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ABSTRACT

Query optimization (QO) remains a fundamental challenge in the
database community. Despite decades of research, cost-based QO
(CQO) is still susceptible to performance regressions due to inher-
ent inaccuracies in cardinality estimation, cost modeling, and plan
enumeration. To mitigate the instability, modern databases employ
SQL plan management (SPM), which reuses curated plans and by-
passes CQO. However, there exists a fundamental issue in SPM: how
can we efficiently identify the optimal plans to manage? The existing
approach falls short due to low generalizability and poor inter-
pretability. Thus, we argue for revisiting this problem from a novel
perspective, where we intervene in the sensitivity of CQO through
well-designed cost scaling knobs. Nevertheless, this transformation
poses three key challenges: (1) efficient search guidance, (2) com-
prehensive semantic utilization, and (3) cost-effective performance
evaluation. To address these challenges, we propose OBELISK, an
Offline Bayesian optimization-informed quEry pLannlng frame-
work, with language model reaSoning over cost scaling Knobs.
OBELISK is training-free and can efficiently find optimal query plan
through a closed-loop process: a timeout-constrained Bayesian op-
timization technique to identify promising knob subspaces, thereby
informing the search; a feedback-aware self-evolving reasoner to
recommend knob configurations; and a lightweight evaluator with
history-based admission gatekeeper to avoid redundant evaluations.
Extensive experiments on well-established benchmarks demon-
strate the effectiveness and superiority of our OBELISK.
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1 INTRODUCTION

Cost-based query optimization (CQO) is the long-standing “brain”
of relational database management systems (DBMSs), translating
the declarative SQL into the executable plan [15, 47]. The enduring
dominance of CQO stems from its heuristic cost model [17, 64].
Generally, the cost model consists of a set of formulas that estimate
the cost of each physical query operator, along with rules for ag-
gregating these costs throughout the entire plan. During the plan
enumeration process, classic Selinger-style optimizers [46] usually
employ dynamic programming to explore the search space and
select the plan with the lowest estimated cost. This plan is assumed
to closely approximate the optimal plan observed at runtime.
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Figure 1: A Motivating Example.

However, CQOs cannot guarantee optimality [17, 75] due to car-
dinality and cost estimation errors. To alleviate this issue, learning-
based query optimizers (LQOs) [4, 27, 33, 55, 65, 70] are widely stud-
ied, which leverage machine learning (ML) techniques to enhance
or replace key components of the optimizer, such as cardinality
estimation [19, 25, 45, 61, 66, 77], cost modeling [33, 58, 59, 64, 74],
and plan selection [4, 7, 8, 32]. Although these approaches have
demonstrated significant performance improvements on bench-
mark workloads, they face serious challenges in real-world deploy-
ments [3, 76]. First, they generally rely on neural network-based
methods that lack interpretability. Second, they require extensive
training on specific workloads and hardware environments, which
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limits their generalizability. Moreover, they aim to reduce average
latency, but fail to address tail latency issues [72, 73].

Despite extensive efforts to improve both CQOs and LQOs, they
remain vulnerable to performance regression issues [56]: queries
that were once executed efficiently might degrade over time. More-
over, production workloads are often dominated by a small set of
representative queries that are executed repeatedly, which calls for
more refined optimization [16, 59]. Recently, BayesQO [50] intro-
duces the concept of offline QO, which uses offline resources to
search the optimal plan and record it for online reuse. BayesQO
leverages Bayesian optimization (BO) [11, 12, 14] to navigate a deep
latent embedding space in search of optimal plans. However, its
effectiveness relies heavily on schema-specific query representation
model, which introduces two key limitations. First, exploration in
the latent space is opaque and difficult to debug. Second, learned
representations lack generalizability across workloads and systems.
Furthermore, BayesQO remains unaware of the intrinsic flaws of the
CQO, providing little valuable feedback for optimizer development.

Fortunately, the core methodology of BayesQO inspires us: why
not apply BO within a white-box “search space” that carries concrete
and practical database semantics? A naive approach is query hint
(e.g., disable_hash_join), which is widely used in several LQOs [4, 7].
However, the hint is a coarse-grained intervention: it often enforces
all-or-nothing constraints, i.e., “disable_hash_join = ON” forbids any
hash joins, even when the optimal plan requires them locally for spe-
cific sub-joins. This characteristic, to some extent, limits ability of
hint-based methods to find the optimal plan. Furthermore, the hint-
based search space is explicitly discrete and not diverse. For example,
Bao [32] leverages only 49 fixed hint sets to explore candidate plans,
but fails to find the optimal plan in an offline scenario [50]. There-
fore, hint-based methods are only suitable for the online scenario,
which requires that plan generation is extremely fast, whereas the
offline scenario affords a sufficient budget for finding the optimal
plan and demands a more exhaustive plan exploration. Then, we
recall the cornerstone of CQO, i.e., cardinality and cost estimation.
If we can effectively adjust these estimates, the optimizer is able to
find the optimal plan [16-18, 25, 35, 42, 43, 48, 51, 58, 60, 64, 74].

Therefore, we propose to connect the offline QO with a suite of
fine-grained cost scaling knobs (C-knobs). As shown in Fig. 1, such
knobs can selectively scale the estimated cost of specific physical op-
erators (e.g., knob kyy ) or the cost associated with joining a base ta-
ble (e.g., knob kj0in(1)), thereby adjusting the optimizer’s sensitivity
to different cost components. We extend the conventional CQO to
be conditioned on a knob configuration x. Formally, we denote this
process as CQO(Q; x), where all knobs default to 1. Injecting a non-
default configuration x intervenes in the CQO process and produces
aquery execution plan denoted by P(x). (D Under the default config-
uration xo, the CQO underestimates the cardinality of Join(R,S),
and chooses P(xy) = HashJoin(HashJoin(R,S),T), which leads
to poor runtime. ) By decreasing kjoin(r) to 0.25, we reduce the es-
timated cost of joining base table T, making plans that join T earlier
more favorable in the cost model. As a result, the optimizer selects a
better join order P(x;) = HashJoin(HashJoin(T,R),S). @ Build-
ing on this improved join order, we further adjust an operator-level
knob by slightly increasing xyy to 1.25. This change biases the opti-
mizer away from hash join for the final join, leading to an alternative
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join method that better matches the intermediate results. Conse-
quently, P(x;) = NestedLoopJoin(HashJoin(T,R),S) achieves
the most efficient execution'. While we introduce these C-knobs,
we need to address the following three challenges:

