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ABSTRACT

Benchmarks determine where the database community will direct
its optimization efforts and directly shape the behaviors of learned
systems. However, existing benchmarks are constructed to be realis-
tic or difficult, with no guarantee that systems can actually improve
on their queries. We argue that benchmarks should instead target
headroom, the gap between how well a query currently executes
and how well it could execute. By identifying queries which have
optimization potential, headroom provides a clear signal of where
a system is underperforming. To this end, we introduce GREMLIN,
a system for generating adversarial benchmarks of queries with
high headroom. To do so, we apply Bayesian optimization to search
the joint space of queries and witness plans, seeking query-plan
pairs that maximize headroom, where each witness plan provides
concrete evidence of how a system could have selected a better
join order. We show that GREMLIN is system and dataset-agnostic,
demonstrating that the generation technique is generalizable and
reusable. Comparing against existing benchmarks, we find that
GrEMLIN-generated benchmarks have multiple orders of magni-
tude more headroom, with the median query having 34.2x head-
room to JOB + JOB-Complex’s 1.4X, and summed headroom at the
benchmark level of over 8 hours compared to 12.4 seconds.
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1 INTRODUCTION

Database researchers and system developers depend upon bench-
marks as a feedback mechanism that helps drive development [31].
The “performance surface area” targeted by a benchmark deter-
mines where optimization effort will be directed and what progress
looks like; effort will be directed towards making the benchmark
queries (and, by extension, queries with similar performance char-
acteristics) run faster [35]. What gets measured gets managed: for
example, before the introduction of the Join Order Benchmark [27],
Leis et al. [29] notes that query optimization had been widely con-
sidered a “solved problem” The publication of the Join Order Bench-
mark, which demonstrated that existing query optimizers were far
from optimal, re-ignited research in query optimization, especially
in cardinality estimation [28].

This dynamic has intensified with the rise of learned database
components [15, 19, 20, 60], query optimizers [33, 34, 59], and even
whole systems [10, 24, 57]. Now, rather than merely being a sys-
temic bias amongst the humans creating database systems, bench-
mark dependence directly shapes learned systems, since the be-
havior that such systems exhibit is instilled by their training data.
In the learned setting, a benchmark’s performance surface area
determines which behaviors a system gets signal to learn, which
emphasizes the need for better teaching material.

What makes a good benchmark? This dependence upon bench-
marks as optimization signals has led database developers to seek
out “good” benchmarks in order to guide their systems to suit the
needs of real users. To serve this purpose, a “good” benchmark
must simultaneously (1) represent queries that users care about, or
must at least give developers confidence that improvements on
the benchmark will correlate with improvements to user-facing
performance, and (2) must expose optimization opportunities inside
of even the most well-tuned DBMSes - that is, good benchmarks
must have headroom, the gap between how fast a DBMS currently
executes a certain query and how fast it could execute that query.

Existing benchmarks like TPC-H [47] and TPC-DS [38, 48] are
hand-constructed to push systems to their limits, but such bench-
marks are painfully difficult to construct (i.e., years of effort) and
may not represent modern query workloads [21, 51, 52].! The high

!'The synthetic data used by these benchmarks may also skew the evaluation of learned
database components [9, 32].
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cost (i.e., multiple years) of constructing and validating a high qual-
ity benchmark like TPC-DS also means that variants are limited, and
thus practitioners often overfit to the benchmark (i.e., “benchmark
specials” [31]).

Newer approaches, such as SQLStorm [43] and SQLBarber [25],
use large language models to construct realistic user queries, but it
is not clear that these queries push existing DBMSes to their limits
(e.g., the majority of SQLStorm’s StackOverflow queries execute in
under 100ms). While these tools work well for their stated goals (e.g.,
identifying differences between systems, testing a wide range of
capabilities), it is not clear that they are well-suited as optimization
targets. More specifically, the headroom of these generated queries
is unknown: how much better could an “optimal” DBMS really do?
And for learned systems, what more do they need to learn?

GREMLIN: directly targeting headroom. We propose that bench-
marks could directly target headroom. Headroom is the right metric
to target for benchmarks, as a difficult query is only a useful opti-
mization signal if we have evidence that it could be executed more
quickly. High headroom implies that the DBMS is underperforming
on that query and other queries like it — such queries give us precise,
concrete evidence for how the DBMS can be improved.

To this end, we introduce GREMLIN (GeneRative Exploration
Method for pLan INefficiencies), a method for generating high-
headroom, adversarial queries. Given a particular database and
schema, GREMLIN generates SQL queries and witness plans for
which the DBMS’s optimizer can be shown to have bad perfor-
mance by comparing the performance of the DBMS’s plan to the
performance of the witness plan (i.e., the DBMS could perform
better on this query if its optimizer came up with the witness plan
instead of the one that it actually selected). Put simply, GREMLIN
generates queries that answer the question “what is my query opti-
mizer bad at?”

