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Thesis Summary

This thesis studies whether data dependent database bug behavior can be retained after dif-
ferentially private relational synthesis, so bugs can be reported without sharing raw produc-
tion data. The motivation is practical: bug reports often need realistic data characteristics
to reproduce execution failures, but sharing production data can violate privacy and policy
constraints. The work therefore focuses on a reproducibility-retention question: can synthetic
data preserve bug triggering behavior well enough to support actionable reporting?
The methodology follows a two-stage pipeline. First, candidate bugs are identified and filtered
from public reports using structured acceptance criteria. Second, selected cases are adapted
into a reproducible MySQL harness with schema constrained synthesis and deterministic
execution checks. The adaptation process prioritizes trigger preservation, realistic schema
level implementation, and measurable observability. This is intended to make results both
auditable and repeatable across runs.
The evaluation centers on two MySQL optimizer bugs, 111669 and 74602, using StackOverflow-
derived relational source data and corresponding synthetic datasets produced with dp-relational.
Experiments sweep configuration settings, including privacy and workload parameters, and
compare source-data and synthetic-data outcomes under matched execution conditions. The
thesis reports both primary reproduction outcomes and supplementary robustness checks so
that retention results are interpreted with clear operational context.
Results show that synthetic-data bug reproduction is feasible, but strongly configuration de-
pendent. For bug 111669, the key timeout asymmetry between fast component subqueries
and slower combined predicates is retained across tested epsilon sweeps in the default capped
setup, even without post synthesis scaling. For bug 74602, a fixed-structure boundary sweep
retains reproduction down to epsilon 1.8, then fails at lower tested points, while a separate
operating-point search identifies a practical reproducible setting.
The thesis also clarifies the privacy accounting boundary. Formal differential privacy guar-
antees apply to synthesis stages, while data dependent wrapper steps outside synthesis limit
strict end-to-end claims over raw input data. Taken together, the findings provide a repro-
ducible basis for privacy aware bug reporting workflows and motivate future automation of
bug targeted synthesis configuration search.
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ior can be retained after differentially private relational synthesis,
so bugs can be reported without sharing raw production data. The
method combines LLM assisted candidate discovery from public
bug reports with schema constrained adaptation and deterministic
execution validation in a MySQL harness. Adaptation follows ac-
ceptance criteria focused on trigger preservation, realistic schema
implementation, and observability.

We evaluate two MySQL optimizer bugs, 111669 and 74602,
on StackOverflow derived relational data synthesized with dp-
relational. Results show synthetic reproduction is feasible but sensi-
tive to configuration. For bug 111669, timeout asymmetry between
fast component subqueries and slower combined predicates is re-
tained across tested epsilon sweeps without post synthesis scaling
in the default capped setup. For bug 74602, a fixed structure bound-
ary sweep reproduces down to epsilon 1.8, and a separate operating
point search identifies a practical reproducible setting.

We report supplementary robustness checks alongside primary
execution based criteria and clarify the privacy boundary: formal
differential privacy guarantees apply to synthesis stages, while
data dependent wrapper steps outside synthesis limit strict end to
end claims over raw inputs. These results support privacy aware
bug reporting and motivate further automation of bug targeted
synthesis configuration search.
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1 Introduction
Many Database Management System (DBMS) bugs are data-

dependent. Whether a bug appears often depends on cardinality,
skew, correlation, and join structure rather than query text alone.
Reproducing such bugs therefore requires realistic relational data
at non-trivial scale. At the same time, sharing production-like data
for bug reproduction creates confidentiality risk, because reports
and replay artifacts can expose sensitive values, derived attributes,
or linkage cues.

Simple identifier removal is not sufficient in this setting. Foun-
dational disclosure-control work frames anonymity as contextual,
linkage-driven, and probabilistic rather than binary [25]. As that
work emphasizes, de-identified data are not automatically anony-
mous: “The term anonymous implies that the data cannot be ma-
nipulated or linked to identify an individual.” [25] This framing
matters for bug-report workflows, where disclosure artifacts range
from schema hints, filtered results, and traces to full row-level

dumps; individually or in combination, these artifacts can enable
re-identification.

This thesis studies whether differential privacy (DP) can sup-
port reproducibility-retention: preserving bug-triggering behav-
ior while reducing data-leakage risk. Concretely, we evaluate bug-
targeted DP-relational synthesis on StackOverflow-derived rela-
tional data and test whether known MySQL bug signatures remain
reproducible across privacy budgets and scale factors.

1.1 Privacy Risks
Bug-report workflows create multiple privacy risks. This thesis

directly mitigates data-value leakage from report artifacts. Schema-
structure and presence leakage are discussed as contextual risks in
the current scope.

Data leakage is the primary mitigation target. Users or develop-
ers may include production values in INSERT/UPDATE statements
or expose SELECT outputs, logs, traces, and diagnostics. These arti-
facts can reveal personally identifiable information (PII), financial
information, or proprietary content. Reducing this leakage is the
core privacy objective of the workflow, including bug-specific adap-
tation and tuning of DP-relational drivers for #111669, #74602, and
related cases; formal DP guarantees in this thesis are scoped to the
synthesis stages.

Schema-structure leakage is contextual in this thesis. Even with-
out raw values, table organization, key constraints, and index choices
can expose sensitive business or system information. We acknowl-
edge this risk but do not claim a separate formal mitigation mecha-
nism beyond artifact minimization.

Presence leakage is also contextual. Themere presence of specific
tables, fields, or records can disclose sensitive facts. For example,
evidence that a known identifier appears in a released artifact may
leak information even when values are masked.

1.2 Re-identification and Reconstruction
Attacks

Quasi-identifiers (QIDs) are attributes that are not unique on
their own but can be linked with other QIDs or external datasets to
re-identify individuals. Typical examples include date of birth, ZIP
code, and gender. Individually these values may appear harmless,
but in small or homogeneous populations their combination can
uniquely identify records.

While k-anonymity-style methods (and related models such as
l-diversity and t-closeness) are relevant for quasi-identifier risk
reduction [17, 18, 26], they are not the formal privacy basis of this
thesis. We use differential privacy (DP) as the primary guarantee
because it is composable and robust to auxiliary information under
the (𝜖, 𝛿) framework.



This thesis assumes the central-DPmodel (trusted curator) rather
than local DP, since relational synthetic-data generation for bug re-
producibility requires preserving cross-table structure and optimizer-
sensitive distributions that are typically degraded under local per-
turbation.

Historical evidence shows that de-identification alone is often
insufficient against linkage and background-knowledge attacks. In
high-dimensional preference data, the Netflix Prize release was
shown to be vulnerable to robust de-anonymization [20], while
linkage-style re-identification risks are also documented in public
health microdata release practice (including the Massachusetts hos-
pital discharge context) [1]. Related re-identification concerns have
likewise been demonstrated for genomic data [19]. These examples
motivate using DP as the formal privacy mechanism in this thesis.

1.3 Research Gap and Opportunity
Existing DP-synthesis evaluations typically emphasize aggre-

gate utility metrics or generic workload fidelity, while DBMS bug
reproduction requires behavior-level retention of specific failure
signatures (e.g., timeout asymmetry, index-path sensitivity, or semi-
join pathologies). The methodological gap is therefore not only
privacy-preserving synthesis, but synthesis configuration and vali-
dation under bug-specific criteria. In current practice, this process
remains expert-driven: manual candidate filtering, schema adapta-
tion, and iterative hyperparameter search under memory/runtime
constraints. This thesis addresses that gap with a reproducible,
criteria-gated workflow and explicitly logged campaign decisions.

1.4 Thesis Focus and Scope
This thesis investigates the following central question: to what

extent can known, data-dependent DBMS bug signatures be retained
after DP-relational synthesis across privacy budgets and data scales?
We operationalize this question through deterministic source-vs-
synthetic replay, bug-specific acceptance criteria, and campaign-
level analysis of reproduction boundaries and operating-point trade-
offs. The formal research questions are listed in Section 3.3.

1.5 Contributions
• A scope-defined threat model for bug-report privacy, distin-

guishing primary mitigation targets (data-value leakage) from
contextual risks (schema and presence leakage).

• A two-stage candidate-to-benchmark pipeline with explicit
Stage-2 adaptation criteria (trigger preservation, deterministic
observability, subsystem compatibility, and per-bug granularity).

• Reproducibility evidence for two MySQL bug families (#111669
and #74602), including source/synthetic outcomes, epsilon-
boundary analysis, and campaign-level final selected operating-
point decisions.

• A reproducibility package with run metadata, configuration IDs,
and iterative experiment matrices to support auditability and
extension.

1.6 Thesis Structure
The remainder of this thesis is organized as follows. The Back-

ground section summarizes differential privacy and relational syn-
thesis context. The Methodology and Benchmark Design section

defines dataset selection, candidate filtering, adaptation criteria,
and execution protocol. The Results section reports source/syn-
thetic reproduction outcomes and campaign analyses for MySQL
#111669 and #74602. The Discussion and Threats to Validity section
covers internal, construct, external, and conclusion validity limits.
The Conclusion section summarizes findings, and the Limitations
and Future Work section outlines key constraints and next-step
directions. Appendices provide detailed artifacts, prompt transcript,
and configuration tables.