Efficient Search Guidance (C1). As we treat the offline QO prob-
lem as a knob tuning problem, a natural question arises: why not
directly apply existing knob tuning methods? The distinction lies in
the different nature of our C-knob and traditional knobs. Specifically,
traditional knob tuning methods [5, 13, 49, 52] focus on system pa-
rameters (e.g., buffer_size). Changes to these parameters often yield
a smooth and continuous objective function [14]. This characteris-
tic allows traditional tuners to effectively navigate the search space.
In contrast, our C-knobs indirectly affect performance by guiding
the optimizer’s selection of a discrete query plan. This results in
a non-smooth, step-wise objective function, as multiple distinct
C-knob configurations can map to the same plan and yield identical
performance [58, 64]. Moreover, poor configurations can trigger
extremely long-running plans or even crashes, making feedback
costly or unavailable. Consequently, searching these redundant
or poor configurations offers no information gain, thus hindering
the search efficiency. This nature renders traditional tuners, which
presume a continuous response surface, ineffective in our scenario.
Comprehensive Semantic Utilization (C2). A purely statistical
approach treats C-knobs as abstract dimensions in a vector space,
ignoring their underlying physical meaning within the query opti-
mizer. This “blind” search might waste significant time exploring
poor configurations [1]. In contrast, an effective strategy should
leverage the rich semantics of the knobs. For instance, understand-
ing that increasing the cost of hash join is a targeted intervention
to encourage the selection of merge join or nested loop join. Further-
more, traditional statistical methods are inflexible. They struggle
to incrementally integrate high-level reasoning behind observed
failures. For example, after discovering that some specific knob
settings consistently cause plan timeouts for queries involving
large relations, this semantic insight cannot be easily encoded to
proactively prune entire regions of the search space. An ideal opti-
mization framework should be able to internalize such lessons from
a handful of meaningful observations—both successes and failures.
Cost-effective Performance Evaluation (C3). The ultimate mea-
sure of a plan’s quality is its true execution latency, but invoking
this “ground truth” evaluation for every plan is prohibitively ex-
pensive. This evaluation bottleneck is compounded by two key
factors. First, the mapping from knob configurations to physical
plans is many-to-one. That is, different knob settings might cause
the optimizer to generate the identical execution plan. Re-executing
these duplicate plans is a redundant waste of resources. Second,
even an unexplored plan may be predictably disastrous if it contains
sub-structures (e.g., a specific join operator on a pair of large tables)
that have consistently demonstrated poor performance in prior
executions. A naive evaluation strategy would blindly execute such
a plan, but only rediscovers what historical data already finds.
Contributions. To address these challenges, we propose OBELISK,
a novel offline query planning framework that tunes cost scaling
knobs to find the optimal plan. Specifically, to tackle C1, we de-
sign a timeout-constrained statistical surrogate model with dual

In TiDB, NestedLoopJoin can leverage indices of the inner table to accelerate.



objectives: maximizing performance while avoiding timeouts. As
statistical models are constructed from empirical data and thus
exhibit higher reliability, we leverage them to guide the search
towards promising subspaces of knob configurations during the
tuning process. To address C2, we combine the language model’s
comprehensive semantic understanding with the statistical model’s
guidance in the knob configuration space, and introduce a feedback-
aware, self-evolving reasoner. This reasoner utilizes statistically
informed contextual example generation and iteratively searches
for improved solutions through feedback-driven evolution. To over-
come C3, we propose a two-stage performance evaluator. The eval-
uator first employs a lightweight admission controller, built upon
historical executions, to rapidly filter out redundant or clearly sub-
optimal configurations without execution. Moreover, the evaluator
provides real-time feedback to the reasoner and augments observa-
tions with historical data, thereby facilitating continuous updates
to the statistical surrogate. These key components eventually form
a closed loop, enabling efficient offline query planning.
In summary, we make the following contributions:

We introduce a suite of physical C-knobs and logical C-knobs
for intervening in cost-based query optimization.

We formulate offline query planning as a C-knob tuning problem,
without losing the expertise embedded in traditional optimizers.
We propose a generic optimization framework that integrates the
ability of Bayesian optimization to identify promising regions
with the context-aware reasoning abilities of LLMs, thereby fully
leveraging their synergistic strengths.

We design a timeout-constrained surrogate model with dual ob-
jectives of ensuring high performance while avoiding timeouts.
We introduce a self-evolving reasoner that leverages statistically
informed contextual example generation and searches for im-
proved solutions through feedback-driven evolution.

We devise a lightweight admission-controlled evaluator that fully
exploits historical execution information to avoid redundant
evaluations and augment observable performance data.

Extensive evaluations on widely used benchmarks demonstrate
that OBELISK achieves significant improvements in both effec-
tiveness and efficiency.

2 BACKGROUND AND RELATED WORK

2.1 Query Optimization

Learned Query Optimization. Recent works have explored the
integration of ML techniques into several components, such as
learned cardinality estimators [19, 25, 45, 61, 66, 77], join order op-
timization [34, 63, 69], cost modeling [17, 18, 35, 48, 58, 64, 74], etc.
We refer to them as component-enhanced learned query optimiza-
tion (LQO). In contrast, the end-to-end LQOs [7, 8, 32, 33, 55, 65, 70]
offer a holistic framework and can be broadly divided into two cate-
gories: full LQOs and steering LQOs. Specifically, full LQOs replace
CQO [33, 65] by synthesizing entire query execution plans from
scratch, while steering LQOs sit on top of traditional CQO [4, 7, 32].
However, these works are all black-box methods that lack stability,
which are difficult to deploy in production systems [3, 56, 62].
Offline Query Optimization. To the best of our knowledge,
BayesQO [50] is the first work to formalize the problem of offline
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query optimization. It formats queries as strings inspired by molec-
ular dynamics, which are then encoded into a high-dimensional
latent space by a variational auto-encoder (VAE). Next, BO is em-
ployed to search for the optimal query plan in this latent space.
However, BayesQO suffers from two primary limitations. First, its
VAE representation is tightly coupled with the training schema,
which limits its transferability. Second, searching within the high-
dimensional latent space is inefficient. Consequently, it prevents
BayesQO from finding the optimal plan efficiently. Besides, another
related work, LimeQO [68], focuses on workload-level optimization
by leveraging matrix completion techniques. Since our focus is on
query-level optimization, aligning with BayesQO, we do not include
the workload-level method LimeQO in comparative analysis.

2.2 Bayesian Optimization

Bayesian optimization (BO) [14] aims to find an optimal solution
that maximizes a black-box function f : X — R over a domain X,
ie., x* = arg maxyex f(x), by sequentially selecting query points.
Vanilla BO Loop. BO operates by constructing a probabilistic
surrogate model of the objective function [10, 23, 26, 52], which is
iteratively refined as new observations are acquired. The general
optimization procedure follows these steps: @ Initialization: build
a surrogate model fg to approximate the objective function f. @
Sampling next point: optimize the acquisition function to select the
next point Xpeyt to evaluate, balancing exploration and exploitation.
® Verification: evaluate the actual performance value f(Xpext). @
Surrogate update: update the surrogate model from fg to ﬁa/ with
the new observation (Xpext, f (Xnext)) and repeat steps @-@.

2.3 SQL Plan Management

To mitigate performance instability caused by plan regression, data-
base systems usually employ SQL plan management (SPM) [44, 78].
In SPM, the plan baseline is a repository of verified high-quality
plans, denoted as P for a given Q. When a query is compiled, the
optimizer generates a best-cost plan P’. Then, the SPM checks
whether P’ € P.1If so, the plan P’ is selected and executed directly.
If not, to prevent a potential regression, the system is constrained
to select the lowest-cost plan within the existing plan baseline.

Unlike Oracle-style SPM which manages multiple baseline plans,
TiDB SPM is distinct in two main aspects. First, TiDB employs a
SQL plan binding strategy, which preserves only a single, verified
optimal plan. This enforcement is achieved by reverse-engineering
the plan into a set of hints that are automatically injected during
query compilation. Second, TiDB incorporates an offline plan evolu-
tion process to discover even better plans over time. In this process,
newly discovered plans are periodically tested in a “shadow mode”,
where their runtime performance is measured without affecting the
live query. A candidate plan will only be promoted to replace the
current binding if its execution time is demonstrably faster. Conse-
quently, our work falls on the plan evolution module, with the goal
of accelerating the identification of the optimal plan binding.