Generating benchmarks with high headroom presumes the exis-
tence of (1) an oracle that says how fast a particular query could be
and (2) a way to enumerate queries with high headroom. GREMLIN
solves this problem using Bayesian optimization (BO) [44] over the
joint space of queries and witness plans. For each proposed query-
plan pair, it executes both the DBMS default plan and the witness
plan, feeding the difference in execution latency back to the BO
process as the optimization signal and optimizing to maximize the
gap. Thus, as BO proceeds, it finds query-plan pairs with increasing
headroom, with the witness plans’ advantage serving as a lower
bound for headroom.

Furthermore, as a benchmark generator, GREMLIN is automated.
Benchmark creation requires substantial effort and may be ham-
pered by concerns of realism and customer privacy. As a system
and dataset-agnostic benchmark generator, GREMLIN can be run
against arbitrary systems and datasets, allowing for the creation of
adversarial queries targeted to a specific system and dataset without
manual development effort.

A reasonable criticism of GREMLIN is that the generated adver-
sarial queries may not be representative of the “real” queries that
users want to run. We mitigate this in two ways. First, we carefully
designed GREMLIN’s search space so that every candidate query is a
select-project-join-aggregate query consisting of only primary key-
foreign key equijoins, with reasonable single-column predicates.

This is at least a plausible class of queries. Second, we note that
there is evidence that database customers adjust their workloads to
what their system can already run effectively [35]. This suggests
that the current paradigm of prioritizing benchmarks that exactly
match what users are already doing may be over-indexing database
optimization efforts on making fast what is already fast enough.
As such, future database development needs benchmarks where
current systems are underperforming, and queries with these char-
acteristics are likely absent from current benchmarks — but can be
generated by GREMLIN!
We make the following contributions:

(1) We implement GREMLIN, an adversarial query generator
that finds queries and witness plans exhibiting high head-
room by conducting Bayesian optimization over the space
of possible queries and plans (§3)

(2) We show that GREMLIN produces queries with multiple-
orders-of-magnitude higher headroom compared to exist-
ing benchmarks and that it generalizes across datasets and
systems (§4)

2 RELATED WORKS

Benchmarks. The database community has long engaged in build-
ing benchmarks in order to push database systems forward. TPC-
H [47] and TPC-DS [38, 48] have become standard benchmarks
for implementing database systems [5]. Both are benchmarks over
synthetic data and have gaps in realism that make them unsuitable
for comparing modern systems [51].

The publication of the Join Order Benchmark [27] kicked off a
wave of interest in cardinality estimation and query optimization
for analytical workloads. The JOB is a fixed set of 113 hand-written
queries over the real IMDB dataset and was explicitly authored to
be “realistic” and “challenging.” JOB-Complex [56] similarly con-
sists of 30 hand-written queries, but exercises a wider variety of
query features such as non-PK-FK joins. Being hand-written, both
benchmarks are limited in the number of queries and the space of
query optimizer weakness exposed. The JOB authors, writing 10
years later, note that there is a danger of overfitting to JOB due to
“its small dataset and limited query workload” [28].

In comparison, the Cardinality Estimation Benchmark [39] is
an automated approach, explicitly designed to compensate for the
JOB’s number of queries being too small for supervised learning.
The CEB generates queries using a fixed set of parameterized query
templates with hand-written join graphs, with manually config-
ured parameter distributions for varying the predicate columns
and values. However, the CEB was designed to cover a broad range
of different cardinality estimation cases, as opposed to highlight-
ing specific cases where the optimizer struggles. The same is true
for the DSB [9], which extends TPC-DS with more complex data
distributions and parameterized query templates.

Stack [33] is a real database dump and set of queries from Stack-
Exchange. The queries are a mix of real queries from StackExchange
analytics dashboards and hand-written queries intended to be chal-
lenging for query optimizers. The Stack benchmark is a one-time
artifact that will be hard to replicate: its existence is the product of
a long-lived and popular website, as well as the rare willingness to
make both the data and queries public.



The rise of large language models has inspired new approaches
to generating benchmarks. SQLStorm [43] provides automated gen-
eration of large and diverse benchmarks over a given database
schema, relying on pretraining to give realistic queries. SQLBar-
ber [25] uses an LLM in conjunction with Bayesian optimization to
create customized, realistic benchmarks tailored to fit the aggregate
statistics released by database vendors about their real workloads.
Both seek to automate the creation of large, realistic benchmarks,
automating away much of the problem of costly, manual bench-
mark creation. In this new era, we believe that targeted, challenging
benchmarks are still relevant in pushing database systems forward:
the JOB authors wrote that JOB was widely adopted because it was
targeted (to evaluate cardinality estimation and join orderings) and
easy to implement [28].

Avoiding cardinality estimation. In response to the problem of
join orderings, database researchers have sought to mitigate or
avoid their consequences. On the systems side, adaptive query pro-
cessing detects bad plans and switches mid-execution [1]. Adaptive
query processing can be competitive with learned query optimiza-
tion in reducing overall workload runtimes [64].

On the theoretical side, worst-case optimal join algorithms avoid
enumerating large intermediate results that binary joins may in-
cur by instead performing multi-way joins per-attribute across
relations [40] and have begun to show promising practical re-
sults [13, 55]. For acyclic conjunctive queries, there has been re-
newed interest in the Yannakakis algorithm [61], which avoids the
problem of materializing large intermediate results incurred by con-
ventional binary join algorithms by using semijoins to filter away
input tuples that do not appear in the output. Though the original
algorithm has a good theoretical worst-case bound, recent works
have sought to reduce the constant factors to make its application
practical in real systems [3, 4, 6, 45, 53, 65].