2 Background
2.1 Differential Privacy

Differential privacy (DP) is a formal privacy framework that
bounds the influence of any single record on a released output.
Intuitively, for neighboring datasets 𝐷 and 𝐷′ that differ in one
individual’s record, a randomized mechanism 𝑀 is differentially
private if the output distributions induced by 𝑀 (𝐷) and 𝑀 (𝐷′)
remain close. This guarantee is parameterized by (𝜖, 𝛿), where
smaller values correspond to stronger privacy.

Historically, DP was introduced in statistical database settings,
especially for privacy-preserving query release (including count-
ing and other aggregate-style analyses), and was later generalized
to broader analysis workflows [9]. More recent research on DP
synthetic data generation, including relational synthesis methods,
expands the design space from releasing individual noisy answers
to releasing privacy-protected datasets that can support down-
stream tasks [2, 11]. This shift opens applications such as the one
studied in this thesis: privacy-aware DBMS bug reporting where
execution-level bug behavior must remain testable without sharing
raw production data.

In this thesis, DP is central because bug-reproduction artifacts
(queries, execution traces, and supporting data extracts) can leak
information even after direct identifiers are removed. DP provides
a principled guarantee that limits this leakage while preserving
enough statistical utility for downstream analysis and experimen-
tation.

Two properties of DP are especially relevant to our workflow.
First, post-processing invariance: once a DP output is released,
downstream transformations and bug-reproduction runs on that
synthetic output do not consume additional privacy budget. Second,
composition: privacy loss accumulates across all DP mechanisms
that access raw source data during synthesis (e.g., single-table syn-
thesis and relational learning), so budget allocation across those
synthesis stages must be explicit.

2.2 DP Synthesis for Relational Databases
Most traditional DP synthesizers target a single table. However,

real DBMS workloads operate over relational schemas with foreign
keys, join paths, and cross-table correlations. Flattening relational
data can lose structural signals that are critical for realistic optimizer
behavior and query-plan selection [2].

Because our objective is bug reproducibility (not only aggregate
accuracy), preserving relational structure is essential. In particular,
key/foreign-key distributions, relationship cardinalities, and cross-
table dependency patterns can directly affect whether a bug trigger
remains observable after synthesis.
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2.3 DP-Relational and Kamino
DP-relational introduces a framework for differentially private

synthetic relational databases by combining table-level synthesis
with iterative relational refinement to improve cross-table consis-
tency and low-order marginal fidelity while maintaining referential
integrity [2, 3]. This aligns well with our thesis requirements, where
join behavior and relationship structure are part of the bug-trigger
mechanism.

Kamino is a constraint-aware DP synthesis system that incor-
porates schema and integrity constraints during synthesis to better
preserve structural properties [10, 11]. This is relevant for bug re-
production because many DBMS failures and performance patholo-
gies are structure-sensitive rather than purely value-distribution-
sensitive.

Accordingly, this thesis uses DP-relational as the synthesis ap-
proach in the executed experiments. Kamino is retained as a poten-
tial comparative/stretch baseline for future evaluation, but was not
executed in this thesis phase due to available time. The experimen-
tal chapters therefore evaluate whether DP-relational preserves
behavior-level signatures needed to reproduce known DBMS bugs
at realistic scales.

2.4 Related Work and Positioning
Related work most directly connected to this thesis spans four

lines. First, DP data release and synthesis work defines the formal
privacy basis and evaluation framing [9, 23]. Second, relational
DP synthesis methods address foreign-key structure and cross-
table consistency under privacy constraints, including PrivLava
and PrivPetal, and more recently DP-relational/Kamino-style ap-
proaches [2, 5, 6, 11].

Third, DBMS bug-testing research provides strong automation
for bug discovery and diagnosis (e.g., optimization-bug detection
and query-partitioning-based testing), but these methods are not
designed as privacy-preserving bug-report-data release pipelines
[15, 21, 22]. In particular, APOLLO explicitly identifies confidential
dataset sharing as an important unresolved issue and points to
differential privacy as a promising future direction rather than an
implemented solution [15].

Fourth, adjacent software-engineering privacy studies (e.g.,
privacy-preserving bug severity prediction) show that privacy
constraints are operationally important in bug-related workflows,
but focus on predictive modeling tasks rather than execution-level
DBMS bug reproducibility [7].

For context, we use SQLStorm-derived StackOverflow splits as
a realistic relational data substrate, but our objective differs from
benchmark generation: we evaluate retention of known bug-trigger
behavior under DP synthesis [24].

In the literature reviewed for this thesis, we are not aware of prior
work that directly studies privacy-aware DBMS bug reporting via
differentially private relational synthesis with execution-level re-
producibility criteria and campaign-level operating-point selection.
We therefore position this thesis as an initial, scoped case-study
contribution at that boundary.

3 Methodology and Benchmark Design
For each bug and dataset size (1GB, 12GB, 222GB), we first exe-

cute the source-data reproduction harness; synthetic reproduction
at a given size is attempted only when source reproduction at the
same size succeeds, and each synthetic run is linked to a bug-specific
dp-relational configuration ID (Table 4, Appendix Table 10).

3.1 Hardware Configuration
To improve reproducibility and make resource assumptions ex-

plicit, we separate the hardware setup into three execution contexts.
Fill in the fields below with the exact machine and runtime details
used in your experiments.

3.1.1 Synthesis Hardware (DP-relational). Experiments were con-
ducted on a Vast.ai rented GPU instance using the PyTorch (Vast)
template.
• CPU: AMD Ryzen Threadripper PRO 5955WX (16 cores)
• GPU: 1× NVIDIA RTX PRO 6000 Blackwell Workstation Edition
• RAM: 257.6 GB (provider-reported)
• Storage: 300 GB
• OS and runtime stack: Ubuntu 22.04.3 LTS (Jammy Jellyfish),

Docker (Vast PyTorch template), CUDA 13.0, PyTorch 2.10.0+cu128

3.1.2 Source-Data Bug Reproduction Hardware.
• CPU: 8-vCPU VM class (Google Cloud n2-highmem-8 or AWS

i4i.2xlarge)
• RAM: approximately 64 GB
• Storage: local NVMe-backed lab storage (GCE: 4×375 GB Local

SSD + 50 GB boot disk; AWS: local NVMe instance store + 64
GB encrypted gp3 root volume)

• DBMS and execution environment: containerized MySQL via
Docker Compose (db1/db2); MySQL 8.0.x images

• OS and runtime stack: Ubuntu 22.04 LTS (Jammy) VM images
(GCE and AWS), Docker Compose

3.1.3 Synthetic-Data Bug Reproduction Hardware.
• CPU: Intel Core Ultra 7 255H (16 vCPUs)
• RAM: 30 GiB
• Storage: 476.9 GB NVMe SSD
• DBMS and execution environment: containerized MySQL via

Docker Compose (db1/db2) and bug-specific load/reproduction
scripts

• OS and runtime stack: Ubuntu 24.04.4 LTS (Noble Numbat),
Docker Compose

3.2 Dataset and Scale Selection Rationale
We use the StackOverflow schema and public data dumps re-

leased by the SQLStorm authors because they provide a realis-
tic, production-like relational setting while remaining fully repro-
ducible in an academic workflow.1 The schema is multi-table, join-
centric, and large enough to expose optimizer behavior that is often
invisible in toy datasets. This is important for our objective, which
is behavior-level bug reproduction rather than only aggregate sta-
tistical fidelity.

At a high level, the StackOverflow dumps are composed of
core interaction tables (Posts, PostHistory, Comments, Votes)
1https://github.com/SQL-Storm/SQLStorm/tree/schmidt/v2.0
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and supporting entity/link tables (e.g., Users, Badges, Tags, and
PostLinks). In this thesis, different bug cases exercise different ta-
ble subsets: bug #111669 primarily uses Posts–PostHistory, while
bug #74602 is reproduced on source data using Votes. This case-
dependent table usage is expected to extend to additional bugs,
while the broader schema context remains relevant for cross-case
benchmark realism and transferability.

We specifically use three scale points that are already standard-
ized in that ecosystem:
• 1GB: StackOverflow DBA split;
• 12GB: StackOverflow Math split;
• 222GB: full StackOverflow split.
This gives two advantages: (i) consistent cross-scale comparisons
under the same schema, and (ii) direct alignment with a publicly
documented benchmark pipeline [24]. In other words, scale vari-
ation in this thesis reflects controlled data growth, not schema
drift.

Importantly, as noted by the SQLStorm authors, these StackOver-
flow splits are not perfectly linear rescalings [24]. Different relation
groups grow at different rates across scales (e.g., users vs. posts/-
comments), which changes both cardinalities and distributions. For
this thesis, that property is desirable: optimizer behavior and bug
triggers are often sensitive to non-uniform growth and shifting
selectivity, so evaluating reproducibility across these splits is closer
to real-world workload evolution than synthetic linear upsampling.

Alternative public datasets (e.g., IMDb non-commercial datasets
[14], MovieLens [12], and Netflix Prize-derived data [4]) are rel-
evant but were deferred. In this thesis phase, we prioritized one
schema family with established multi-scale dumps and existing
harness compatibility, to reduce confounding factors from schema
translation and dataset-specific preprocessing. Extending the same
bug-reproducibility protocol to additional public schemas is a clear
next step.