3 OFFLINE QUERY PLANNING VIA C-KNOB
3.1 Cost Scaling Knob

It is notoriously difficult to diagnose and resolve the root cause of
QO issue due to the complexity of query optimizers [3, 56, 76]. While
existing query optimizers expose some cost units (hereafter referred



to as C-units), e.g., cpu_tuple_cost, they cannot be effectively tuned.
First, C-units globally alter the cost weights of CPU or memory
resources, which cannot offer fine-grained control over individual
operator behavior. Consequently, adjusting a single C-unit to fix one
regression often has unintended system-wide side effects, which
might degrade the performance of unrelated queries. Besides, C-
units offer no direct influence for the join order or operator type.
As such, tuning them cannot lead to diverse query plans. Finally,
C-units are rarely adjusted in practice and require deep expertise
to tune, making them unfriendly for non-expert users.

In contrast, our C-knob provides fine-grained control to CQO.
Specifically, a C-knob allows to selectively increase or decrease the
estimated cost of specific operators, without altering the underlying
CQO logic. Specifically, @ users can manually calibrate the sensi-
tivity of the optimizer, e.g., over- or under-estimation of a certain
operator. Moreover, the well-tuned knob configuration can be tai-
lored to specific production instances or workloads, which makes
the optimizer tunable per instance. @ The effects of these knobs
reuse the decades of expertise within the CQO logic. This ensures
that the tuning process benefits from the optimizer’s robustness.
How These Knobs Work? A cost-based query optimizer takes
a SQL query Q as input and selects the plan with the minimum
estimated cost [47, 58, 64]. With cost-scaling knobs enabled, the
plan selection is conditioned on a knob configuration x:

C(P';x),
———

P(x) = arg min (1)
Prep

—
@

where P is the set of candidate plans considered by the optimizer,
and C(-) is the cost model. Note, our knobs do not alter the enumer-
ation logic or the plan space #; they intervene only through the
objective term by extending C(P’) to C(P’;x). For example, given
an operator op; € P” associated by a knob value x,,, € x, the opti-
mizer’s base operator cost C(op;) is scaled to x,,, - C(op;). The over-
all plan cost C(P’; x) is then obtained by aggregating all scaled op-
erator costs under the optimizer’s original cost-composition rules.
This mechanism differs fundamentally from steering LQOs (e.g.,
Bao [32]), which apply hard constraints (e.g., enable_hash_join =
of'f) to prohibit entire classes of operators. Such hints directly prune
the search space P ((D in Eq. 1) by removing all plans that contain
the disabled operator type, regardless of their local optimality. In
contrast, our knobs apply continuous scaling to the cost objective
(@), thereby biasing—but not forbidding—the optimizer’s choices.
As a result, the optimizer continues to enumerate plans from the
full space £ and might still select a penalized operator in subplans
where it remains locally superior to other operators.
Remark. The theoretical plan space of OBELISK is equivalent to
the search space P of the TiDB optimizer. However, the reachability
of OBELISK is limited by the internal heuristics of the optimizer,
e.g., the join enumerator. Besides, for any knob configuration, the
resulting plan is still produced through a full CQO pipeline, which
incorporates decades of expertise. Therefore, OBELISK may not
forcefully construct arbitrary plans outside the optimizer [65].

3.2 Problem Formalization

Given a set of n knobs k = {k1, k3, ...,k }, Where k; is defined over
a value domain ©; C R. The configuration space X can be defined
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Figure 2: Overview of OBELISK.

as X = ©; X Oy X - -+ X ©,. A configuration x = (x1,...,x,) € X
affects the optimizer during the plan enumeration [58, 64].

For a configuration x € X, the optimizer selects a plan P(x)
with lowest estimated cost. Formally, P(x) = argminp/ep C(P’; %),
where P denotes equivalent candidate plans. Then, P(x) is executed
and returns an observed latency y € R*. We omit the symbol of SQL
query Q (as Q is fixed when tuning), and model the performance
function as y = f(x). Therefore, the problem studied in this paper
is to find an optimal configuration x* € X that minimizes f(x):

@)

X" =arg irél{{}f(x).

4 OVERVIEW OF OBELISK

As shown in Fig. 2, OBELISK includes the following main compo-
nents: @ Knob initialization, @ Bayesian optimization as a guider
(GuiDER), ® LLM-based configuration reasoner (REASONER), and @
Two-stage performance evaluator (EVALUATOR). More specifically,
@ Knob Initialization (§5). Given a specific query, we first identify
its relevant knobs based on relevance detection (§5.2). Then, we
normalize the feasible range of such knobs to a tunable [0,1] range
since their value domains vary significantly (§5.3).

® Bayesian Optimization As a Guider (§6). To guide the offline
QO process, we build timeout-constrained statistical surrogates
with dual objectives: maximizing performance while avoiding time-
outs. At each iteration, GUIDER proposes the next point xgo to rep-
resent the promising region based on current observations, thereby
informing the REASONER to recommend good configurations.

® LLM-based Configuration Reasoner (§7). To maximize the
utilization of rich database semantics embedded within C-knobs,
we integrate the LLM’s in-context learning capabilities with statis-
tically informed signals from GUIDER. First, we leverage proposals
from GUIDER to generate diverse and effective contextual exam-
ples, which serve as the key demonstration for initial configuration
recommendations. Subsequently, upon receiving feedback from
EVALUATOR, the REASONER interprets this feedback and refines its
reasoning, further improving configuration recommendations in an
iterative manner. This process repeats until the final recommended
configuration is satisfactorily accepted by EvALUATOR.

® Two-Stage Performance Evaluator (§8). It receives the config-
urations from the REASONER and obtains their corresponding query
plans. To avoid redundant evaluations, we perform a two-stage
workflow. The first stage is a lightweight configuration admission



gatekeeper, filtering out redundant or predictably disastrous candi-
dates. Otherwise, we proceed to execute the query plan and feed
the observed performance back to the GUIDER.

Closed Loop. We repeat the loop ®-@ until the termination
condition (e.g., number of iterations) is satisfied. Then, the best-
performing configuration and plan are put into effect, updating the
binding plan in SPM (see §2.3) for subsequent online use.

5 KNOB INITIALIZATION
5.1 Knob Category

In this work, C-knobs can be divided into two main categories:
@ physical knob that influences the cost of physical operator type;
and @ logical knob that affects join order enumeration.

Physical Knob (x,). This category adjusts the estimated cost of
individual physical operators in the query execution plan. The
involved operators? span a wide range of types, including: @ Join,
e.g., hash join, merge join, and nested loop join; @ Aggregation,
e.g., hash aggregation and stream aggregation; ® Scan, e.g., full
table scan, range scan, index scan, and columnstore scan; @ Other
operators, e.g., sort, limit, top-N, and table reader.

Logical Knob (). This category is designed to influence the cost
estimation within the join order enumeration. Specifically, for Q
involving i tables, we introduce i corresponding knobs (e.g., Kjoin(T)
in Fig. 1), each associated with one of the participating tables. Then,
these knobs act as scaling factors applied to the estimated cardinal-
ity of an output table before joining another table. Therefore, we
can adjust these factors to optimize the join ordering.