Better cardinality estimation. From the confluence of interest
in cardinality estimation and improvements in machine learning,
there has been a wave of works that propose learned cardinality
estimators to replace the traditional heuristic optimizers that came
before [17, 54]. These learned techniques fit into two main camps:
those whose estimates are driven by query features [19, 39] and
those that model the underlying data distributions [15, 60].

Recent theoretical works generate tight worst-case bounds for
“pessimistic” cardinality estimation, which never underestimate the
true cardinality [8, 63].

Learned query optimization. Other works have attempted to by-
pass cardinality estimation by replacing traditional query optimiza-
tion wholesale with learned optimizers. Many of these works rely on
reinforcement learning (e.g., [2, 7, 16, 34, 49, 58, 59, 62, 66]). Learned
query optimizers are known to have regression problems [33, 58],
which are one of the primary obstacles to their wider adoption.
Recent work has reported that, when standardizing train/test splits
across different learned optimizers, PostgreSQL’s traditional opti-
mizer matches or outperforms them [26], underscoring both the
fragility of current LQOs and the degree to which reported gains
hinge on the choice of evaluation workload. GREMLIN can poten-
tially be used as a regression finder: if queries adversarial to one

system are not adversarial on a baseline, then the system has a
demonstrated performance regression.

Synthesized data systems. Instance-optimized systems have pre-
viously been proposed as specialized systems that are tuned for max-
imum performance on a single workload [10]. Recent works have
demonstrated this as a possible direction for data systems in the
new LLM era of synthesized code, generating code per-query [24]
or per-workload [57]. GREMLIN could be useful for testing the lim-
its of the code that these systems generate and help understand
whether there are workloads for which these systems fail to gener-
ate performant code.

Bayesian optimization in databases. GREMLIN implements adver-
sarial benchmark generation using Bayesian optimization (BO). BO
has previously been applied in the databases setting for tuning
system configuration parameters [50].

This work builds upon our previous work applying BO to con-
duct offline query optimization [46], which combined BO over a
structured space of query plans with real query plan executions
in order to find highly optimized query plans. We apply a similar
structured BO scheme here to search the joint space of queries and
witness plans and optimize for headroom.

3 SYSTEM

GREMLIN casts adversarial benchmark generation as an optimiza-
tion problem. Over a constrained space A of (query, witness-plan)
pairs, it searches for a pair (Q, P) whose headroom—the gap be-
tween the latency of the plan the DBMS chooses for Q and the
latency of the witness plan P—is as large as possible. Measuring
the headroom of a candidate requires executing it on the target
system, so the objective is an expensive, noisy, black-box function
of a discrete and highly structured input. These are exactly the
conditions under which Bayesian optimization (BO) is effective.
GREMLIN therefore (i) uses continuous representations in which
queries and witness plans are jointly represented, and (ii) runs BO
over those representations, decoding each proposed latent point
into a concrete query-plan pair, executing it, and feeding the mea-
sured headroom back to the optimizer. We first review BO (§3.1),
then describe the joint latent space (§3.2), and finally the end-to-end
generation pipeline (§3.3).

3.1 Bayesian Optimization

Bayesian optimization [14] is a sample-efficient method for opti-
mizing black-box functions that are expensive to evaluate. Given an
input space X and an unknown objective f : X — R, BO seeks an
input x* € X that maximizes f in as few evaluations as possible. It
maintains a probabilistic surrogate model of f—in our case a Gauss-
ian process (GP)—and uses the surrogate to decide which candidate
to evaluate next. Each iteration fits the surrogate to the observa-
tions collected so far, applies an acquisition function to propose
new candidates, evaluates those candidates with the true black-box
objective, and updates the surrogate with the new observations. In
GREMLIN, the expensive black-box evaluation is query execution for
the default plan and generated witness plan, and the observation is
the measured headroom of a decoded query-plan pair.



Our objective is high-dimensional and defined over structured
objects, so we use BO in a continuous latent space rather than
directly over discrete SQL strings and join orders. Following latent-
space BO [36], GREMLIN decodes continuous vectors into structured
candidates before evaluation and then fits the surrogate on the
corresponding latent vectors and measured headroom. We use trust-
region BO (TuRBO) [12] with Thompson sampling [42]: acquisition
is restricted to a local region around strong candidates, and the
region expands or contracts as the search succeeds or stalls. This
is the same broad optimization setting as BayesQO [46], but here
the search variables include both the query and its witness plan. As
in BayesQO, trust region BO is a competitive global optimization
scheme able to find solutions that are far from its initialization
points [12].

3.2 A Joint Latent Space over Queries and Plans

To search queries and witness plans together, GREMLIN represents
each pair as a single continuous vector z = [zq ; zp] € R3%0 the
concatenation of a 256-dimensional query embedding z; and a 64~
dimensional plan embedding z,. BO operates on the full vector z;
to evaluate a point, we split it and decode each half independently.
The two halves are constructed differently.

