
levels, databases, and workloads.

* Checking PL-2+ is challenging, and BoomsLANG does not scale
to 10K transactions as it does for other isolation levels.

Checker Gen. IR Pruning Gen.SMT Total LOC
BoomsLanG SSER 55 107 180* 245
BoowmsLang SER 51* 107 180" 241
BoomsLaNG RR 59 10f 180" 249
BooMSLANG SI 95 10 180* 285
BoowmsLaNG RC 48 107 180* 238
BoomsLANG PL-2+ 51* 36° 178 265
BoowmsLanG CS 51* 36° 277 364
BoowmsLang PL-FCV ~ 51* 36° 226 313

Figure 7. Lines of code (LOC) for each checker component: IR
generation (Gen. IR), pruning, and SMT encoding.

T,* ,*,¥ means this component is shared across checkers. For ex-
ample, BoomsLANG SER/PL-2+/CS share the same component of
converting ASG to low-level IRs.

Databases. We experiment with nine databases: Post-
greSQL [19], YugabyteDB [27], CockroachDB [74],
TiKV [23], Tapir [84], Port [64], MariaDB [14], MySQL [15],
and TiDB [22].

Experimental results. We evaluate the generalizability of
BoowmsLaNG by applying it to check all mentioned isolation
levels across a diverse set of benchmarks and databases. Fig-
ure 6 shows a subset of the results. Note that we present only
a single trace for each configuration for demonstration pur-
poses, not for performance evaluation. RandomRange and
RandomBench can only be checked by BooMsLANG since
they have operations that existing checkers cannot handle. We
only present the result of Port on a relatively small trace. Even
though both PL-2+ and Port are related to the notion of trans-
actional causal consistency, it is unclear whether Port provides
PL-2+, but its traces pass our checking. The benchmarks are
all run as-is, without any modifications.

Checker Original LOC LOC in BooMsLANG
Cobra [75] 16.6K 271
Viper [85] 2.9K 281
PolySI [53] 34K 798

Figure 8. Lines of code (LOC) for Cobra/Viper/PolySI’s original
system and their implementations in BooMsLANG.

8.2 Implementing new checkers made easy

BooMsLANG is an extensible framework. To demonstrate this,
we implement eight different checkers and measure their lines
of code (LOC) for different phases. Figure 7 shows the results.
The eight checkers cover strict serializability, serializabil-
ity, snapshot isolation, repeatable read [30, 34], read com-
mitted [30, Section 3.2.2], PL-2+ [30, Section 4.1], cursor
stability [30, Section 4.6], and PL-FCV [30, Section 4.6].
Prior systems already support some of them under specific
workload assumptions. For example, Plume [61] checks read
committed assuming unique written values for each key. Elle’s
list-append analysis [56] uses uniquely appended elements to
infer version order and read-from relationships and achieve
soundness. Our new encodings lift all those assumptions and
support range queries, iterators, and physical deletions. Fig-
ure 7 shows that all the checkers are implemented with <370
lines of code. BoomsLaNG makes module reuse easy: four
checkers—BoomsLaNG SER, PL-2+, CS and PL-FCV—share
the same conversion code from ASG to IR, because their IR
needs the same types of superpositions and first-order expres-
sions. Another five checkers (BoomsLaNG SSER, SER, RR,
SI, RC) share the same pruning strategies because they all
require no-cycle property in a graph with all dependencies.

8.3 Replicating existing checkers

To further illustrate BoomsLANG’s flexibility, we reimplement
three existing checkers: Cobra, Viper and PolySI. Figure 8
shows the results. We also include the LOC of their origi-
nal implementations. The original implementations require
approximately 4.3—-61 times as many lines of code as their
counterparts in BOOMSLANG.

8.4 Case Study

Case #1: discovering a new bug in TiDB. While running
benchmarks on TiDB 8.5.4, BooMmsLANG detected an isolation-
level violation in pessimistic mode under repeatable read.
After another transaction commits an update, a transaction
that writes the same value to the same column of the same row
may subsequently read its old snapshot value instead of its own
write. We reported the issue [16], and the TiDB developers
acknowledged it as a moderate-severity bug.

Case #2: catching bugs in PostgreSQL 12.3 and MariaDB
10.6. BooMsLANG can serve as a test oracle for concurrency
testing. We evaluate this by running our benchmarks on two
known-buggy databases, PostgreSQL 12.3 and MariaDB 10.6,
and using BoomsLANG as the oracle. BoomsLANG reliably



catches bugs within tens of runs. For PostgreSQL, it identi-
fies the expected G2-item anomaly and additionally detects a
general G2 cycle involving range queries under serializability,
which existing checkers cannot capture. On MariaDB, it re-
discovers a repeatable-read anomaly [26] where a read after
an update observes the transaction’s initial snapshot; this bug
requires non-unique values, another case unsupported by most
existing checkers.