5.2 Knob Relevance

Various C-knobs lead to a vast search space X that suffers from
the curse of dimensionality. To mitigate this, we prune the search
space by identifying and retaining only the knobs relevant to the
given query Q. For example, when Q is a single-table query, all
join-related physical knobs (e.g., those corresponding to hash join
or merge join) are intrinsically irrelevant and are thus excluded
from the tuning process. Specifically, we identify such knob rele-
vance by instrumenting the CQO process. During the optimizer’s
enumeration of potential physical operators and join orders, we
mark the knobs associated with any considered operator as relevant.
Thus, we can identify operator-specific knobs «, that might have
an effect. Moreover, for a SQL query involving i tables, we also
introduce i join-specific knobs « ;, which influence the join order
enumeration. In the end, we tune the knobs k¥ =k, U ;.
Implementation. To enable relevance detection, we instrument
the optimizer kernel to intercept the plan enumeration process.
When alternative physical operators are enumerated (e.g., hash join
vs. merge join), our hook function captures the event and generates
the corresponding knob. Finally, we expose this functionality via a
dedicated SQL interface, EXPLAIN format=‘relevant_knob’.

5.3 Knob Domain Mapping

The physical value domain of a knob ©(x) is defined as [%, nl,

where n represents the maximum table size it operates. This range
is determined based on the estimated upper and lower bounds of
the scaling error. However, the range [%, n] spans several orders
of magnitude as n might be huge, resulting in scaling imbalance.

Zhttps://docs.pingcap.com/tidb/stable/system-variables/
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Therefore, we apply a logarithmic transformation that maps the
physical knob values into the interval [0, 1], allowing us to explore
tuning space more effectively. Formally, let x be the physical knob
value, and we define the transformation as:

10g(x) - log(xmin)
log(xmax) - log(xmin) ’

x= ®3)
where Xmin and xmax denote the lower and upper bounds. This maps
X € [Xmin, Xmax] to X € [0,1] in log-space. The reverse mapping
recovers the physical value from the normalized space via:

4

Remark. Unless otherwise specified, the knob domain is normal-
ized to [0, 1] during the tuning process. When evaluating, the knob
values are de-normalized and applied to the query optimizer.

6 BAYESIAN OPTIMIZATION AS A GUIDER

To minimize the cost of executing extra queries against the database,
and given that we do not know how to efficiently explore the space
of possible query plans, we require that our offline planning process
is guided. In this context, BO [14] is a promising approach, which
optimizes black-box functions that are expensive to evaluate, aiming
for sample efficiency. Therefore, we employ the BO as a guider
(GuiDkR). The input of GUIDER is the configuration with execution
time, which is denoted as the observation {(x;,y;)}. The goal of
GUIDER is to propose the next point xgo to inform the REASONER.
The Necessity of Combining BO and LLM. Relying solely on
BO often suffers from slow convergence, while relying solely on
LLMs risks hallucinations. In consequence, both approaches are
susceptible to local optima. By contrast, we harmonize the best of
both worlds: leverage BO to provide quantitative guidance to locate
the promising regions, which serves as grounded demonstrations
to steer the LLM’s reasoning. Such synergy accelerates the search
for high-quality solutions and mitigates hallucinations.

X =exp (}? . (log(xmax) - log(xmin)) + log(xmin)) .

6.1 Warm-Start Initialization

To build an initial surrogate model fy(x) that approximates f(x),
we begin with a warm-start phase. As exhaustive sampling of high-
dimensional search space is infeasible [5, 23], we generate m sample
points {x;}, using a Sobol sequence [22]. Unlike pseudo-random
sampling, this low-discrepancy, quasi-random sequence ensures
more uniform coverage of the high-dimensional space, which is
critical for fitting a reliable initial Gaussian process (GP) [57].

Initial Observations. Each configuration x; is evaluated with a
conservative timeout threshold 7, typically set to a multiple of the
default configuration’s performance, e.g., 2 - f(x¢). This process
yields an initial dataset Dy = {(x;,y;,0;)}12,, where y; is the ob-
served execution time (or 7 if a timeout occurs) and o; € {0,1} is a
binary indicator denoting whether this evaluation timed out. This
dataset is used to initialize the surrogate models as described next.

6.2 Surrogates with Timeout Constraint

The C-knob configuration space induces a high-dimensional, dis-
crete, and non-smooth objective function. As such, a single global
surrogate model can not capture this configuration-performance
relationship. Furthermore, executing a query with a poor configu-
ration can be extremely time-consuming, yielding no informative
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performance signal. Therefore, our goal here is thus twofold: find
an optimal configuration while efficiently avoiding costly timeouts.
To address these challenges, we propose timeout-constrained
Bayesian optimization (TCBO), a method inspired by the vanilla
trust region BO technique [11, 12, 50]. TCBO employs a collection
of local models to capture performance space’s heterogeneity and
explicitly models the probability of timeouts as a safety constraint.
Local Objective Modeling. Following Eriksson et al. [11], we
maintain a set of L concurrent trust regions (TRs). Each trust region
TR, is centered around its incumbent x;‘, which is the configuration
with the best observed performance within that region so far. For
each trust region, we train a dedicated local GP surrogate model,
GP obje» using only the performance observations {(x;,y;)} that
fall within that region. This allows each model GP ;, to capture
local performance variations. Besides, to improve model fitting, we
apply a Gaussian copula transformation [41] to the objective values
y;, which magnifies differences near the optima.
Adaptive Trust Region. Each trust region TR is a hyper-rectangle
whose shape is adaptively scaled to match the learned character-
istics of the objective function. The side length in dimension i is
given by: L,; = A,-L[/(H?:I Aj)l/d, where d is the dimensionality
of x. Here, A; is the learned GP lengthscale [11] for dimension i.
Finally, we create an anisotropic (non-uniform) trust region that is
shorter in sensitive dimensions and longer in less sensitive ones.
Probabilistic Timeout Constraint. The cornerstone of TCBO is
treating the risk of a timeout as an explicit constraint. To model this
constraint probabilistically, we employ a GP classifier GP imeout-
This choice is natural within our BO framework as it provides
a posterior distribution over the timeout likelihood, rather than
a deterministic label [31]. Specifically, GP imeout is trained on all
available timeout observations {(x;, 0;) }. It learns the timeout prob-
ability P(o = 1|x), which is a continuous value in [0, 1]. We then
formalize a safety requirement by constraining this probability to
be below a small risk threshold § € (0,1) (e.g., d = 0.05):

Ctimeout (X) = P(0 = 1|x) = § < 0.

®)

While the posterior mean probability can express this constraint,
our acquisition function (see §6.3) directly leverages the full poste-
rior from GP timeout tO capture uncertainty and avoid unpromising
regions. Note, for ease of presentation, we omit the notation o; in
other sections, since timeout status is easily determined.