Queries: a frozen embedding with a learned decoder. We map a
query into z, using a frozen, pretrained text-embedding model (Ope-
nAl text-embedding-3-1arge), reduced to 256 dimensions via its
Matryoshka representation [22]. This direction—text to vector—
requires no training. The reverse direction—vector back to a query—
is learned: a small feed-forward network maps z; to four soft-
prompt token embeddings [30], which are prepended to a fine-tuned
Qwen2.5-0.5B-Instruct language model [41] that then autoregres-
sively emits the query.

We train the feed-forward network and the language model
jointly with a reconstruction objective: given the embedding of
a query, reproduce that query’s text (a cross-entropy loss on the
query tokens). Training over a large corpus of schema-valid queries
makes the embedding space decodable, so that latent points pro-
posed by BO—which need not coincide with the embedding of any
previously seen query—decode into plausible queries. This query
component uses the text embedding model as the encoder and the
fine-tuned language model as the decoder. We do not require an
exact encode/decode round trip: the surrogate is fit on (proposed z,
measured headroom) pairs, which absorbs any gap between a pro-
posed z; and the embedding of the query it decodes to.

These training queries are sampled uniformly from the gram-
mar, not from a preexisting workload. As the feed-forward net-
work is trained on queries from a particular grammar, it must be
retrained for new grammars (e.g., to run GREMLIN with a new data-
base schema). In our experiments in §4, the same decoder and
grammar are used across different systems on the same schema,
yet the queries surfaced for each system use entirely disjoint com-
binations of joined tables. This is consistent with the search, rather
than the decoder, determining which queries are surfaced.

Plans: a trained variational autoencoder. The plan half z, is pro-
duced by a variational autoencoder (VAE) [18] carried over from

BayesQO [46]: a Transformer encoder—decoder VAE with a 64-
dimensional latent space over serialized join trees. The encoder
maps a plan to a posterior distribution whose mean we take as
z,; the decoder samples a plan (a join order) from a latent vector.
During adversarial query generation, we apply z, to the decoder
to resolve the plan.

Though the plan encoding format is not novel to this work, we
briefly explain it here due to its significance in the optimization
process. We train the plan VAE with strings that correspond to
join orders. Unlike in BayesQO [46], the plan language consists
only of join orders without support for multiple table aliases or
operator selection. We omit aliases as our query grammars only
support queries with up to a single copy of each table, and we omit
operator selection as DuckDB, the primary system targeted by our
experiments, lacks multiple join operators.

The VAE decodes compressed latent space vectors into plan
strings, which must be processed further to resolve a join order.
We guarantee that all plan strings resolve to valid join orders for a
given query by construction. In the plan encoding language, pairs
of symbols refer to the left and right children of the next binary join
to specify. The language has one symbol per table in the schema.
Plan strings are processed in a pair-wise fashion from left to right.
After a table is joined at least once, occurrences of its symbol later
in the string instead refer to the largest join subtree that it is a child
of.

Symbols in the decoded string may specify invalid joins: a de-
coded symbol may refer to a table not present in the query, or pairs
of symbols may specify an invalid join such as the same subtree
joined with itself. Our decoding process performs a deterministic
modular/hashing repair step that maps any invalid symbol into the
space of semantically valid symbols in that position.

Concatenating z4 and z,, yields the joint space that BO searches.

3.3 Adversarial Query Generation

Objective. GREMLIN maximizes headroom over the constrained
pair space A. For a query Q and witness plan P, let Lgef(Q) be the
latency of the plan the DBMS’s own optimizer chooses for Q, and
let Lyt (Q, P) be the latency of Q executed under the witness plan
P. We consider two complementary headroom objectives:

Laer(Q)
Lwit (Q> P) '

The absolute objective rewards wall-clock seconds saved and tends
to surface expensive queries, whereas the relative objective rewards
the speedup factor and surfaces queries the optimizer handles dis-
proportionately badly irrespective of their absolute cost. A large
value of either is concrete evidence that the system could have
executed Q far faster.

fabs(Q, P) = Laet(Q) — Luit (Q, P), frea(Q, P) =

The optimization loop. Combining §3.1 and §3.2, each GREMLIN
iteration (Figure 1):

(1) proposes a latent point z by trust-region Thompson sam-
pling;

(2) splits z = [ zy4; z, ] and decodes z; into a query O (soft-
prompt network followed by the language model; see be-
low)

(3) decodes z, into a witness plan P (the plan VAE decoder);
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Figure 1: The GREMLIN generation loop.

(4) executes Q twice—once under the DBMS’s default plan and
once forced onto P—to measure Lges and Lyit;
(5) scores the pair with faps or fi] and updates the GP surrogate.

Iterating drives the search toward higher-headroom pairs; the out-
put is a stream of benchmark entries (Q, P) ranked by their mea-
sured headroom.

Grammar-constrained decoding. A decoded query is useful only
if it is valid for the target schema, so we enforce validity at de-
code time. The fine-tuned query model is served with vLLM [23];
the four soft-prompt tokens are injected directly as input embed-
dings, and generation is constrained by an XGrammar-style guided
decoder [11] that, at each step, masks out any token that would
violate a per-schema grammar. Every decoded string is therefore a
syntactically valid query specification by construction, requiring
no rejection sampling.