3.3 Research Questions
To guide this study, the following research question has been

formulated:
RQ1 To what extent do selected data-dependent DBMS bug-

triggering query patterns remain reproducible after DP-
relational synthesis across epsilon values?

In this thesis phase, RQ1 is evaluated on two selected MySQL opti-
mizer bugs (#111669 and #74602).

3.4 Stage 1: LLM-Assisted Candidate Discovery
We used LLM-assisted discovery to identify an initial pool of

DBMS bug candidates for reproducibility experiments on Stack-
Overflow-derived datasets.

Candidate bug discovery. Using web-based LLM interfaces (Chat-
GPT and Grok), we prompted for confirmed relational DBMS bugs
with the following constraints: (i) confirmed in official trackers or
equivalent public channels, (ii) data-dependent behavior, (iii) non-
toy or realistic data scale, and (iv) available reproduction details.
We explicitly requested both correctness bugs and performance
bugs with equal priority, while preferring MySQL and PostgreSQL.

The exact prompt is reproduced in Appendix B.5, Prompt 1.

ChatGPT discovery output (candidate pool). Table 1 summarizes
the bug candidates returned by ChatGPT in this discovery step
(conversation log used in this thesis). At this stage, all items are
treated as candidate hypotheses, not accepted benchmark cases.
We also obtained a candidate list from Grok using a comparable
prompt; we did not focus on it as much as the ChatGPT output
in this thesis, but include it in the appendix (Table 11) as it may
support future research.

We then manually filtered this pool by requiring tracker-level
confirmation quality, compatibility with our StackOverflow-schema
adaptation workflow, and deterministic replay feasibility under our
time/resource constraints. This filtering retained MySQL #111669
and MySQL #74602 for execution in the present thesis phase.

3.5 Stage 2: Schema-Constrained Adaptation
and Validation

Schema-constrained adaptation. For selected candidates, we
adapted reproduction queries to our StackOverflow schema, allow-
ing realistic index additions when necessary. We used available
scale factors (1GB, 12GB, 222GB) and table/index statistics to
constrain each adaptation toward plausible production conditions.

The operational adaptation requirements are formalized below
as the Stage-2 acceptance gate.

Stage-2 adaptation criteria (acceptance gate). To move from a
discovered candidate to an executable benchmark case, an adapted
case had to satisfy all of the following:
• Trigger preservation: preserve the original bug mechanism

(failure condition), not merely the original query text.
• Schema-realistic implementation: map the case to Stack-

Overflow tables with only production-plausible index changes,
each with explicit justification.

• Minimal reproducible package: provide runnable setup
(DDL/index steps if needed), query under test, expected
observable symptom, and optional control/forced-plan variant.

• Deterministic observability: symptom must be repeatedly
verifiable in our harness with measurable evidence (e.g., run-
time/timeout, EXPLAIN shape, counters, or result mismatch).

• Subsystem compatibility: trigger must be reproducible in our
single-node query-execution harness; cases requiring replication,
logical decoding pipelines, failover orchestration, or distributed-
cluster state are out of scope in this thesis phase.

• Explicit mismatch handling: if an exact mapping is impossi-
ble, the proxy and mismatch must be explicit; if the mismatch
weakens causal interpretation, the case is excluded.

• Per-bug granularity: each accepted case is specified and vali-
dated independently per bug ID.
PostgreSQL #5673 was excluded at this gate because we could not

construct a StackOverflow-schema adaptation that simultaneously
preserved the reported trigger semantics and yielded a deterministic
minimal symptom package without a substantial proxy mismatch.
PostgreSQL #13725 was excluded at this gate under subsystem com-
patibility because its trigger relies on logical decoding/replication
behavior outside the single-node harness scope.

4



Table 1: ChatGPT-assisted candidate bug list from Stage-1 discovery.

DBMS Bug ID Class Data-dependent trigger summary from ChatGPT output Status in this thesis

MySQL #111669 Performance Two individually fast IN subqueries (fulltext predicates) become slow/-
timeout when combined with AND, attributed to semijoin/plan-choice
behavior on larger history data.

Selected and adapted

MySQL #74602 Performance ORDER BY ... LIMIT (low_limit) case where optimizer may prefer
sort-order index over a more selective predicate index, causing large
unnecessary scans.

Selected and adapted

MySQL #36513 Performance Large-table InnoDB statistics under heavy skew reported severe cardi-
nality misestimation and resulting poor index choice.

Candidate only

MySQL #91139 Performance Large IN (...) lists reported planning-time overhead growth from
many index dives under default optimizer settings.

Candidate only

MySQL #102037 Performance Large IN (...) lists reported excess CPU overhead per list element
during execution in MySQL 8.0.22.

Candidate only

MySQL #40974 Correctness Complex query plans (including NOT EXISTS paths) reportedly returned
different result sets depending on index presence.

Candidate only

MySQL #105975 Correctness DuplicateWeedout/semijoin strategy on a specific self-join data pattern
reportedly produced incorrect row counts.

Candidate only

MySQL #21059 Crash Joins on very large NDB tables reported server crash behavior. Candidate only
PostgreSQL #5673 Correctness Planner/index-condition interactions (e.g., PK presence) reportedly pro-

duced duplicate result rows.
Excluded by Stage-2 adaptation criteria

PostgreSQL #13725 Correctness Logical decoding on very large transactions reportedly repeated or re-
played rows in output.

Excluded by Stage-2 adaptation criteria

PostgreSQL #16905 Performance Large-table runtime regression after table/index recreation was linked to
statistics sampling and plan-choice sensitivity.

Candidate only

PostgreSQL #16993 Performance Extreme skew (near-constant join key) reportedly led the planner toward
costly sequential-scan behavior.

Candidate only

Execution and validation protocol. Each adapted case was treated
as a hypothesis and accepted only after deterministic validation in
MySQL using scripted harnesses. For each run, we logged:

• bug ID, DBMS version, and query variant;
• dataset scale and synthetic-generation configuration;
• runtime and timeout outcomes;
• optimizer-relevant evidence (e.g., EXPLAIN output, Han-

dler_read_next, Sort counters);
• reproduction label (reproduced / partially reproduced / not

reproduced).

DP reproducibility experiments. We evaluated whether bug-
triggering behavior is preserved after DP-relational synthesis across
epsilon settings and scale factors. For bug #111669, reproduction ev-
idence includes preserved asymmetry between fast subqueries and
failing/timeout combined predicates under a fixed execution-time
budget. For bug #74602, evidence includes index-choice-sensitive
runtime and counter behavior under ORDER BY ... LIMIT condi-
tions.

3.6 Synthetic Experiment Design and
Configuration

From baseline method to bug-focused drivers. For bug #111669, we
used a dedicated dp-relational experiment driver (experiment_
pgd_stackoverflow_bug111669.py) adapted from the project’s
reference experiment scripts. We retained the original three-stage
synthesis structure: (i) DP single-table synthesis (aim or mst), (ii)
cross-table workload construction with QueryManagerTorch, and

(iii) Projected Gradient Descent (PGD)-based relationship learn-
ing for the synthetic linking table. Our adaptation is therefore
implementation-focused (schema and bug signal targeting), not a
change to the underlying relational DP optimization procedure. The
adaptation targets the fulltext interaction signal on PostHistory–
Posts (fast individual subqueries versus slow combined predicates)
by preserving token-bearing overlap structure under the same DP-
relational training workflow.

For bug #74602, we use an analogous dedicated driver
(experiment_pgd_stackoverflow_bug74602.py) with the same
backend synthesis pipeline and optimizer.

The adaptation targets the low-LIMIT access-path signal on
Votes (default vs forced selective-index behavior) by preserving
the relational shape between Votes and Posts under the same
DP-relational training workflow.

Attribution boundary. In this work, dp-relational is treated
as a fixed synthesis backend. We do not re-derive or modify its
optimization objective or convergence guarantees. Accordingly,
equations in this section formalize only our experimental protocol
(run gating, configuration identity, and implemented budget split).

Bug-specific adaptation choices. For bug #111669, the script is
specialized to the minimal PostHistory–Posts setting used by
the reproduction harness. Instead of preserving raw free text di-
rectly, it preserves bug-relevant signals through engineered fea-
tures (e.g., token indicators for Text/Comment, SQL-token indica-
tors, and length buckets), then exports minimal MySQL-loadable
CSV files (Posts.csv, PostHistory.csv) for deterministic replay.
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Preprocessing caps are exposed to control memory/runtime on large
sources while preserving token-bearing rows. max-posthistory-
rows caps how many source PostHistory rows enter synthesis; in
our loader, token-bearing rows are retained first and background
rows are sampled second. max-posts-rows caps source Posts and
keeps posts with richer history coverage, then filters PostHistory
to those post IDs.

For bug #74602, the script is specialized to a minimal Votes–
Posts setting aligned with the reproduction harness. It preserves
the bug-relevant selector signal around PostId/VoteTypeId and ex-
ports deterministic replay artifacts (Votes.csv, Posts.csv). Here,
max-votes-rows and max-posts-rows define the source subset
used to fit marginals and relational structure before synthesis; there-
fore, as with #111669, they are source-selection controls rather than
post-synthesis scaling knobs.