6.3 Acquisition via Thompson Sampling

With the surrogate models GP g1, and GPimeout defined, we use an
acquisition function to decide which new configuration to evaluate.
We employ Thompson sampling (TS), a posterior sampling strategy
for multi-armed bandit problem [32]. By sampling from the pos-
terior, TS makes a decision based on a plausible hypothesis of the
performance landscape for each candidate. The generation process
of {x},..., x;} is as follows, repeated for each indexk = 1,...,¢q:

Step 1: Draw a Realization from the Posterior. A GP posterior
defines a distribution over functions consistent with the observed
data [71]. In this step, we draw a single sample from this distribu-
tion for each model. This yields a function ﬁ,(k) from each GP ;¢
and a function ét(il:rzeout from GP timeout- Each sampled function is a
realization that is plausible given our current beliefs.
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Step 2: Optimize within the Sampled Realization. For each
trust region, we find the optimal configuration within the functional
landscape defined by the samples drawn in the previous step:

(k)

Ctimeout

* _ . A(k)
X, =arg ngTl%zl,f; (x) st (x) <0. 6)
Step 3: Global Candidate Selection. From the set of local optima
found in step 2, we select the globally best one as the k-th candidate:

x* =arg min £ (x*,). 7

k gt’e{l,“.,L}ﬁl (xz) @)
Finally, we generate a batch of candidates {xl* o, x; }. Then, xgo is
selected from them with the best predicted performance according
to the GP models’ posterior mean. Let £ be the index of the trust
region from which xz was generated. xpo is defined as:

®)

Xpo = arg min
ke

(1

where fiobj g, is the posterior mean function of local GP gy, -

Hobj, b (Xz):
q}

Trust Region Update. After receiving the results of EVALUATOR,
the TRs themselves also adapt as the optimization progresses. The
size of each TR, controlled by its base side length L, is adjusted
based on the outcome of recent evaluations within it. A “success” is
registered if a new evaluation improves upon the TR’s incumbent
x}; otherwise, it is a “failure”. Specifically, (1) Expansion: After ggucc
consecutive successes, the TR is expanded: L, < min{2L, Lyax }-
(2) Contraction: After pg,; consecutive failures, the TR is shrunk:
Ly < L;/2. (3) Restart: If L, falls below a minimum threshold Ly,
the TR is discarded and a new one is re-initialized.

7 LLM-BASED CONFIGURATION REASONER

To maximize the utilization of rich database semantics of C-knobs,
we integrate the LLM’s in-context learning capabilities [30] with
statistically informed signals from GUIDER. Specifically, we intro-
duce a self-evolving REASONER that leverages statistically informed
contextual example generation (see §7.1) and search improved so-
lutions through feedback-driven evolution (see §7.2).

7.1 In-Context Example Generation

Directly asking an LLM to suggest knob configurations is unreliable,
as the LLM lacks knowledge of the current execution environment.
As such, we leverage the in-context learning capability of LLMs by
providing them with empirical observations. A naive approach is
to include the full observation set D = {(x;,y;)} [31]. However, it
is suboptimal due to the excessive context length and the fact that
LLMs inherently lack a rigorous statistical foundation [1].

As shown in Fig. 3, inspired by the maximal marginal relevance
(MMR) [6], we propose to select a compact yet informative subset
K of the full observation set D, i.e., K C D. To obtain K, we treat
xpo as the query point and retrieve key observations from D, which
adheres to the following two MMR criteria: (i) spatial proximity to
the promising region around xpo to ensure relevance; (ii) diversity
across performance subspaces, which reduces redundancy.
MMR-based Neighbor Search. We initialize K = 0, and itera-
tively collect a candidate at a time. Since the query plan P(x) is
easily known via EXPLAIN statement, we can simplify the diversity
measure by enforcing a distinct plan. In each iteration, we select

x' =arg min ||x; —xpollz st Vx; € K, P(x;) # P(x;), (9)
XiED\W
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Figure 3: LLM-based Configuration Reasoner.
and update K «— KU{(x’,y’)}. This procedure ends when | K| = k.
7.2 Rejection-Aware Configuration Reasoning

To equip the REASONER with a meta-reasoning capability for self-
evolution, we leverage a feedback-driven Critique-and-Synthesize
loop, inspired by recent advancements in automated prompt op-
timization [2]. This mechanism is triggered upon critical failure,
enabling the REASONER to analyze its own mistakes and refine its
internal reasoning strategy to escape local optima.

Initial Recommendation. The REASONER initiates the process
by generating a batch of candidate configurations X via an LLM,
conditioned on a carefully constructed prompt IT;e:

X e LIM(ITrec (%, Q). (10)

The prompt integrates the task description, knob definition with
its mapping, and the in-context examples K retrieved in §7.1. To
ensure the generation of high-quality and valid configurations, we
incorporate two key refinements. First, to counteract the LLM’s
propensity for low-precision outputs (e.g., 0.6 vs. 0.1)—which can
translate to vastly different physical values (see Eq. 4) and cause
uneven exploration—our prompt explicitly demands high-precision
decimals (e.g., 0.115728). Second, to ensure robustness, we enforce
any out-of-range or syntactically invalid values to their defaults,
preventing failures in the end-to-end workflow. Then, the final set
of configurations sent to the EVALUATOR is the union of the LLM’s
proposals and the point proposed by the GUIDER, i.e., X U {xpo }.

Critique-and-Synthesize Loop. However, the candidate plan
space is notoriously vast, with sparse regions of high quality [29].
Consequently, common configurations might yield performance
far inferior to the default plan [8]. Therefore, it creates a high-
rejection-rate environment where recommended configurations are
frequently discarded by the EvaLuaTor. Thus, when X is rejected,
it signals a fundamental flaw in the current reasoning strategy.
Upon receiving such feedback, the REASONER triggers the following
evolutionary procedure rather than resorting to simple heuristics.

@ Critique Phase. The REASONER first enters a critique phase to
perform an error-driven self-reflection [2, 20]. It is prompted to
analyze the root causes of the configuration rejection. Specifically,
we construct a critique prompt, Hcritique, which instructs the LLM
to identify the flawed patterns in its rejected configurations.

(Meritique)- Given the successful examples <> and that <X> were
all rejected, please analyze the shared characteristics of the rejected
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configurations. Identify potential flawed patterns, such as overly con-
servative exploration or neglect of knob interactions evident in K.
Output a concise analysis of these failures as structured feedback.

As such, the LLM’s response, i.e., a structured feedback text F,
encapsulates its understanding of this rejection:

Fo « LLM(Hcritique (X’ K, Q)) (11)

® Synthesis Phase. The feedback F. is then used to guide the next
generation attempt. A new synthesis prompt Ilgyne, is dynamically
constructed, incorporating the insights from the critique phase.

(Hsynth). Your previous recommendations failed. Your self-critique
is: <F.>. Based on this feedback, generate a new batch of candidate
configurations. Explicitly avoid the identified flawed patterns. Your
new suggestions should be more diverse and strategically explore the
knob space informed by your analysis.

To further stimulate exploration and prevent repeated failures,
popular prompt techniques [31] are also employed during this
phase: the order of the in-context examples K is shuffled to K", and
the LLM’s temperature is increased. This combination of guided
refinement allows the REASONER to effectively escape local optima.
Then, a potentially superior batch of candidates X’ is generated:

X' LLM(HsYnth (Fc, 7(,, Q)) (12)

Hierarchical Fallback Policy. To ensure the robustness and timely
termination of the tuning process, we employ a hierarchical fallback
policy. If the REASONER fails to produce a valid candidate config-
uration within a predefined budget &, the REASONER gracefully
degrades to a more traditional exploration strategy. It falls back to
Latin hypercube sampling (LHS) [36], a space-filling design that
guarantees broad coverage of the search space [13, 49]. This policy
ensures that our framework maintains forward progress, leveraging
the sophisticated reasoning of LLMs when possible, while relying
on a different exploration to handle unrecoverable model failures.

8 TWO-STAGE PERFORMANCE EVALUATOR

Since some plan executions are expensive and may even be in-
feasible [49, 50, 59, 68], the primary objective of EVALUATOR is to
judiciously avoid unnecessary executions. To this end, we design
a two-stage evaluation workflow, as illustrated in Fig. 4. The first
stage is a lightweight configuration admission gatekeeper, filtering
out redundant or disastrous candidates. Only configurations that
pass this gate proceed to the second stage, where the corresponding
plan is executed under a timeout constraint.