Search-space design. The grammar that constrains decoding also
defines the space A that GREMLIN searches, and is the primary
knob for steering the generator toward plausible queries. In our
IMDB experiments, we study three grammar variants that differ in
how many tables they expose and how restrictive they are about
predicates. These grammars let us vary the size and diversity of
the generated query space without changing the BO machinery.
To demonstrate that the method is not tied to a single schema,
we also target Stack-style schemas with their own grammars and
query decoders. GREMLIN executes candidates on both DuckDB and
PostgreSQL.

Rather than generate syntactically and semantically valid SQL
strings, which would not be achievable with just a grammar, we
design the query string language to specify only the tables to be

joined and any filter predicates that apply to those tables. We im-
plicitly infer join predicates by constructing the PK-FK join graph
of the entire schema, in which nodes are tables and edges are PK-FK
relationships. From this join graph, we take the subgraph consisting
of the decoded set of tables and add the join predicates correspond-
ing to all PK-FK edges present in the subgraph. The decoded set of
tables may not necessarily be connected in the join graph; we use a
Steiner tree to get the minimum additional tables to join in, adding
their join predicates but no additional filter predicates.

For example, (title (production_year > 0750)) (name
(gender most_popular)) specifies a query over the title and name
tables. Since these tables do not have a PK-FK relationship in the
IMDB schema, the Steiner tree brings in the cast_info table to con-
nect the join subgraph. The filter predicate on title specifies that the
production year should be greater than the 75th percentile across
all values in the column. The filter predicate on name specifies
that the gender should be equal to the mode value of the column.
Taken together, these form the query that could be read as “The cast
members of the most commonly occurring gender in the quarter of
all movies that are most recent”

As a final step, the resolved list of tables, join predicates, and
filter predicates is formulated as a SQL query to be submitted to
the target system. Queries have a count (*) aggregation as the top
level projection to avoid transmitting large results.

Reusability. Retargeting GREMLIN to a new schema or DBMS
requires a schema grammar, a compatible query decoder, and a plan
representation for measuring default and witness-plan latencies.
Once those components are provided, the latent-space BO loop is
unchanged. GREMLIN is thus a reusable benchmark generator: it can
be rerun with new datasets and against new or upgraded systems.



query — title* name” ...
title — (title title_prod_year" title_season_nr* ... )

title_prod_year — (production_year intop intval )

intop — > |<|=|!=
intval — min | median | max | int int int int

strop — most_popular | median

Figure 2: Example query grammar, expanded for one table
and column predicate.

Grammars such as G1, which we use in the experiments below,
can be inferred automatically from the database schema. As illus-
trated in Figure 2, from the database schema, we emit a context-free
grammar: the start symbol consists of each table appearing at most
once, and each table consists of its name and predicates over its
columns appearing at most once. One table production rule is added
for each table in the schema and one typed predicate production
rule is added for each column of each table depending on the column
type. Predicates are described abstractly as comparisons to column
value aggregates: string columns can be equal to the most popular
or median popularity value, numeric columns use a comparison
operator and literal value corresponding to the min, median, max,
or some specific percentile. In this way, simple conjunctive queries
in the schema can be expressed, and all grammatical strings are
guaranteed to correspond to well-formed queries.

Finally, while execution of default plans merely implies executing
the resolved SQL, execution of witness plans requires a mechanism
that allows us to specify the join order. Such a mechanism is present
on both of the systems we perform experiments on (DuckDB and
PostgreSQL) by specifying the join tree directly as a parenthesized
S-expression of the tables in the FROM clause and preceding DBMS-
specific statements to disable join reordering.

4 EXPERIMENTS

We evaluate GREMLIN by measuring the headroom of the queries
it generates—the gap between the latency of the plan the DBMS
chooses by default and the latency of the witness plan GREMLIN
discovers—and comparing it against the headroom present in ex-
isting benchmarks. We report results for three IMDB grammars
and one Stack grammar, executed on DuckDB and PostgreSQL.
§4.1 describes the experimental setup; §4.2 reports the headroom
of generated queries against existing benchmarks; §4.3 examines
generalization across systems and schemas; §4.4 examines the ef-
fect of grammar design; §4.5 examines the potential source of the
significant headroom found by GREMLIN; §4.6 reports the repro-
ducibility of the discovered headroom; and §4.7 examines the costs
of generating adversarial benchmarks.

4.1 Setup

Workloads and grammars. We run GREMLIN with the four gram-
mars summarized in Table 1: three over the IMDB schema and
one over a Stack schema. The IMDB grammars vary two design

Table 1: Grammars used to generate adversarial queries.

Grammar Schema #Tables Predicates System(s)

G1 IMDB 21 Arbitrary  DuckDB, PostgreSQL
G2 IMDB 21 Single DuckDB
G3 IMDB 8 Arbitrary  DuckDB
GStack Stack 10 Arbitrary  DuckDB

axes—the number of joinable tables and whether predicates are op-
tional or a single predicate is mandatory—while the Stack grammar
demonstrates that the method transfers to a different schema.