Case #3: auditing file system metadata operations. JuiceFS
uses TiKV as its metadata storage, making metadata integrity
dependent on TiKV’s transactional guarantees. The metadata
integrity is critical to file system correctness, and developers
can use BoomsLANG to audit if the underlying metadata stor-
age actually provides the claimed guarantees. Notably, JuiceFS
uses the full APIs—Get/Set/Iter/Delete—beyond the
support of existing checkers. Figure 6 reports one such result
for JuiceFS 1.2.3.

Case #4: customizing checkers for vendor-specific behavior.
MariaDB’s repeatable read mixes MVCC snapshot reads with
locking reads/writes (e.g., SELECT FOR UPDATE) that ob-
serve the latest committed state, so its behavior does not
match any standard isolation level and cannot be modeled
by existing checkers. With BooMsLANG, we support this se-
mantics by partitioning each physical transaction into logi-
cal sub-transactions: locking reads and writes start new sub-
transactions with fresh views, while snapshot reads remain in
earlier ones. This modification requires only 85 LOC changes
in front-end, where BooMsLANG parses and structures trans-
actions accordingly. With this customization, BooMSLANG
accepts traces permitted by MariaDB’s repeatable-read se-
mantics but rejected under the standard definition. Note that
this partitioning strategy is not a tight checker, as it intention-
ally relaxes certain intra-transaction constraints.

Case #5: supporting mixed isolation guarantees. Beyond
standard isolation levels, databases often provide additional
guarantees such as read-your-own-write (RYOW). In our ex-
periments, we observe that databases differ in whether and
how they support RYOW within a transaction. BoomsLANG
accommodates these variations by implementing three RYOW
policies within 38 LOC changes: must read your own writes,
must read externally, and may read from either. These policies
can be inferred automatically or specified by the user, enabling
flexible support for mixed isolation guarantees.

Case #6: confirming a theoretical hypothesis: timestamp
inversion pitfall. Lu et al. [62] identify a potential issue in
many timestamp-based transaction protocols, named times-
tamp inversion pitfall. They provided a counterexample in
the appendix of their paper’s extended version [63]. Using
BoowmsLaNng, we successfully confirm this phenomenon in
practice: we found a trace from Tapir that is serializable but
not strictly serializable, demonstrating a real instance of the
timestamp inversion pitfall.

Case #7: enabling fair comparison across checker
encodings. Multiple encodings have been proposed for
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Figure 9. Checking SI: a fair comparison between PolySI’s and
Viper’s encodings
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Figure 10. Checking serializability: BoomsLaNG and Cobra.

checking the same isolation level, such as snapshot isolation.
We reimplement these encodings in BooMsLANG to enable
a fair performance comparison, removing differences due
to implementation-specific factors. Figure 9 compares two
encodings—originally from Viper and PolySI—on the
same traces: the BlindW-C benchmark with 10K to 40K
transactions. We ran this experiment on a 12th Gen Intel Core
i5-12400 processor. Viper’s original implementation is slower
than PolySI’s due to its Python implementation and PolySI’s
specialized optimizations. However, when comparing only
the encodings, Viper’s encoding outperforms PolySI’s—an
insight made possible only by a unified framework like
BooMsLANG.

8.5 Performance evaluation

Baselines. We compare BoomsLANG with four state-of-the-
art checkers: Cobra [4], Viper [25, 85], PolySI [18, 53], and
Elle [56]. They are the most closely related work. The first
three work in a black-box setup and assume unique value:
Cobra targets serializability, while Viper and PolySI target SI;
Viper also supports range queries with tombstone. Elle is a
grey-box checker that supports multiple isolation levels; its
ListAppend mode exposes version order for sound checking.
We compare BoomMsLANG’s performance with baselines us-
ing CobraBench [3]. Benchmarks are executed on PostgreSQL
with session orders, as required by the baselines.
Checking serializability: BoomsLANG versus Cobra. We
compare BoomsLANG with Cobra on the problem of check-
ing serializability. We run CobraBench with 10K transactions
for each benchmark. Cobra relies on GPU acceleration, and
thus its scalability is fundamentally constrained by GPU mem-
ory. On our 3060 Ti GPU, Cobra cannot handle 20K transac-
tions and hence 10K transactions are used for the comparison.
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Figure 10 shows the results. Compared with Cobra, Boom-
SLANG achieves comparable or better results, except for TPC-
C. BoomsLANG has additional topological prioritization that
Cobra does not have, which can guide the process of assign-
ing values to edge variables, and hence BooMsLANG is faster
than Cobra on all the traces that have superpositions. This
comparison uses CobraBench’s TPC-C benchmark, which
encodes unique values to satisfy Cobra’s assumptions, mak-
ing read-from relationships directly identifiable. Moreover,
all writes are read-modify-writes, so these read-from relation-
ships also determine the write order for each key. Together,
these properties leave no ambiguity in read-from relationships
or write orders, and hence no superpositions in these traces.
BoomsLaNG consequently pays the bookkeeping overhead
of its generalized IR without benefiting from its ambiguity-
handling optimizations, explaining the slowdown relative to
Cobra.