8.1 Plan Repository

As illustrated in the lower-right of Fig. 4, we maintain a plan repos-
itory R. It is designed to satisfy two requirements: (i) high fidelity,
i.e., every entry is derived from actually executed plans; and (ii)
fine-grained annotation, i.e., each recorded plan is augmented with
low-level execution metrics (e.g., storage-/compute-layer break-
downs). These properties enable EVALUATOR to reuse reliable exe-
cution evidence to strengthen configuration admission (§8.2).
Given a SQL statement Q with its actually executed plan P, the
repository R stores a record (¥ (P), Q, 13) where P is a verbose plan
obtained by enriching the operator tree with additional low-level
execution metric. Specifically, we store: (1) Plan fingerprint ¥ (P): a
canonical identifier widely used in DBMSs for plan lookup. Before



TH

R ner
Config x easone

t Reject

EXPLAIN

&= 8 =
:5%@ ﬁ - ﬁ = @ o
g < 5
o Redundant Dlsastrous o & ﬁ

9 Top-Down

Plan P(x)

SQL

Verbose
Plan

808é6

Operator  EstRows ActRows Time
HashJoin
|TableScan

LTableScan

80
%
95

50 1s
60 80oms
70 100ms

ooy
o O O

Figure 4: Overview of EVALUATOR.

computing ¥ (P), the literals in predicates are normalized, e.g.,
replacing a>100 with a>?, and then deterministically encode the
resulting operator tree; (2) SQL statement Q: the originating SQL
statement for provenance; (3) Verbose plan P: the operator tree in
which each operator node is annotated with rich runtime statistics,
e.g., estimated/actual processed rows at the storage/compute layer,
execution time, and other engine-specific details. Note, we maintain
one repository per schema to ensure that stored plans and metrics
remain comparable under a fixed physical design.

8.2 Configuration Admission

As shown in Fig. 4, given a configuration x recommended by the
REASONER for a specific SQL statement Q, we invoke the optimizer
(via EXPLAIN) to obtain the corresponding plan P(x), abbreviated as
P. @ We first attempt to eliminate exact duplicates by querying the
plan repository R for a full-plan match under the same Q. If the full
plan already exists in R, we reject x and reuse the recorded latency
as a true observation (x,y) since there is no need to re-execute
P(x). Otherwise, we continue to the next step. @ As the full-plan
cannot be matched, we traverse P from top to bottom. ® For each
traversed subplan p, we query R based on the exact match of the
fingerprint F (p). If the match is found, we stop the traversal since
p is the largest matched subplan along the traversal. Otherwise, we
continue the traversal. @ Since the fingerprints have normalized
literals, this retrieval does not require identical parameter values
and might return multiple matched subplans, denoted as S(p) =
{s1,...,k}. @ Based on the fine-grained statistics of each s;, we
compute a list of conservative latency estimates {E(p, s j)}§:1 and
aggregate them by the maximum: f(p) £ maxees(p) E(p,s). @
If f(p) is no less than the timeout threshold 7, we reject x as the
corresponding plan P(x) is predictably disastrous. Otherwise, x is
admitted to the next stage. Note that we extrapolate .Z(p) of the
subplan to imply the latency of the full plan P.

History-based Conservative Estimate. Here, we describe how
to compute E(p, s) from a matched historical subplan s. Since the
repository R stores high-fidelity, fine-grained records from past
executions, we can reuse them to derive a conservative latency
estimate of the candidate plan during admission stage. Note, our
goal here is not to build an accurate runtime predictor; instead, we
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seek a lightweight yet effective estimator that provides a safe upper
bound for early pruning. As follows, we first introduce the latency
decomposition model, and then describe how we infer a conserva-
tive latency bound for a given plan (or subplan) by extrapolating
from matched historical executions. For simplicity, we use the term
plan to refer to an operator tree and do not distinguish between a
full plan and a subplan unless otherwise stated.

In modern disaggregated architectures [21, 53, 67], the execution
latency of a plan L(p) can be decomposed into L(p) = L;(p) +
L:(p), where Ls(p) is a storage-layer (TiKV) component (e.g.,
data scans), and L. (p) is a computation-layer (TiDB) component
(e.g., joins). Given a matched historical subplan s € S(p), we can
estimate the execution latency of p by scaling the observed latency
of s according to cardinality differences. From the verbose plan of s,
we extract: (1) the storage latency L(s), defined as the maximum
wall-clock time among parallel storage tasks, together with the
corresponding processed row count R,(s); and (2) the compute
latency L.(s) = L(s) — Ls(s) with total processed rows R.(s).
Using these statistics, we derive per-row unit latencies:

L(s) Lc(s)
Ri(s)” Re(s)”

For a candidate plan p, the optimizer provides estimated row counts
Rs(p) and R.(p). We then extrapolate its execution latency as

E(ps) = Ry(p) - ps(s) + Re(p) - e s)-

Scope and Applicability. Our design assumes the availability of
reliable subplan-level runtime measurements. Therefore, it can not
be directly applied to the morsel-driven or compiled systems [24, 28,
39, 40] that generate low-level code for a SQL query that fuses all
adjacent non-blocking operators of a query pipeline into a single,
tight loop [37]. On one hand, the compilation overhead can distort
runtime measurements. On the other hand, due to the operator
fusion [24, 54], the lack of traditional operator boundaries makes it
difficult to extract individual operator times.

pe(s) = (13)

ps(s) =

(14)

8.3 Plan Execution & Post-Processing

Once a configuration x passes the admission stage, it proceeds to
the execution stage. However, blindly executing every plan is often
impractical, as suboptimal plans can exhibit exceedingly long exe-
cution times, potentially lasting for days or even weeks. Therefore,
we set a pre-defined timeout threshold 7 (see @). If the execution of
P(x) does not complete within 7, we terminate it early. In this case,
the true latency is right-censored, i.e., the run is truncated at 7, and
we only know that f(x) > 7. Following common practice [50, 68],
we record the latency of such time-out plans as 7.

Note that we use a fixed timeout threshold 7 (rather than dynamic
one in [50]) for two reasons. First, our surrogates train the primary
objective model exclusively on uncensored observations, i.e., plans
that complete execution within 7. This prevents the censored data
from directly biasing the model’s performance predictions in the
well-performing regions. Second, our dataset of poor-performing
plans is not limited to the fixed label 7; it is augmented with es-
timated latencies from our admission stage, which can exceed 7.
Thus, this provides the GUIDER with a richer profile of the high-
latency search space. Moreover, dynamic timeouts based on model
uncertainty can be highly unreliable in the early, sparse-data stages



of optimization. In contrast, our fixed-timeout design, together with
admission-stage estimates, provides a more robust mechanism.
Repository Update. To maximize the utility of each execution,
we decompose every evaluated plan into its constituent subplans,
and store them in the plan repository (see ®). This fine-grained
data persistence is applied to both successfully executed plans and
timed-out plans. For a timed-out plan, we store the execution data
for all subplans that completed before the timeout is triggered. Note,
when the leaf operators fail to complete, no subplan is stored.
Observation Update. Throughout both stages, all “tested” con-
figurations yield useful feedback for GuIDER. We collect all such
configuration-performance pairs to update the statistical surrogate
(®). Specifically, the collected observations include: (i) successful ex-
ecutions with exact latencies; (ii) timed-out executions recorded as
7; and (iii) rejected configurations, including duplicates with reused
true latencies and disastrous ones with conservative estimates.