Implementation blocker and remediation. During early bug #74602
synthesis runs, we encountered a runtime failure in dp-relational
during QueryManager.get_offsets(). Although PostId is cate-
gorical after preprocessing, synthesized table outputs could emit
category-coded values as float64 (e.g., 769.0) rather than inte-
ger dtype. Before remediation, offsets were accumulated directly
into an integer array, triggering NumPy’s in-place casting error
(UFuncTypeError: Cannot cast ufunc ’add’ output from
dtype(’float64’) to dtype(’int64’) with casting rule
’same_kind’). We fixed this by normalizing each synthesized cate-
gory column before offset accumulation: integer dtypes are cast to
np.int_, float dtypes are rounded then cast, and values are clipped
to the valid per-dimension domain [0, dim_count−1]. This removed
the crash and hardened workload evaluation against out-of-domain
synthetic category values. The exact patch artifact is included in
Appendix B.3 (Listing 5).

Execution gating rule. A synthetic run for bug 𝑏, scale 𝑠 , and con-
figuration 𝑐 is attempted only if source-data reproduction succeeds
at the same (𝑏, 𝑠):

1synth (𝑏, 𝑠, 𝑐) = 1{source_ok(𝑏, 𝑠) = 1}.

Parameter groups and interpretation. At run time, parameters are
grouped as follows:

• Data I/O and bug signal: –source-dir, –output-dir,
and bug-signal selector (–token for #111669;
–target-votetype for #74602).

• Privacy and single-table synthesis: –epsilon, –synth.
• Synthetic table sizes and structure: bug-specific primary

size knob (–n-syn-posthistory for #111669 or –n-syn-
votes for #74602), plus shared size/structure knobs (–n-syn-
posts, –dmax, –k).

• Relational PGD controls:
– –T, –subtable-size, –queries-to-reuse
– –k-new-queries, –exp-alpha, –guaranteed-rels

• Execution and reproducibility:
– –device, –seed
– preprocessing caps

(–max-posthistory-rows for #111669 or
–max-votes-rows for #74602), and
–max-posts-rows

Table 2: Interpretive scale for selected 𝜖 values (𝑒𝜖 ).

𝜖 𝑒𝜖

0.1 1.11
0.5 1.65
1 2.72
2 7.39
3 20.09
6 403.43

Privacy-budget split used in experiments. The script applies a
fixed split:

𝜖1 = 𝜖2 =
𝜖

3
, 𝜖rel = 𝜖 − 𝜖1 − 𝜖2 =

𝜖

3
,

where 𝜖1 and 𝜖2 are allocated to single-table synthesis and 𝜖rel
to relational learning. In this thesis, this accounting boundary is
attached to the synthesis stages. Bug-specific preprocessing and
postprocessing (e.g., source capping, subset selection, bucketization,
and reconstruction heuristics) are data-dependent wrapper steps
and are not presented as part of a formal end-to-end DP proof over
raw source data.

Configuration traceability. Each run is represented by

𝑟 𝑗 = (𝑏, 𝑠, 𝜖, 𝑐, seed𝑗 ), 𝑗 = 1, . . . , 𝑁 ,

where 𝑏 is bug ID, 𝑠 is dataset scale, 𝜖 is total privacy budget, 𝑐 is
the bug-specific configuration ID, and seed𝑗 is the random seed of
repetition 𝑗 . Each synthetic run is tied to this configuration identity
(Table 4, Appendix Table 10), enabling direct comparison across
scales, epsilon settings, and synthesis strategies.

Reporting strategy across iterative-design subsections. In this chap-
ter, we report protocol intent, decision criteria, and representative
turning points. Exhaustive per-run details (all attempted config-
urations, seeds, statuses, and metrics) are maintained in iterative
experiment matrix artifacts, which serve as traceability ledgers for
each bug case; campaign labels are introduced in the Results section
for consistency across bug cases.

3.7 Epsilon Interpretation and
Bug-Reproduction Sweep Design

Differential privacy (DP) provides a multiplicative bound on
how much output probabilities can change between neighboring
datasets. For any output event 𝑆 :

Pr[𝑀 (𝐷) ∈ 𝑆] ≤ 𝑒𝜖 Pr[𝑀 (𝐷′) ∈ 𝑆] .
Thus, 𝜖 directly controls the privacy-utility tradeoff: smaller 𝜖 im-
plies stronger privacy and typically lower utility, while larger 𝜖
weakens privacy and typically improves utility [9]. For interpretabil-
ity, Table 2 reports 𝑒𝜖 , the multiplicative probability-ratio bound
from the 𝜖-term (exact when 𝛿 = 0; under (𝜖, 𝛿)-DP, an additive 𝛿
slack also applies).

Choosing 𝜖 is known to be application-dependent; there is no
universal consensus for a single “correct” value across tasks and
domains [8, 13]. Accordingly, we treat 𝜖-selection as an empirical
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Table 3: Working 𝜖-range hypothesis used to initialize the
experiment sweep.

Bug type Initial 𝜖 range

Performance regression at scale 1–2
Optimizer chooses poor plan 2–3
Cardinality-estimation-sensitive bug 3–4
Exact-value pattern dependence 6+

model-selection step tied to bug-reproduction objectives, while
keeping the privacy interpretation explicit.

Our post-data-synthesis scaling step is handled under the same
accounting logic. This is in line with the guarantees stated by the
DP-relational authors: once the synthetic relational database is re-
leased as the output of the DP mechanism, any downstream trans-
formation or querying that uses only this released output (e.g., post-
synthesis upscaling for stress/reproduction runs) is post-processing
and does not consume additional privacy budget, provided there
is no renewed access to the original private data [2]. However,
this does not imply utility preservation: post-synthesis scaling can
change cardinalities, selectivities, and runtime behavior, so we treat
it as a utility/reproducibility control and report it separately from
𝜖 .

We hypothesize that bug classes requiring finer-grained value
fidelity may need larger 𝜖 than bugs primarily driven by aggregate
cardinalities. Motivated by prior evidence that cardinality/estima-
tion errors strongly affect optimizer behavior [16], we use the bug-
type ranges in Table 3 as an initial sweep heuristic rather than as
established theory.

In this thesis, we treat 𝜖 ∈ [1, 3] as the preferred evaluation
region. When needed to establish a reproducible anchor or sta-
ble operating profile, we temporarily escalate to higher 𝜖 values.
We then report both the minimum reproducible 𝜖 and the final
operating 𝜖 selected under reproducibility and utility constraints,
preserving comparability across bug cases and scales.

3.8 Benchmark Case Specification
3.8.1 MySQL Bug #111669. Bug #111669 is an optimizer-related
performance issue in MySQL where two individually fast MATCH ...
AGAINST subqueries become unexpectedly slow when combined
with AND through IN predicates in an outer query. The bug was
later marked Verified by the MySQL verification team.2

Official query pattern (source report). The original report uses a
person_main outer table and two fulltext-filtered subqueries on
person_history_work:

Listing 1: Official bug pattern (simplified) from Bug #111669
SELECT pm.ID
FROM person_main pm
WHERE pm.ID IN (
SELECT phw.person_main_ref_id
FROM person_history_work phw
WHERE MATCH(phw.work_summary)

AGAINST('finance')
)
AND pm.ID IN (

2https://bugs.mysql.com/bug.php?id=111669

SELECT phw.person_main_ref_id
FROM person_history_work phw
WHERE MATCH(phw.work_title)

AGAINST('software')
);

Adapted StackOverflow-schema trigger query. For our benchmark,
we map the same logical pattern onto Posts and PostHistory,
using two fulltext predicates over different text fields, then inter-
secting their ID sets:

Listing 2: Adapted Bug #111669 query used in our benchmark
(Posts/PostHistory)
-- each subquery is fast on its own
SELECT DISTINCT PostId
FROM PostHistory
WHERE MATCH(Text) AGAINST('error' IN BOOLEAN MODE);

SELECT DISTINCT PostId
FROM PostHistory
WHERE MATCH(Comment) AGAINST('error' IN BOOLEAN MODE);

-- combined form can time out
SET SESSION max_execution_time = 60000;

SELECT p.Id
FROM Posts p
WHERE p.Id IN (
SELECT DISTINCT ph.PostId
FROM PostHistory ph
WHERE MATCH(ph.Text)

AGAINST('error' IN BOOLEAN MODE)
)
AND p.Id IN (
SELECT DISTINCT ph.PostId
FROM PostHistory ph
WHERE MATCH(ph.Comment)

AGAINST('error' IN BOOLEAN MODE)
);

Reproduction criterion in this thesis. We consider the case re-
produced when both component subqueries complete within the
time budget, while the combined AND-intersection form exhibits
severe slowdown or timeout under the same budget. This criterion
preserves the behavioral asymmetry reported in the official bug
thread.

Auxiliary support metric for #111669 (OverlapDistinct). In ad-
dition to runtime/timeout outcomes, we log an intersection-support
metric over PostHistory:

OverlapDistinct = |𝐴 ∩ 𝐵 |,
where𝐴 is the set of distinct PostId valuesmatched by MATCH(Text)
AGAINST(’error’ IN BOOLEAN MODE) and 𝐵 is the set of distinct
PostId values matched by MATCH(Comment) AGAINST(’error’
IN BOOLEAN MODE). This metric indicates whether the combined-
predicate interaction remains populated, but it is supportive evi-
dence only and not the reproduction criterion.