Checking SI: BoomsLANG versus Viper and PolySI. Fig-
ure 11 compares the runtime performance of BoomsLANG
against Viper and PolySI across four workloads with 50K
transactions. Viper reaches the 300-second timeout (TO) on
BlindW-C, RUBIS, and Twitter, indicating Viper fails to scale
computationally for large workloads with many superposi-
tions. On these workloads, BoomsLANG completes the checks
faster than PolySI, including a 2x speedup on Twitter (117.2s
vs. 234.6s) and a reduction from 109.4s to 78.9s on RUBIS.
Both BoomsLaNG and PolySI run out of memory on the 50K-
transaction TPC-C trace, whereas Viper completes the check.
Repeated updates to the same keys in TPC-C produce long
version chains. Although read-modify-writes reveal their or-
der, BoomsLANG’s modular dependency generation relies on
write-dependencies between nonconsecutive versions to de-
rive anti-dependencies. Explicitly materializing these transi-
tive write-dependencies and anti-dependencies exhausts mem-
ory. Viper instead retains only consecutive version-order edges
and completes the check. PolySI’s generalized constraints also
encode transitive write-dependencies, exhausting memory dur-
ing pruning.

Checking serializability: BoomsLANG versus Elle. In this
experiment, we run Jepsen’s ListAppend-J benchmark and
vary the history collection time, which is approximately pro-
portional to the number of transactions. We compare the check-
ing time of BoomsLaNG with Elle, used out of the box. We
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Figure 13. Decomposition of BooMmsLANG runtime of BlindW-C
(2K keys, 32 threads, 10K txns) under different settings.

adopt 24 sessions. Figure 12 shows the results. The perfor-
mance is comparable, yet BooMsLANG has a greater slope
than Elle. This difference reflects BoomsLang’s SMT encod-
ing overhead as expected. Excluding encoding but retaining
solving time, BooMsLANG performs similarly to Elle.
Ablation study. We measure how pipeline phases and opti-
mizations contribute to runtime. We evaluate BooMsLANG
with BlindW-C benchmark on PostgreSQL under serializabil-
ity. We vary the configurations of serializability checkers with
various optimizations: (a) BoomsLang: BooMmsLANG with both
optimizations; (b) noPrio: BooMsLANG serializability checker
without topological prioritization; (c) noReach: BooMSLANG
serializability checker (§6) without reachability pruning. (d)
noOpt: BooMsLANG serializability checker with no optimiza-
tions. We measure the runtime of BoomsLang’s different
phases: parsing, constructing, optimization, encoding, and
solving. Figure 13 shows the results. BooMsLANG times out
(>600s) without optimizations. With topological prioritiza-
tion, BoomsLANG (the noReach bar) becomes solvable be-
cause topological prioritization has a better guided search in
the solving process. With reachability pruning, BooMsLANG
(the noPrio bar) is faster than the noReach bar because many
superpositions have been pruned.

Runtime vs. #superpositions. In this experiment, we study
the relationship between checking time and the number of
superpositions. Figure 14 shows that checking time grows
superlinearly with the number of superpositions, as expected
since serializability checking is NP-complete [70].
Detecting real-world violations. To confirm BooMsLANG’s
ability to catch real-world anomalies, we check 15 known
violation traces from online repositories [5, 8, 17, 21, 58] and
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Iso. Anomaly Database #Txns Time

G2-anomaly [7]
Lost updates [1]