G1 is our full, unrestricted grammar on the IMDB schema, which
allows for any number of tables and any number of filter predicates.
G2 is restricted to only a single filter predicate per-query. G3 allows
arbitrary filter predicates, but narrows the set of tables to only those
within 2 hops in the join graph from the main title table. GStack
is an unrestricted G1-style grammar for the Stack schema. Note
that, as described in §3.3, join predicates are automatically inferred
from the schema’s PK-FK join graph for the set of tables present in
the decoded query string.

Optimization. Each GREMLIN run initializes the surrogate with
1,000 randomly sampled query-plan pairs and then optimizes with
trust-region Thompson sampling (§3.1). We run GREMLIN under
both the absolute and the relative headroom objective. Each opti-
mization run on a specific grammar/system combination was run
for approximately 5 days before being cut off.

Metrics. For a generated query Q with witness plan P, we report
the absolute advantage Lier(Q) — Lyit(Q, P) in seconds and the rel-
ative advantage Laer(Q)/Lywit(Q, P). Both are lower bounds on the
true headroom: the witness plan is one concrete better plan, not
necessarily the optimal one, and because we cap execution at the
validation timeout, the default-plan runtime (and the advantage
between default-plan and generated witness plan) of the slowest
queries is capped.

Validation. BO-time measurements are taken under a single exe-
cution and an adaptive timeout, which can lead to measurement-
noise false positives. We therefore re-execute every discovered
query-plan pair under a uniform protocol—5 repeated runs of both
the default and witness plan at a 300 s timeout—and report mean
latencies. We keep only pairs that reproduce a meaningful gap
(> 1s absolute and > 2X relative), and for each configuration we
report the top 143 pairs ranked by absolute advantage, so that all
configurations are compared at the same cardinality.

Baseline: headroom in existing benchmarks. To quantify how
much headroom existing benchmarks contain, we run a plan-level
optimizer—BayesQO [46], which applies the same BO machinery
to search plans for a fixed query—over the queries of JOB [27], JOB-
Complex [56], and the Stack benchmark [33] (the SO_FUTURE
split, as used in [46]). We run BayesQO for 4000 plan executions
per-query, which is the same number used in the BayesQO paper.
For each benchmark query, the baseline’s advantage is the gap be-
tween its default plan and the best plan BayesQO finds over the
entire search. This is a strong baseline: it measures the headroom
that a state-of-the-art plan optimizer can extract from each existing



query, using the same Bayesian optimization technique GREMLIN
uses internally. Note that, similarly to the results for the queries
generated with GREMLIN, the advantage metrics for the baselines
are lower bounds on the true headroom.

Implementation. DuckDB queries were executed using v1.4.3 of
the Python library. Workers were configured with memory_limit
set to 32GB. To execute witness plans, we prevented the DuckDB
optimizer from reordering joins by setting disabled_optimizers
to join_order, build_side_probe_side.

PostgreSQL queries were executed against v16.3 on the same
hardware as DuckDB queries. We disable JIT and GEQO, config-
ure shared_buffers to 32GB and work_mem to 16MB. To execute
witness plans, we set join_collapse_limit to 1.

4.2 Headroom of Generated Queries

Table 2 compares the headroom of GREMLIN-generated queries
against the existing-benchmark baselines. The GREMLIN-generated
queries exhibit dramatically more headroom.

On IMDB, the median GREMLIN query under Grammar 1 on
DuckDB has a relative advantage of 34.2x and an absolute ad-
vantage of 231.9 seconds (when optimizing against a default plan
execution timeout of 300 seconds, implying that the true advantage
could be higher still on some queries). In comparison, the median
advantage BayesQO can find on a JOB or JOB-Complex query is
less than 1 second on both DuckDB and PostgreSQL; in aggregate,
Grammar 1 surfaces 57.8x (PostgreSQL) to 2,526X (DuckDB) more
total absolute headroom than the 143-query JOB+JOB-Complex
benchmark. On Stack, GREMLIN queries have a median relative ad-
vantage of 6.8%, a median absolute advantage of 30.9 seconds, and
expose 117X more total headroom than the 200-query SO_FUTURE
benchmark.

In short, queries generated by GREMLIN have multiple orders of
magnitude more headroom than the queries in existing benchmarks.
Figure 3 shows that this holds across the whole distribution of
generated queries, not only at the extreme tail.

In the rest of this section, we examine the queries generated by
optimizing for absolute headroom. The results on these queries
were more robust, as many relative headroom improvements made
already-fast queries even faster, where measurement noise is a
larger fraction of the measured latency.

4.3 Generalization across Systems and Schemas

GrEMLIN finds high-headroom queries against two very different
execution engines. Run with the same grammar (G1), it surfaces a
median absolute advantage of 16.8s against PostgreSQL’s optimizer
and 231.9s against DuckDB’s. More dramatically, on both systems
it finds queries that time out after 300s under the DBMS’s own
plan, yet execute in under a second using the witness plan. As we
explore in §4.4, the two systems mis-optimize different queries, but
GREMLIN exposes large gaps in both.