3.8.2 MySQLBug #74602. Bug #74602 concerns an optimizer access-
path selection bias in low-LIMIT ordering queries. Under ORDER BY
... LIMIT 1, MySQL may prefer an index that satisfies ordering
while providing weaker predicate selectivity, increasing row-access
work relative to a selective-index alternative. The bug was reported
against MySQL 5.6.x and later marked fixed in MySQL 5.7 3.
3https://bugs.mysql.com/bug.php?id=74602
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Official query pattern (source report). The original report con-
trasts the default plan with a forced selective-index plan for the
same ORDER BY ... LIMIT 1 shape, showing that the default
choice can incur substantially higher row reads despite returning
the same tuple:

Listing 3: Official Bug #74602 pattern (simplified)
-- default plan can prefer the ordering index
EXPLAIN
SELECT *
FROM t1
WHERE b = @b
AND c <= NOW()
AND (d IS NULL OR d >= NOW() - INTERVAL 2 DAY)
AND e = 'BBB'

ORDER BY c ASC
LIMIT 1;

-- selective alternative for comparison
EXPLAIN
SELECT *
FROM t1 FORCE INDEX (b)
WHERE b = @b
AND c <= NOW()
AND (d IS NULL OR d >= NOW() - INTERVAL 2 DAY)
AND e = 'BBB'

ORDER BY c ASC
LIMIT 1;

Adapted StackOverflow-schema trigger query. In our benchmark,
we instantiate the same mechanism on Votes using a competing
ordering index (idx_votes_creationdate) and a selective filter
index (idx_votes_post_votetype). For fixed PostId/VoteTypeId
values, we compare default and forced variants under identical
predicates and ordering:

Listing 4: Adapted Bug #74602 query used in our benchmark
(Votes)
-- default
FLUSH STATUS;
SELECT Id, PostId, VoteTypeId, CreationDate
FROM Votes
WHERE PostId = @post
AND VoteTypeId = @vote_type

ORDER BY CreationDate ASC
LIMIT 1;
SHOW STATUS LIKE 'Handler_read%';
SHOW STATUS LIKE 'Sort%';

-- forced selective
FLUSH STATUS;
SELECT Id, PostId, VoteTypeId, CreationDate
FROM Votes FORCE INDEX (idx_votes_post_votetype)
WHERE PostId = @post
AND VoteTypeId = @vote_type

ORDER BY CreationDate ASC
LIMIT 1;
SHOW STATUS LIKE 'Handler_read%';
SHOW STATUS LIKE 'Sort%';

Reproduction criterion in this thesis. We classify bug #74602 as
reproduced when: (i) default and forced variants return the same
row, (ii) the default plan selects the ordering-favoring access path (or
an equivalent non-selective alternative), and (iii) the default variant
exhibits materially higher execution-cost signals than the forced
selective-index variant, most notably elevated Handler_read_next,
with supporting Sort%/runtime differences.

Because bug-trigger mechanisms differ across cases, iterative
configuration design is reported separately for each bug.

3.9 Iterative Configuration Design: MySQL
#111669

For MySQL bug #111669, parameter tuning was conducted as
an iterative, constraint-aware process rather than a single fixed
design choice. The target behavior is not generic utility alone, but
reproduction of a specific asymmetry: two individually fast full-
text subqueries and a slow/timeout combined intersection form. In
this setting, the practical signal is concentrated in PostHistory-
driven fulltext matches and their overlap over PostId. In the source
PostHistory data (11,795,244 rows, token error), overlap is sparse:
981 rows contain the token in both Text and Comment, versus
115,955 Text-token rows and 16,607 Comment-token rows (about
0.85% of Text-token rows, and about 0.008% of all PostHistory
rows). Consequently, absolute overlap in synthetic outputs depends
both on correlation preservation and on emitted synthetic row
counts (especially n-syn-posthistory): lower synthetic sizes re-
duce expected overlap even when rates are approximately pre-
served.

Why source table-ratio matching was not the primary objective.
Although source-scale ratios between Posts and PostHistory are
informative, directly preserving that global ratio at larger synthetic
scales can make the cross-table learning stage prohibitively expen-
sive in memory and runtime. In our implementation, the dominant
resource pressure is tied to the synthetic cross-space size induced by
n-syn-posthistory× n-syn-posts, not only to each table size in
isolation. Therefore, for bug #111669, preserving the source global
table ratio was treated as secondary to preserving enough overlap
rows to maintain the bug-triggering predicate interaction under
hardware limits.

Iterative tuning protocol. We first fixed memory-stable PGD con-
trols (notably –subtable-size) and a constant seed for diagnostic
comparability, then varied synthetic table sizes and relational con-
trols incrementally. Candidate settings were retained only if they (i)
completed without out-of-memory (OOM) failures, (ii) preserved
non-trivial token-overlap counts in exported PostHistory.csv,
and (iii) reproduced the expected execution asymmetry in MySQL.
This produced a two-level search strategy: overlap-preserving con-
figuration search in synthesis space, followed by execution-level
validation in DBMS space.

3.10 Iterative Configuration Design: MySQL
#74602

For MySQL bug #74602, parameter tuning was likewise con-
ducted as an iterative, constraint-aware process rather than as a
one-shot configuration choice. The target behavior is preservation
of an access-path asymmetry in low-LIMIT queries: under identical
predicates and ordering, the default variant should exhibit sub-
stantially higher scan effort than a forced selective-index variant.
Therefore, the tuning objective is behavior preservation under DP
synthesis, not only aggregate error minimization.
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Signal definition and run acceptance. Candidate synthetic con-
figurations were evaluated using execution-level signals from the
reproduction harness. A candidate was retained only when de-
fault and forced query forms returned the same row, and the de-
fault form showed materially higher scan-cost evidence (primarily
Handler_read_next, with supporting runtime/Sort signals). This
kept selection tied to the bug mechanism itself rather than to dis-
tributional fit alone.

Three-phase search protocol. To separate concerns and maintain
comparability, the search followed three phases. Phase 1 performed
structure and memory-safety exploration to obtain an initial repro-
ducible anchor. Phase 2 fixed that structural profile and swept 𝜖
to map the reproducibility boundary with controlled seed compa-
rability. Phase 3 treated reproducibility as a hard gate and utility
(average_error) as a secondary objective, first varying prepro-
cessing caps and then PGD controls to seek a practical operating
point.

4 Results
4.1 Hardware Resource Envelope (12-Run

Representative Sample)
To characterize practical synthesis hardware requirements, we

ran a representative 12-run subset and logged peak memory met-
rics in outputs/memory_summary_12runs.csv. The subset was se-
lected by stratified coverage (not random sampling): for each bug
(#111669, #74602) and each campaign (A, B, C), we selected two
runs that cover anchor/early structure search behavior, fixed-profile
epsilon-sweep behavior, and operating-point or cap-variation be-
havior. This yields 2 × 3 × 2 = 12 runs.

Peak memory was recorded from instrumented dp-relational
experiment drivers as (i) peak process RSS (system RAM) and (ii)
CUDA peak allocated and reserved memory during the run window
that includes preprocessing and synthesis. Table 5 summarizes the
observed ranges.

4.2 MySQL #111669 Campaign Outcomes
We evaluated Bug #111669 using three experimental campaigns.

Campaign A (C-111669-A) is the legacy, full-source-cap setup.
Campaign B (C-111669-B) uses the default-capped regime (250000
PostHistory rows, 100000 Posts rows) and an unscaled, bug-focused
profile. Campaign C (C-111669-C) is a ratio-preserving reduced-
size ablation where synthetic table sizes maintain the source cardi-
nality ratio while reducing absolute size for memory safety.

Campaign A also included post-synthesis ×10 scaling controls to
stress-test trigger recovery under larger execution loads. In these
runs, timeout behavior was often restored even when the corre-
sponding unscaled synthetic output did not time out, indicating
that post-processing can materially change execution conditions
(cardinality, selectivity, and runtime) without changing privacy ac-
counting. Therefore, we treat scaled outcomes as auxiliary stress
evidence and base boundary and operating-point conclusions on
unscaled campaigns (C-111669-B, C-111669-C).

Campaign B provided the strongest practical result: unscaled
timeout reproduction was retained across the full tested 𝜖-range
from 2.0 down to 0.2. Table 6 reports the exact values, and Figure 1

Figure 1: Campaign B (default-capped) trends for MySQL
#111669: combined runtime with timeout markers (top) and
overlap cardinality (bottom).

visualizes the observed trends. Across Campaigns B and C, over-
lap counts remain non-trivial at their respective synthetic scales,
which is consistent with retaining the bug-relevant interaction sig-
nal needed for timeout reproduction. We report OverlapDistinct
as an auxiliary intersection-signal metric. Here, Timeout 3024 de-
notes MySQL error code 3024 (query execution was interrupted
because max_execution_time was exceeded). Reproduction deci-
sions are based on execution behavior (Combined sec, Timeout
3024), so OverlapDistinct is interpreted as supportive evidence
and is not expected to vary monotonically with 𝜖 .