Yugabyte™ 1.3.1.0 372K 1.6s
Yugabyte 1.1.10.0 2.8K 25.55s

G2-anomaly [6] CockroachDB beta. 446 0.08s
Read uncommitted [13] CockroachDB 2.1 20* 0.05s
SER Read skew [9] FaunaDB 2.5.4 8.2K 14.05s
Fractured reads [49] Tapir 547 0.07s
Fractured reads [49] Tapir 480 0.06s
G1l-anomaly [30] Tapir 13156 0.68s
G2-anomaly [30] Tapir 9082 0.66s
Lost updates [10] MongoDB 4.2.6 23.2K 0.28s
Aborted read [10] MongoDB 4.2.6 2.2K 0.08s
Glc-anomaly [10] MongoDB 4.2.6 1.1K 0.07s
SI Read future writes [10] MongoDB 4.2.6 4.6K 0.14s
Read skew [11] TiDB 2.1.7 9.1K 0.2s
Non-repeatable read [48] MariaDB* 10.4.22 1K 0.16s
G-SI-anomaly [30] Yugabyte 2.11.1 20 0.05s
SSER Time inversion [62] Tapir 68 0.05s
PL-2+ Thin-air read [66] AntidoteDB 0.2.2 120 0.03s

Figure 15. BoomsLANG detects real-world violations. “CockroachDB
beta.” represents CockroachDB-beta 20160829.

* The report only contains a small fragment of the original trace.

* This is short for MariaDB-Galera.

¥ This is short for YugabyteDB.

three new Tapir traces we collected by running a slightly mod-
ified BlindW-T benchmark on a single machine. These traces
cover four isolation levels: serializability, snapshot isolation,
strict serializability, and PL-2+. Figure 15 shows the results.
BoowmsLANG detects all the violations within 26s.

9 Related work

Database checkers. Prior isolation checkers make different
tradeoffs among observability, workload generality, and ex-
tensibility. Jepsen [8] is a complementary testing framework
that runs workloads, injects faults, and records histories for
analysis with Elle [56]. Elle is a highly influential checker
that uses ListAppend to expose hidden dependencies for bug
finding, while some modes trade soundness for coverage. Cai
et al. [40] extend Elle to workloads that write duplicate val-
ues by tracking finer-grained, operation-level dependencies.
Cobra [75], Viper [85], and PolySI [53] provide sound and
complete checking in their target settings using specialized
graph encodings, with unique values identifying read-from
relationships in read/write traces. VeriStrong [41] checks SER
and SI without the unique-value assumption. BooMsLANG em-
phasizes extensibility, allowing users to implement custom
modules that reproduce the functionality of above checkers.
dbcop [37, 38] supports multiple isolation levels by check-
ing whether a read/write history with unique values admits a
commit order satisfying the target model’s axioms. Plume [61]

uses anomaly characterizations and vector and tree clocks to
efficiently check read committed, cut isolation, read atomicity,
and transactional causal consistency on read/write histories
with unique values. BoomsLANG builds on insights from these
approaches and incorporates some of their optimizations.

Ouyang’s checker [69] uses internal execution information
to efficiently check MongoDB’s SI variants. Emme [42] and
its extensions [43] use version certificate recovery to obtain
database-internal version orders and version sets for efficient
checking of predicate operations. Chronos [57] uses database-
provided timestamps for fast checking of SI and SER, and
MTC [78] restricts workloads to mini-transactions so that
SER and SI can be checked in near-linear or quadratic time.
Users can provide the above internal information as hints to
BoowmsLaNG to improve checking efficiency.

Reasoning about unknowns. Reasoning over unobserved
orders and dependencies has a long history. Bernstein and
Goodman [35] characterize multiversion serializability
through the existence of a version order yielding an acyclic
serialization graph. Papadimitriou’s polygraphs [70] represent
choices among alternative orderings. Adya’s predicate
dependencies [30] depend on the versions selected for a
predicate read and whether later writes change which objects
match it. Seeing is Believing [44] specifies isolation through
the existence of an execution satisfying per-transaction
commit tests. BoomsLANG builds on these foundations with a
first-class IR unifying heterogeneous uncertainty, so semantic
modules can reuse optimizations and constraint generation.

Testing and other consistency checking. Bug-finding sys-
tems such as TxCheck [54], Troc [47], and Leopard [59, 60,
80], as well as cloud-storage consistency testers [55, 65, 72,76,
83], often trade soundness or completeness for performance,
and may instrument user workloads to expose database states.

10 Conclusion

We presented BoomsLANG, an extensible framework for
checking transaction isolation. Its superposition-based IR
unifies heterogeneous uncertainty, supporting non-unique
values, range queries, iterators, and physical deletions. We
demonstrate extensibility with eight new isolation-level
encodings and reimplementations of Cobra [75], Viper [85],
and PolySI [53]. Module and optimization reuse reduces
implementation effort and enables fair comparisons across
encodings. Our evaluation demonstrates database bug finding
and file-system metadata checking, with comparable or better
performance on shared benchmarks. Nevertheless, guarantees
require complete relevant traces and pathological traces may
still time out.
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