The method also transfers across schemas: the GStack queries ex-
hibit different characteristics in number of joins and predicates per
query compared to G1 while still having headroom well above the
baseline benchmarks, suggesting that GREMLIN can be rerun against
the same system with different datasets to generate meaningfully
different benchmarks.

4.4 Characterizing Generated Queries

Differences between grammars. Here, we examine the differences
between queries generated by our grammars. As visualized in Fig-
ure 3, the restrictions imposed on G2 and G3 do meaningfully reduce
their headroom relative to G1. Still, all adversarial grammars gener-
ated sets of queries with 2-3 orders of magnitude higher headroom
than the baseline benchmarks.

Next, we characterize the composition of the queries generated
by our four grammars. As shown in Figure 4, G1, G1-PostgreSQL,
and G3, which are defined to be able to generate arbitrary predi-
cates, have similar distributions of filter predicates per query with
a median of 1. G2, which is defined to use a maximum of 1 filter
predicate per query, largely eschews having filter predicates what-
soever. GStack, which is executed on DuckDB using a different
dataset from G1-G3, tends to have multiple predicates per query,
ranging from 1-5. In comparison, most JOB queries have 2-10 filter
predicates.

Despite this similarity in number of predicates per query, the
different grammars are indeed distinct sets of queries and exhibit
substantial variation within a single grammar’s set of queries. We
analyzed the sets of tables (ignoring predicates) used by queries
generated by G1-3 on DuckDB and G1 on PostgreSQL. G1 (DuckDB)
and G1 (PostgreSQL) contained no overlapping table sets. G1 and
G2 on DuckDB had only 4 overlapping table sets, constituting 5
G1 queries and 5 G2 queries. Most table sets were unique or only
repeated < 5 times within a grammar. For G1 PostgreSQL, one
table set in particular contained 73 repetitions with different values
for a certain predicate (constituting half of the benchmark). For
comparison, the IMDB schema contains 95,136 distinct non-cross-
join queries when only considering sets of joined tables (calculated
by counting the number of distinct connected subgraphs contained
in the PK-FK join graph).

Number of joined tables. Figure 5 characterizes the distribution of
number of joined tables per-query in G1 vs. JOB. On the whole, G1
queries contain more joined tables than JOB queries. As we explore
further in §4.5, the headroom in GREMLIN-generated queries is likely
coming from cardinality estimation errors, so more joins would
tend to lead to higher error.

G4. We attempted another grammar, G4, which combined the
single-predicate restriction of G2 with the restricted schema of G3.
However, the resulting space of possible queries was too small to
generate many queries with significant headroom, so we do not
report its results here. This demonstrates how grammar design
meaningfully impacts the optimization process by defining the
space of possible queries.

4.5 Q-error

We hypothesized that the high headroom of the adversarial queries
generated by GREMLIN would mostly be explained via cardinal-
ity mis-estimation. To test this, we collected pre-aggregation esti-
mated and true cardinalities to calculate Q-error [37] for the highest
headroom queries generated with GREMLIN G1 (n = 143) and JOB
(n = 113) on DuckDB. The resulting Q-error distributions are shown
in Figure 6.



Table 2: Headroom of GREMLIN-generated queries (validated top-143 per configuration) vs. the headroom of existing benchmarks
(best plan found by BayesQO plan optimization per query). “Total abs” sums the absolute advantage over all queries. Absolute

advantages are right-censored at the 300 s validation timeout.

Absolute advantage (s) Relative advantage (X)

Configuration n Total abs. (s) median max median max
GREMLIN (generated)
G1 (IMDB, PostgreSQL) 143 6,645 16.8 299.9 23.3 4457
G1 (IMDB, DuckDB) 143 31,333 231.9 299.6 34.2 809
G2 (IMDB, DuckDB) 143 16,758 88.8 292.2 14.7 48
G3 (IMDB, DuckDB) 143 706 3.5 19.2 8.1 40
GStack (Stack, DuckDB) 143 14,259 30.9 299.2 6.8 390
Existing benchmarks (BayesQO plan-optimization headroom)
JOB + JOB-Complex (IMDB, DuckDB) 143 12.4 0.04 4.9 1.40 39
JOB (IMDB, PostgreSQL) 113 115 0.129 34.3 2.48 97
SO_FUTURE (Stack, DuckDB) 200 121.4 0.009 4.5 1.05 10
SO_FUTURE (Stack, PostgreSQL) 200 809 1.9 62.5 2.2 97
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Figure 3: Cumulative distribution of headroom across generated queries and baselines. Towards the bottom right corner implies
higher headroom on more queries. Note that the x axis is log-scaled. Due to our 300s cap on execution time, maximum advantage
at ~300s is a lower bound. GStack refers to our adversarial grammar while Stack (DuckDB, PostgreSQL) refer to baselines.

GREMLIN G1 (ps50=105,625X, p9go=27,554,147X) had much higher
Q-error than JOB (pso=138X, pgy=4,437x). Though these are only
measurements of Q-error at the top of the query plan (meaning
errors from plan subtrees could compound or cancel out), the distri-
butions differ by multiple orders of magnitude. As such, cardinality
mis-estimation is likely the primary cause of the high headroom
(though it may not be the only cause), with witness plans outper-
forming the DBMS query optimizer’s plans by selecting join orders
that better conform to the true cardinalities. We discuss further
analysis as future work in §5.