Campaign C confirms that ratio-preserving synthesis can still re-
produce the bug without post-synthesis scaling, but with a sharper
utility threshold. In this setup, timeout reproduction is observed at
𝜖 ∈ {1.0, 0.8, 0.7}, while 𝜖 = 0.6 remains suboptimal-plan-positive
but falls below timeout. Table 7 reports the exact values, and Fig-
ure 2 highlights the threshold transition.

For feasibility interpretation, memory pressure is better approxi-
mated by cross-space size (𝑛syn,PH × 𝑛syn,Posts) together with PGD
slice settings than by 𝜖 alone. If source ratio preservation were ap-
plied at 𝑛syn,PH = 240000, then 𝑛syn,Posts ≈ 78336 and cross-space
would be ≈ 18.8B cells, which is impractical for our hardware en-
velope. Campaign C instead uses (36000, 11752), giving ≈ 423M
cross cells, close to Campaign B’s ≈ 432M, enabling a fairer utility
comparison.

4.3 MySQL #74602 Campaign Outcomes
We evaluated Bug #74602 using three experimental campaigns.

Campaign A (C-74602-A) performs initial structure search to obtain
the first reproducing anchor; Campaign B (C-74602-B) freezes that
structure and maps the reproducibility boundary over 𝜖 ; Campaign
C (C-74602-C) selects a practical operating point under a hard
reproducibility gate with average_error as a secondary objective.
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Table 4: Bug reproduction outcomes by dataset size on source and synthetic data. Synthetic runs are attempted only when
source reproduction at the same size succeeds.

Bug ID Config ID Source data Synthetic data

1GB 12GB 222GB 1GB 12GB 222GB

MySQL #111669 C-111669-A — ✓ — — ✓ —

MySQL #111669 C-111669-B — ✓ — — ✓ —

MySQL #111669 C-111669-C — ✓ — — ✓ —
MySQL #74602 C-74602-A — — ✓ — — ✓

MySQL #74602 C-74602-B — — ✓ — — ✓

MySQL #74602 C-74602-C — — ✓ — — ✓

Legend: ✓= reproduced; ✗= not reproduced; – = not attempted because source reproduction failed at the same dataset size or not attempted. For MySQL #111669 at 222GB, source
reproduction was not attempted due to practical index-build setup time at that scale.

Table 5: Peak memory envelope from the 12-run representative synthesis subset.

Group Peak system RAM (GiB) Peak GPU allocated (GiB) Peak GPU reserved (GiB)

MySQL #111669 17.433–17.673 31.643–53.131 35.512–59.609
MySQL #74602 6.656–6.657 11.621–25.334 13.023–28.438
Overall max 17.673 53.131 59.609

Table 6: Campaign B (default-capped) unscaled 𝜖-sweep for
MySQL #111669.

𝜖 Combined sec Timeout 3024 OverlapDistinct

2.0 60.140 Y 713
1.5 60.160 Y 723
1.0 60.133 Y 710
0.8 60.127 Y 717
0.6 60.139 Y 692
0.4 60.147 Y 716
0.3 60.139 Y 737
0.2 60.137 Y 796

Table 7: Campaign C (ratio-preserving reduced-size) unscaled
𝜖-sweep for MySQL #111669.

𝜖 Combined sec Timeout 3024 OverlapDistinct

1.0 60.124 Y 403
0.8 60.147 Y 409
0.7 60.137 Y 424
0.6 57.582 N 419

For robustness reporting, we use Meets(Y) over a fixed set of
150 candidate probes per run. A probe is counted as Y when it sat-
isfies the same behavioral reproduction checks used by the harness
(same-row agreement between default and forced variants, plus
required execution-cost asymmetry). Accordingly, Meets(Y)/150
is reported as a robustness ratio: the number of probe checks meet-
ing the criterion out of 150. Early diagnostic runs used smaller

Figure 2: Campaign C (ratio-preserving reduced-size) trends
for MySQL #111669: combined runtime and timeout transi-
tion (top) and overlap cardinality (bottom).

candidate limits (e.g., 30), but boundary mapping and operating-
point selection use a fixed 150-probe budget to reduce sensitivity
to single-candidate effects and improve cross-run stability.

In CampaignA (C-74602-A), we established the first reproducible
anchor by iterating structural and memory-safety settings. The first
stable reproducing profile used n-syn-votes = 360000, n-syn-posts
= 400, dmax = 2000, max-votes-rows = 500000, max-posts-rows =
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Table 8: Campaign B boundary points for MySQL #74602
(C-74602-B, fixed-structure sweep).

𝜖 Reproduced Meets(Y)/150 Avg. error Note

1.8 Y 47 56.2368 lowest passing point
1.7 N 0 58.9097 first failing point
1.6 N 0 65.1300 last runnable failing

point
≤ 1.5 – – – synthesis not

runnable (budget
floor)

Figure 3: Campaign B boundary profile for MySQL #74602
(C-74602-B): Meets(Y)/150 on the left axis and reproduced
status (Y/N) on the right axis. Points at 𝜖 = 1.5 and 𝜖 = 1.0
are marked as not runnable due to the synthesis-time budget
floor.

1000, and guaranteed-rels = 0.97. PGD controls were T = 8, queries-
to-reuse = 16, and k-new-queries = 12.

In Campaign B (C-74602-B), we froze this profile and swept 𝜖
to map the reproducibility boundary. Reproduction was retained
across the tested interval from 𝜖 = 9.0 down to 𝜖 = 1.8, and was
lost at 𝜖 = 1.7 and 𝜖 = 1.6. Additional probes at 𝜖 = 1.5 and 𝜖 = 1.0
did not produce synthetic outputs because the implemented budget
split left insufficient training budget after preprocessing. Table 8
summarizes the boundary points, and Figure 3 visualizes the same
boundary using dual y-axes for robustness and binary reproduction
status. We also observed near-boundary sensitivity: a Campaign
C control rerun at 𝜖 = 1.8 with the same nominal selector-profile
settings did not pass the reproduction gate (Meets(Y)=0/150). We
therefore interpret 𝜖 = 1.8 as the lowest observed passing point
rather than a guaranteed pass for every rerun.

In Campaign C (C-74602-C), reproducibility was treated as a
hard gate and average_error as a secondary optimization objec-
tive. In the cap-sweep phase at 𝜖 = 1.8, broader Posts-cap set-
tings reduced error but failed reproduction (all Meets(Y) = 0/150),
reaching an average error of 48.1287 at max-posts-rows=120000.
Raising 𝜖 to 5.0 under the same high-cap setting further reduced
error to the lowest observed value (47.7692), but reproduction still
failed (Meets(Y) = 0/150). Reproducibility was restored only af-
ter returning to the cap-1k profile and deepening PGD controls

Table 9: Campaign C3 operating-profile sweep for
MySQL #74602 (C-74602-C; max-posts-rows=1000, T=10,
queries-to-reuse=20, k-new-queries=14).

𝜖 Avg. error Meets(Y)/150 Best read_next_ratio Reproduced

5.0 50.2762 26 12.63 Y
4.0 50.8373 35 13.72 Y
3.5 51.0617 31 13.29 Y
3.0 52.1300 28 13.52 Y

Figure 4: Campaign C3 trade-off for MySQL #74602
(C-74602-C): robustness (Meets(Y)/150) versus average_error.
The primary final selected operating point (lock-in) is 𝜖 = 4.0;
𝜖 = 5.0 is retained as a quality-first reference.

(T=10, queries-to-reuse=20, k-new-queries=14); this profile re-
mained reproducible through 𝜖 = 5.0, 4.0, 3.5, 3.0, with gradual
robustness decline as 𝜖 decreased (Table 9). Figure 4 shows the
resulting robustness-quality trade-off and highlights the selected
operating points.

For reporting clarity, Campaign B (C-74602-B) is used to state
the boundary result (𝜖 = 1.8, lowest passing point under fixed
structure), while the Campaign C (C-74602-C) is used to state the
final operating-point decision. We select 𝜖 = 4.0 as the primary
#74602 operating point because it provides the best robustness
among low-error operating-profile passes (35/150) with only a
small error increase relative to 𝜖 = 5.0. We keep 𝜖 = 5.0 as a quality-
first reference due to its lower average_error. Thus, Campaign C
is reported as constrained optimization: the global minimum-error
run was not feasible under the reproducibility criterion, and final
selection is based on the best reproducible trade-off.

5 Discussion and Threats to Validity
Internal validity. LLM outputs are stochastic and web interfaces

do not expose decoding parameters (e.g., temperature, top-p, sys-
tem prompt). To mitigate discovery-stage variability, we archived
prompts and model identifiers and applied predefined inclusion/ex-
clusion criteria during candidate selection. Bug reproduction was
then evaluated separately using deterministic script-based har-
nesses and fixed decision rules.
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Construct validity. Adapting a historical bug report to a differ-
ent schema may alter trigger conditions. We therefore required
behavior-level evidence (plan shape, counters, timeout profile, or
wrong-result signature) rather than textual similarity to original
reports.