9 EXPERIMENTAL EVALUATION

9.1 Experimental Setup

Environment. OBELISK is implemented in Python 3.12 and the
default DBMS used in our experiments is TiDB V8.5 server with 8
TiKV nodes (each with 8C16G). Unless otherwise specified, the LLM
used in our experiments is OpenAI's GPT-40-mini. Experiments are
conducted on a server running Ubuntu 24.04 equipped with two
28-Core Intel Xeon 6330 processors, 256 GB RAM, 960GB SSD, and
two NVIDIA GeForce RTX 4090 GPU.

Benchmarks. Experiments are conducted on the following queries:
e JOB: The full join order benchmark (JOB) [29], which consists
of 113 realistic queries over the IMDB dataset.

CEB: The Cardinality Estimation Benchmark (CEB), introduced
by Negi et al. [38], consists of numerous queries across 16 query
templates over the IMDB dataset. Following Tao et al. [50], we
adopt the same subset of 233 queries used in their evaluation,
which are representative instances from 13 templates.

TPC-H: A classic OLAP benchmark with 8 tables and 22 queries,
with complexity slightly weaker than TPC-DS. For Q15, we pre-
create the view to avoid DDL during benchmarking.

TPC-DS: An industry-standard decision-support benchmark
with 24 tables and 99 complex queries. We exclude queries that
rely on common table expression (CTEs) or ROLLUP, which are
not fully supported in TiDB, thus yielding 63 queries.

DSB: Ding et al. [9] introduce DSB, a decision support bench-
mark adapted from TPC-DS. DSB enhances TPC-DS with more
complex data distributions, where tables must be generated ac-
cording to a partial order, as well as enriched query templates.
Following Tao et al. [50], we adopt the same set of 90 queries,
consisting of three generated instances from each of 30 templates.

Unless otherwise noted, JOB and CEB use the real-world IMDB
dataset [29], whereas the others use synthetically generated data
with scale factor SF=50. For DSB, we use the default setting for data
generation. In addition, we create indexes on all join keys.

Baselines. To our knowledge, BayesQO [50] is the first work to
study this problem, and we employ it as the main baseline for com-
parison. We train BayesQO’s VAE from scratch using the released
source code (latent dimension is set to 64), with minor adaptations
to support TiDB (e.g., join tree construction); the training for each
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schema completes within 16 hours (800,000 steps), and the result-
ing reconstruction accuracy is comparable to that reported in the
original paper. In addition, we employ Bao [32] as another baseline.
It was proposed as a RL-based method that intervenes by selecting
one of the fixed 49 hint sets. Since our experiment is offline query
optimization, Bao here refers to enumerating 49 hint sets, and we
add a dialect mapping that rewrites PostgreSQL hints to their TiDB
equivalents, thus the intended hint behavior is preserved.

Metric. We report % improvement as the latency-reduction ratio
between the best plan and the default plan. To preclude confound-
ing effects from potential optimizations in the storage engine, we
disable TiDB’s coprocessor cache by setting copr-cache-size to 0.
Settings. For the GUIDER, we adopt a trust-region BO scheme as
described in §6. The initial trust-region side length is set to Ly = 0.2,
bounded by Ly, = 0.5% and L., = 0.8. The success and failure
tolerances for trust-region adaptation are pgyec = 3 and gl = 3,
respectively. For the probabilistic timeout constraint, we set the
risk threshold to § = 0.05. For the REASONER, the default LLM
temperature is 0.7. Unless otherwise specified, the tuning budget
consists of 6 warm-start rounds followed by 15 iterations.

9.2 Quality Evaluation

We run OBELISK and baselines on five benchmarks, tuning each
query under a fixed budget. Note that BayesQO inevitably incurs
Bao’s 49 trial runs before its own optimization begins. Therefore, in
addition to iteration budget of BayesQO, we also impose a maximum
execution time of one hour per query. This choice is based on two
considerations: (i) prior results by Tao et al. indicate that most
tuning benefits are achieved within approximately one hour (see
Figs. 4, 5, and 10 in [50]); and (ii) given the large number of queries
in our evaluation, allocating substantially longer time per query
would make the overall experimental cost prohibitive. Fig. 5 shows
the final per-query improvement distribution, where curves closer
to the top right indicate that a larger fraction of queries achieves
larger speedups. Table 1 summarizes the corresponding statistics.

First, we observe that OBELISK consistently achieves stronger
offline optimization benefits than the baselines, as reflected by
curves that are closer to the upper right across all benchmarks.
Specifically, OBELISK’s average improvement ranges from 38.0%
(CEB) to 58.6% (DSB), implying the high effectiveness of OBELISK.

Second, the performance gains of OBELISK are distributed across
a broad set of queries rather than being concentrated on a few cases.
As shown in Table 1, the P75 metric (sorted by improvement in de-
scending order) characterizes the harder-to-improve portion of the
workload. However, Bao and BayesQO exhibit negligible gains on
such bottom 25% of queries, since the traditional optimizer already
selects the near-optimal plans, and uncovering further improvement
requires more sophisticated exploration. In contrast, OBELISK still
achieves nontrivial gains for part of this harder subset. We attribute
this to the fine-grained knob design combined with LLM-based rea-
soning, which helps escape local optima and discover alternative
plans. Although BayesQO also provides fine-grained interventions,
its tuning process is substantially more time-consuming and re-
mains susceptible to local optima in practice.

Third, we find that offline optimization yields larger benefits on
more challenging workloads, and OBELISK is particularly effective
in such scenarios. For example, on DSB, OBELISK achieves more
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Figure 5: Distribution of Offline Optimization Results. Towards the top right corner is better.
Table 1: Statistics of Offline Optimization Results. Higher is better.

| JOB (N=113) CEB (N=233)

TPC-H (N-22)

TPC-DS (N-63) DSB (N-90)

Method |Mean] Prs1 225%1 250%1

MeanT P75 T >25%1 >50%1

MeanT P75 T >25%7

MeanT P;5 T >25%7 >50%T

Prs T >25%1 250%7

>50%7 | MeanT

7.3%
36.1%
61.4%

3.9% | 16.9%
18.5% | 26.4%
31.3% | 48.1%

24.8%
46.9%
72.6%

13.3%
22.1%
52.2%

6.7%
25.3%
38.0%

0.0%
4.0%
17.4%

Bao 17.2%
BayesQO | 27.4%
OBELISK | 49.1%

0.0%
0.0%
24.4%

0.3%
1.9%
7.9%

0.0%
3.3%
26.0%

25.6%
47.8%
75.6%

20.0%
41.1%
58.9%

0.0%
0.0%
19.9%

25.4%
44.4%
71.4%

0.0%
31.7%
49.2%

18.8%
40.1%
58.6%

31.8%
45.5%
68.2%

45% | 12.0%
18.2% | 30.1%
50.0% | 47.7%

than 50% performance improvement for 58.9% of the queries. This is
because DSB contains queries where the default optimizer is more
likely to select suboptimal plans, thereby leaving greater room for
improvement. As query complexity increases, the likelihood of
optimizer mis-estimation grows, and OBELISK is well positioned to
exploit this tuning potential. Finally, we observe that there exists
a non-negligible fraction of queries whose performance remains
largely unchanged after tuning, which highlights that traditional
optimizers remain competitive for many average-case queries. This
is because the traditional optimizer is able to select the right plan for
some queries due to the decades of expertise. Furthermore, it reveals
that offline optimization techniques should serve as a supplement
to the query optimizer, covering the cases it cannot handle.