4.6 Reproducibility of Discovered Headroom

The reported gaps are not measurement artifacts. Under the in-
dependent 5% re-execution protocol, 96.8%—-100% of the discov-
ered query-plan pairs reproduced a meaningful advantage across
the IMDB grammars (e.g., 1,152 Grammar-1/PostgreSQL pairs re-
validated with 96.8% reproducing the > 1s/ > 2X gap, and Gram-
mar 3 reproducing on 100% of pairs with no regression beyond
100 ms). The small number of non-reproducing pairs is dominated
by cases where the default plan timed out during BO and was found
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to be acceptably fast under fresh measurement—a known artifact
of single-shot, BO-time observations, which the validation pass is
designed to filter out.

4.7 Generation Cost

All learned components were executed on a cluster with 5 NVIDIA
RTX A6000 (Ampere) GPUs. Training of the query decoder and

plan VAE took 50 GPU-hours each. Adversarial query generation
runs were conducted for 5 days for each of 5 grammar/system
runs and run on 4 GPUs, totalling ~ 2400 GPU-hours, though
much of this time was spent waiting for database query executions.
All experiments were run against a cluster of 20 database worker
machines hosting read-only copies of the datasets.

5 DISCUSSION

The experiments in §4 demonstrate that GREMLIN successfully gen-
erates high-headroom queries and witness plans across different
systems, datasets, and grammars. The witness plan generated dur-
ing the GREMLIN optimization process provides an existence proof
that improvement is possible, and the measured headroom gives the
degree of potential improvement. Notably, our adversarial queries
generated with GREMLIN have orders of magnitude higher head-
room than the JOB and Stack benchmarks despite executing over
the same datasets and despite these benchmarks emphasizing the
difficulty of cardinality estimation. Even though cardinality esti-
mation is already known to be a problem, the GREMLIN adversarial
queries demonstrate that the problem is far more severe than the
existing benchmarks expose.

We emphasize that GREMLIN is an adversarial query generator:
it can be run on other systems and with other datasets. GREMLIN is
best thought of as a reusable bug finder rather than a benchmark
or workload generator: each high-headroom query/witness pair is
concrete evidence that the query optimizer underperformed, with
the witness plan demonstrating what it could have done instead.

For reproducibility and for use in future comparison and bug-
finding efforts, we release both the query generator and the gener-
ated set of queries used in our experiments as part of the artifacts
for this paper.

Limitations. It is experimentally unknown whether improving
DBMS performance on the queries generated by GREMLIN will lead
to better performance on other benchmarks or on real-world work-
loads. We have constructed the query grammars to match a common
class of queries (SPJA, PK-FK joins, simple equality/inequality filter
predicates), but the set of generated queries does not necessarily
correspond to a realistic workload in aggregate. The realism of
the generated queries could potentially be improved by changing
the grammar to target different classes of queries or by incorpo-
rating an LLM in the optimization loop to edit queries to be more
semantically meaningful. Finally, GREMLIN makes no guarantee of
completeness in its bug-finding. The grammar bounds the space
of reachable queries, and BO finds high-headroom queries within
it—but they are not necessarily those with the highest possible
headroom, nor a complete account of the ways the optimizer can
underperform.

Future work. Whether this technique for stressing DBMS compo-
nents works beyond cardinality estimation is an open question. A
natural follow-up experiment would be to provide the DBMS query
optimizer with true cardinalities when evaluating the DBMS plan
quality during the GREMLIN optimization inner loop.

Furthermore, we are interested in evaluating if this technique
will continue to find new adversarial queries if a system is changed
to improve its performance on the first set of adversarial queries.



Doing so requires investigating the cause of the cardinality mis-
estimation issues on one of the systems we targeted, fixing it, and
then generating new adversarial queries and measuring their head-
room.

6 CONCLUSION

We argued that benchmarks should target headroom, the gap be-
tween how fast a query executes and how fast it could execute,
rather than realism or difficulty alone, as it provides a clearer signal
about how systems (both traditional and learned) can be improved.
We introduced GREMLIN, which generates queries with high head-
room by performing Bayesian optimization over the joint space
of queries and witness plans, measuring headroom by comparing
the execution latency of the DBMS’s default plan to the latency
of the witness plan. Across two systems (DuckDB, PostgreSQL)
and two datasets (IMDB, Stack), GREMLIN produces queries with
multiple orders of magnitude higher headroom compared to exist-
ing benchmarks. We found that each of our grammars produces a
diverse set of queries, varying in their table sets, number of joined
tables, and number of filter predicates. We also analyzed query-level
Q-error of our G1 benchmark vs. JOB, which gives evidence that
cardinality estimation errors are likely the primary cause of the
high headroom in our G1 queries. GREMLIN’s automated, dataset
and system-agnostic design opens the door to future applications
in finding regressions, comparing systems, and understanding the
potential faults of learned and synthesized systems.
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