Privacy-scope validity. Formal DP accounting in this work applies
to synthesis stages (single-table and relational synthesis). Data-
dependent wrapper transformations outside those stages can affect
strict end-to-end guarantee interpretation. Accordingly, privacy
claims are scoped to DP-enabled synthesis stages rather than full
pipeline guarantees over raw source data.

External validity. Our case-study set (e.g., MySQL #111669 and
#74602) may not represent all optimizer or engine bug classes. Re-
sults should be interpreted as evidence for reproducibility-retention
in selected bug families, not universal DBMS behavior.

Conclusion validity. Although the thesis project spanned roughly
three months, the final experiment window was constrained after
substantial upfront effort on research/scoping, infrastructure setup
(hardware/software orchestration), DBMS provisioning, data load-
ing/indexing, and source-data bug reproduction. These resource
and time constraints limit the number of seeds, epsilon points, and
full 222GB runs. We report these limits explicitly and prioritize
transparent logging and rerunnable scripts over breadth.

6 Conclusion
This thesis investigated whether data-dependent DBMS bug

behavior can be retained under differentially private relational
synthesis. We used a two-stage workflow: LLM-assisted candidate
discovery followed by schema-constrained adaptation and deter-
ministic validation in a MySQL harness. Within this setup, we
reproduced MySQL bugs #111669 and #74602 on source data and
evaluated reproducibility retention on synthetic data across epsilon
settings and campaign configurations.

Results show that retention is feasible but strongly bug- and
configuration-dependent. For #111669, timeout behavior without
post-synthesis scaling remained reproducible across the tested ep-
silon range in the default-capped campaign, while ratio-preserving
reduced-size settings showed a sharper threshold. For #74602, fixed-
structure boundary mapping retained reproduction to 𝜖 = 1.8
and failed at 1.7 and 1.6, and the selected operating point at 𝜖 =

4.0 balanced reproducibility robustness and error. Overall, the
study provides practical evidence that privacy-aware synthetic bug-
reproduction workflows can preserve bug-trigger behavior when
accompanied by explicit adaptation criteria, execution-level valida-
tion, and clear privacy-scope accounting boundaries.

7 Limitations and Future Work
7.1 Current Limitations

This thesis provides evidence from two selected MySQL opti-
mizer bugs and should therefore be interpreted as a scoped case
study rather than a universal claim across bug classes, DBMS fami-
lies, or deployment settings. Resource constraints also limited full-
factorial exploration (seeds, epsilon points, and full-scale runs). In
addition, formal privacy accounting is scoped to synthesis stages;

data-dependent wrapper preprocessing/postprocessing steps are
outside a strict end-to-end DP proof over raw source data. Compar-
ative Kamino experiments were not executed in this thesis phase
due to available time and are deferred to future work.

7.2 Optimizing Bug-Targeted Synthesis
Configuration

A key bottleneck in the current workflow is that bug-targeted
synthetic reproduction still requires substantial manual effort. For
each bug, we must first review the original report and identify the
behavior that must be preserved (e.g., predicate interaction, index-
choice sensitivity, join/cardinality effects, timeout asymmetry). We
then manually design the synthetic experiment (feature selection,
table pairing, export format) and tune a high-dimensional parame-
ter space (privacy budget, synthesizer choice, relational-learning
controls, row caps, and synthetic table sizes). In practice, this pro-
cess is iterative and expensive, especially when the goal is not only
utility preservation but bug-trigger preservation.

Future work should treat this step as an optimization problem
rather than manual tuning. Given a fixed bug and source-scale
baseline, the system could automatically search for configurations
that maximize a bug-specific reproduction score under resource
and privacy constraints. Candidate approaches include Bayesian
optimization, multi-fidelity sweeps, and adaptive early stopping
over parameter trials. This would reduce dependence on expert
intuition and improve repeatability across bugs and DBMS versions.

7.3 End-to-End Privacy Accounting
A parallel direction is to strengthen privacy guarantees from

synthesis-stage accounting to end-to-end pipeline accounting. This
includes replacing global data-dependent selection heuristics with
DP-aware or stability-bounded alternatives, explicitly budgeting
preprocessing and postprocessing stages, and evaluating repro-
ducibility under full composition-based privacy accounting.

7.4 Generalization Across Bug Classes and
DBMSs

Future validation should include additional bug classes (e.g.,
correctness and engine-level behaviors) and additional systems
beyond the current MySQL-focused scope. A broader corpus would
help distinguish bug-specific from method-level effects, improve
external validity, and clarify how well bug-targeted configuration
strategies transfer across schemas and DBMS implementations.

7.5 Resource-Aware and Multi-Seed Evaluation
An additional direction is adaptive scaling and stronger ro-

bustness profiling. Instead of evaluating only fixed scales, the
pipeline could progressively increase synthetic scale and identify
the minimum scale at which the target bug behavior reappears.
Such threshold-oriented scaling would reduce compute cost while
improving interpretability of when and why reproduction fails.
Coupling this with larger multi-seed evaluations and explicit
hardware-envelope reporting would improve confidence in re-
producibility claims and support resource-aware operating-point
selection.
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8 Use of Generative AI
Generative AI tools were used to help with finding of perfor-

mance and correctness bugs for further investigation and imple-
mentation into the pipeline, as mentioned in the body of the paper.
Beyond that, OpenAI’s Codex 5.3 was used to assist in the code
implementation.
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A DP-Relational Parameter Configuration
Table 10 lists the bug-specific dp-relational configurations used

in synthetic-data runs.

B Reproducibility Package and Prompt Protocol
B.1 Grok-Assisted Candidate Bug List

We also collected a Grok candidate list using a prompt compara-
ble to Prompt 1. Because this thesis focuses on the ChatGPT stream,
the Grok list is included for completeness; SQLancer-derived toy-
dataset cases are excluded. Table 11 summarizes the remaining
candidates.

B.2 Artifact Inventory
The reproducibility materials are distributed with this thesis as

thesis_attachments, organized into four groups:
• DP-relational adaptation: bug-specific synthesis scripts,

adaptermodules, dependencies, and the QueryManager.get
_offsets() crash-fix patch (Appendix B.3, Listing 5).

• MySQL harness: environment template, Docker Compose
configuration, loader/reproduction scripts, and minimal
schemas.

• Source-bug SQL: source-data reproduction SQL forMySQL
#111669 and #74602.

• Results: iterativematrices, consolidated CSV/JSONdatasets
for figure regeneration, and representative resource-profile
logs.

B.3 Patch Artifact: QueryManager
Float-Category Normalization

Listing 5 reproduces the exact code diff applied to resolve the
synthesized-float offset crash during bug #74602 experiments.

Listing 5: Patch artifact for QueryManager.get_offsets():
float-category normalization and clipping.
diff --git a/dp_relational/lib/qm.py b/dp_relational/lib/qm.py
index 30723e8..5a5100f 100644
--- a/dp_relational/lib/qm.py
+++ b/dp_relational/lib/qm.py
@@ -210,10 +210,21 @@ class QueryManager:

data_sizes = [self.n_syn1, self.n_syn2] if is_synth \
else [self.rel_dataset.table1.df.shape[0],self.rel_dataset.table2.

df.shape[0]]
data_size = data_sizes[table_num]

+ dim_counts = self.workload_dict[workload][["dim_1", "dim_2"][table_num
]]

offsets = np.zeros(shape=data_size, dtype=np.int_)
for col in range(len(dimsizes)):

- offsets += table[col] * dimsizes[col]
+ # Synthesizers can emit category-coded columns as float dtype (e.g.

3.0).
+ # Normalize to integer category indices and clamp to workload

domain.
+ values = np.asarray(table[col])
+ if np.issubdtype(values.dtype, np.integer):
+ values = values.astype(np.int_, copy=False)
+ else:
+ values = np.rint(values).astype(np.int_, copy=False)
+
+ max_idx = max(int(dim_counts[col]) - 1, 0)
+ values = np.clip(values, 0, max_idx)
+ offsets += values * dimsizes[col]

return offsets

B.4 LLM Prompting Protocol
We used web-based LLM interfaces (ChatGPT and Grok) for

candidate-bug discovery, specifically to identify confirmed, data-
dependent DBMS bugs with realistic data assumptions and available
reproduction details.
For each prompting session, we logged:

• model name and access mode (web app),
• date/time of interaction,
• full user prompts and model responses,
• selected bug IDs and exclusion reasons.

B.5 Exact Prompt Transcript (ChatGPT Web
App)

Prompt 1 - initial bug discovery request
P1 Task: Identify confirmed, data-dependent bugs in

relational DBMSs. I am compiling a corpus of confirmed

DBMS bugs for empirical evaluation. Please return bug

cases that satisfy all of the following. (1) Bug

type: either correctness bugs (e.g., wrong results,

crashes) or performance bugs/regressions (e.g., severe

slowdown, optimizer mis-plans). (2) Data dependence:

the bug must depend on data characteristics such

as skew, NULL distribution, cardinality, data volume,

correlation, join structure, or partitioning. (3)

Realistic scale: reproduction must involve non-trivial

data volume or realistic schema/workload, not toy

examples with only a few rows. (4) Confirmation

status: include only confirmed bugs from official

sources (issue trackers, release notes, mailing

lists, or vendor/developer forums). (5) Reproducibility

evidence: include reproduction SQL or steps, or

sufficient details to reconstruct a failing test. Scope:

prioritize PostgreSQL and MySQL; include other RDBMSs

if they meet the same criteria; no publication-year

restriction. For each bug provide: DBMS and version(s)

affected, bug ID and title, bug class (correctness

or performance), data-dependent trigger condition,

evidence of realistic scale, reproduction query or

steps (or closest available), confirmation evidence

(status, fix, or release note if available), and

direct source links (primary source preferred). Quality

constraints: do not invent bug IDs or links; if evidence

is ambiguous, label as uncertain and exclude from the

final recommended list.

Model access note. Prompt 1 was submitted to both ChatGPT
and Grok on 24 January 2025 at 22:35. On ChatGPT the run used
GPT-5.2 with Deep Research mode; on Grok, Expert mode was
used. Decoding parameters such as temperature, top-p, and system
prompt were not user-visible in the interface and are therefore
reported as unknown.

B.6 Execution and Labeling Protocol
Each candidate bug was validated via script-based execution and

labeled as:

14



• Reproduced: expected failure/slowdown signature observed.
• Partially reproduced: related behavior observed, but not

full signature.
• Not reproduced: expected behavior not observed.

Logged evidence includes:
• runtime and timeout outcome,
• query plan evidence (EXPLAIN or equivalent),
• optimizer/runtime counters (e.g., Handler_read_next, Sort

%),
• dataset scale and synthesis configuration.

B.7 Threats Specific to LLM-Assisted Candidate
Mining

• LLM outputs are stochastic and may include inaccuracies;
therefore, all candidates require execution-based confirma-
tion.

• Web-app usage does not expose full decoding configuration;
reproducibility is enforced through prompt logging.

• Schema adaptation can alter trigger conditions; conclusions
are based on observed behavior-level signatures, not textual
similarity to original reports.
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Table 10: Bug-specific dp-relational configurations (keyed by config ID).

Config ID Target Bug Parameter Group Values Used

C-111669-A MySQL #111669 Campaign role Legacy baseline campaign used before default-capped and
ratio-preserving refinements; included unscaled runs plus
post-synthesis ×10 controls.

C-111669-A MySQL #111669 Representative configuration –synth aim; –device cuda:0; –n-syn-posthistory
220000; –n-syn-posts 2000; –dmax 15; –k 4; –T
10; –subtable-size 120000; –queries-to-reuse 20;
–k-new-queries 20; –guaranteed-rels 0.8.

C-111669-A MySQL #111669 Cap policy Explicit full-source caps used in this legacy campaign
(–max-posthistory-rows PH_ROWS, –max-posts-rows
P_ROWS).

C-111669-B MySQL #111669 Campaign role Default-capped unscaled sweep optimized for direct timeout
reproduction without post-synthesis scaling.

C-111669-B MySQL #111669 Core parameters –synth aim; –device cuda:0; –n-syn-posthistory
240000; –n-syn-posts 1800; –dmax 10; –k 3; –T
6; –subtable-size 120000; –queries-to-reuse 12;
–k-new-queries 8; –guaranteed-rels 0.9.

C-111669-B MySQL #111669 Cap policy and outcome Explicit default caps (–max-posthistory-rows 250000,
–max-posts-rows 100000); reproduced unscaled timeout
for all tested 𝜖 values from 2.0 down to 0.2.

C-111669-C MySQL #111669 Campaign role Ratio-preserving reduced-size ablation to test whether
source cardinality ratio can be maintained under memory-
safe synthetic sizes.

C-111669-C MySQL #111669 Core parameters –n-syn-posthistory 36000; –n-syn-posts 11752 (ratio
≈ 0.3264); same optimizer/query knobs as C-111669-B; caps
fixed at 250000/100000.

C-111669-C MySQL #111669 Outcome Unscaled timeout reproduced at 𝜖 = 1.0, 0.8, 0.7; not repro-
duced at 𝜖 = 0.6 (combined runtime below timeout thresh-
old).

C-74602-A MySQL #74602 Campaign role Initial structure and memory-safe search (anchor → deskew
→ density→ selector tuning) to obtain the first reproducing
synthetic profile.

C-74602-A MySQL #74602 Representative configuration –synth aim; –device cuda:0; –n-syn-votes
360000; –n-syn-posts 400; –dmax 2000; –k 3; –T
8; –subtable-size 120000; –queries-to-reuse
16; –k-new-queries 12; –guaranteed-rels 0.97;
–max-votes-rows 500000; –max-posts-rows 1000.

C-74602-A MySQL #74602 Outcome First criteria-meeting synthetic reproduction obtained at
𝜖 = 10.0 (selectorB anchor), establishing the fixed structural
profile used in subsequent campaigns.

C-74602-B MySQL #74602 Campaign role Fixed-structure epsilon sweep to map the reproducibility
boundary after anchoring the selectorB profile.

C-74602-B MySQL #74602 Core parameters Fixed structural/cap settings from C-74602-A; epsilon sweep
over 9.0, 8.0, 7.0, 6.0, 5.0, 4.0, 3.5, 3.0, 2.5, 2.0, 1.8, 1.7, 1.6 with
additional floor probes at 1.5 and 1.0.

C-74602-B MySQL #74602 Outcome Reproduction retained down to 𝜖 = 1.8; not reproduced at
𝜖 = 1.7 and 𝜖 = 1.6; runs at 𝜖 ≤ 1.5 were not runnable due
to synthesis-time epsilon floor.

C-74602-C MySQL #74602 Campaign role Operating-point optimization under a hard reproducibility
gate, treating average_error as a secondary objective.

C-74602-C MySQL #74602 Core parameters Same structural/cap settings as C-74602-Awith deeper PGD
controls (–T 10; –queries-to-reuse 20; –k-new-queries
14); evaluated at 𝜖 = 5.0, 4.0, 3.5, 3.0.

C-74602-C MySQL #74602 Outcome Final selected operating point at 𝜖 = 4.0 (lock-in; Repro-
duced=Y, Meets(Y)=35/150); 𝜖 = 5.0 retained as quality-first
reference.
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Table 11: Grok-assisted candidate bug list from Stage-1 discovery (SQLancer-originated bugs omitted).

DBMS Bug ID Class Data-dependent trigger summary from Grok
output

Status in this thesis

MySQL #114996 Performance Subquery with ORDER BY much slower in 8.0 vs. 5.7;
semijoin/temporary/filesort; triggered by stale statistics
after data distribution changes (e.g., post-INSERT).

Candidate only

MySQL #87641 Performance Execution plan differs after upgrade to 5.7 (1s to 30s);
optimizer mischooses access method, scans millions
more rows; sensitive to data distribution in correlated
subquery with joins.

Candidate only

MySQL #103225 Logical/Perf. “Out of Sort Memory” inconsistent with buffer size;
large variable-length columns
(JSON/TEXT/GEOMETRY); non-deterministic sort
chunk merging and row sizes.

Candidate only

MySQL #97552 Performance Slow LEFT JOIN with impossible ON (e.g. 1=0) leads to
full scan; join cardinality sensitive. Fixed in 8.0.20.

Candidate only

PostgreSQL #15160 Performance Planner overestimates rows in join with CTE when CTE
outputs > 200 rows; falls back to default selectivity,
causing poor plans.

Candidate only

PostgreSQL #19332 Performance Sudden 330× slowdown in SELECT amid INSERTs;
autovacuum does not update stats promptly, leading to
misestimation of table sizes/cardinality.

Candidate only

PostgreSQL —a Performance Fix cardinality estimates for parallel joins; misestimates
per-worker rows in parallel paths, data-dependent on
join selectivity and distribution.

Candidate only

Oracle —b Performance Inaccurate join cardinality (e.g. nested loops on large
skew); skew in join key (e.g. one value 22k matches)
prevents accurate estimates without runtime info.

Does not meet prompt criteria (source: Ask TOM, not
official issue tracker)

SQL Server —c Logical/Perf. Wrong estimated rows on Key/RID Lookups with filters
when data skewed; underestimates can cause spills to
TempDB.

Does not meet prompt criteria (source: personal blog,
not official issue tracker).

SQL Server —d Performance Uses first date in range for estimates, ignoring skew;
slow with date expr vs. literals on uneven date
distributions.

Does not meet prompt criteria (source: Stack Overflow,
not official issue tracker).

SQL Server —e Performance Skewed/missing stats cause wild overestimates
(e.g. 100M rows, 8GB memory grant) on procedures
over large skewed tables.

Does not meet prompt criteria (source: DBA Stack
Exchange, not official issue tracker).

aPostgreSQL commit log: https://www.postgresql.org/message-id/E1cS6je-0004eL-Id@gemulon.postgresql.org.
bhttps://asktom.oracle.com/ords/f?p=100:11:::::P11_QUESTION_ID:9543288700346979555

chttps://www.sql.kiwi/2012/10/cardinality-estimation-bug-with-lookups-in-sql-server-2008-onward/
dhttps://stackoverflow.com/questions/18241977/query-runs-slow-with-date-expression-but-fast-with-string-literal

ehttps://dba.stackexchange.com/questions/259550/funky-cardinality-estimate-skews-high-memory-grants-and-missing-statistics
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