9.3 Case Study

To further compare the offline optimization effectiveness of OBELISK
and BayesQO, we select several queries from the benchmark with
the highest average improvement (DSB) and the benchmark with
the lowest average improvement (CEB). For these queries, we allo-
cate a larger tuning budget to enable a more thorough comparison.
As shown in Fig. 6, for CEB_11b44, BayesQO gradually improves
over time, but its final best plan remains slightly worse than the
plan found by OBELISK. For DSB_Query@19_0, BayesQO can even-
tually reach the same best plan as OBELISK. However, it spends
substantially more tuning time. Importantly, the other two cases
reflect the dominant behavior we observe in our extensive experi-
ments: BayesQO converges early to local optima. For CEB_1a1371,
BayesQO improves several times early on but stabilizes at a subopti-
mal plan. For DSB_Query_013_spj_2, BayesQO explores only a few
distinct plans and then settles into a poor local optima. We attribute
the sample-efficiency advantage of OBELISK to three factors. First,
GuIDER effectively identifies promising regions while proactively
avoiding costly timeouts, thereby steering the LLM toward high-
quality recommendations. Second, the self-evolution mechanism
in EVALUATOR promotes exploration beyond the local optima that
traditional BO often converges to. Third, the admission mechanism
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in EVALUATOR rejects redundant and predictably disastrous candi-
dates before execution, reducing wasted iterations and improving
the effective use of the tuning budget.

Robustness Evaluation under Data Drift. We model data drift
by scaling up the IMDB dataset to IMDB+, where the maximum
value of production_year increases from 2016 to 2024 and the data
size increases from 7.53GB to 19.80GB. Then, we evaluate robust-
ness by comparing a past plan and a future plan. Specifically, the
past plan is the well-optimized plan found by OBELISK on the orig-
inal IMDB snapshot, whereas the future plan is the default plan
produced by TiDB’s optimizer on IMDB+. As shown in Fig. 7, we
report the numbers of “positive” and “regression” queries, along
with the improvement distributions before and after drift. We draw
three observations from these results. (i) The past plans largely
retain their advantage under data drift. For CEB, 92.3% of queries
still run faster with the past plan than with the future plan. For JOB,
this holds for 85.8% of queries. This suggests that OBELISK per-
forms an instance-specific calibration that preserves the optimizer’s
built-in robustness, such as rule-based enumeration and pruning,
while correcting problematic cost components. Such calibrations
therefore tend to remain effective after moderate drift. (i) CQO
might repeat similar misestimation patterns under drift and thus
re-select suboptimal plans, since they do not internalize feedback
from prior executions. This observation is also consistent with the
motivation behind SQL plan management (SPM) [44, 78]. (iii) The
improvement margins on IMDB+ are smaller than those on the
IMDB for some queries, suggesting that the past calibration is not
necessarily optimal for the future data distribution. This naturally
motivates re-invoking offline optimization once drift is detected to
further refine plan bindings. Finally, for the minority of queries that
regress under drift, the slowdown magnitude is limited, indicating
that the plans produced by OBELISK are comparatively safer.
Interpretability Analysis. In our setting, interpretability does not
rely on the exact value of a single knob, but on the relative ordering
of knob values within a small set of competing alternatives. For
example, we consider several typical competition groups of physical
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Figure 7: Robustness Evaluation under Data Drift.
knobs: (i) Access path (e.g., TableFullScan vs. IndexScan), (ii) Join
algorithm (e.g., HashJoin, MergeJoin, and NestedLoopJoin), and
(iii) Aggregation (e.g., StreamAgg vs. HashAgg). For join order, the
table-level knobs encode preferences over when a base table should
be joined; lower relative cost scaling for joining a table indicates a
preference for bringing that table into the join earlier.

Then, we conduct a conservative plan-knob alignment experi-
ment. For each query, we collect the default plan P(x() with xo =1,
the best-performing plan P(x*), and the corresponding knob config-
uration x*. With the help of an optimizer expert to compare P(x),
P(x*), and x*, we label whether the observed plan differences are
consistent with the preference implied by the knob ordering within
each competition group. For physical operator groups (access path,
join algorithm, and aggregation), we check whether the most in-
fluential knob (i.e., strongest relative ordering) corresponds to a
plan that uses the corresponding operator type in places where it
competes with alternatives, even if only part of the plan changes.
For join order, we check whether the preferred table appears earlier
in the join sequence, and report Join Order @3 based on whether
the preferred table is among the first three joined tables, without
attributing the change exclusively to any single knob. We report
accuracy as the fraction of inspected cases where the expected out-
come is observed. As shown in Fig. 8, we observe consistently high
alignment accuracy across these four key intervention behaviors.
These results support that our approach leverages knob semantics
rather than treating knobs as opaque search variables.

9.4 Overhead Analysis

First, we evaluate the time overhead of the tuning process. Note, a
fully fair efficiency comparison across methods is inherently diffi-
cult, because the plan quality explored in each iteration can differ
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substantially. When poor plans are executed repeatedly, the overall
tuning time inevitably increases, leading to large variability across
iterations. Therefore, we report the following three complementary
metrics: (i) Iteration: the total tuning time divided by the number
of executed iterations. This metric roughly reflects how frequently
the method executes poor plans, as such trials inflate the average
per-iteration time. (ii) Total: the total tuning time from start to
finish. (iii) Convergence: the elapsed time from the start of tuning
until the best configuration (i.e., the best value observed during
the run) is first reached. We exclude queries with no performance
gain after tuning, as convergence is not meaningful in such cases.
Unless otherwise noted, we compute each metric per query and
then average across queries within each benchmark.

As shown in Fig. 9, in terms of Iteration, when query execution is
relatively fast, the three methods exhibit little difference. The main
reason is that during the offline optimization process, the quality
discrepancy of different plans is relatively small, plans that are too
poor will also be intercepted by the timeout mechanism. For Total,
we observe that OBELISK completes tuning substantially faster
than the others. The main reasons are twofold. First, the Total time
is partly influenced by the characteristics of the method. Bao applies
different hint sets sequentially, thus its tuning time inevitably accu-
mulates across 49 executions. BayesQO further depends on Bao’s
exploration data as a warm start to ensure effectiveness. In our
evaluation, we explicitly include this phase in BayesQO’s end-to-
end cost. Second, Bao’s coarse-grained hint might produce inferior
plans, which prolongs offline tuning since these candidates need
to be completely executed. This dependency raises an additional
deployment concern. In production, expensive training and warm
start overhead might hinder the tuning methods’ practicality at
scale. Finally, in terms of Convergence, we observe that OBELISK
often reaches its best-seen configuration early in the tuning process.
Thus, users can stop tuning after obtaining a good plan that delivers
sufficient gains, even though global optimality cannot be certified.
These results also call for offline optimization methods that either
(i) effectively avoid catastrophic plans, by preventing them from
being explored or by skipping them, or (ii) quickly find a plan that
provides sufficient improvement. Satisfying either of these goals
can substantially reduce the overall offline tuning overhead.
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Monetary Overhead. The monetary cost is primarily incurred by
the REASONER. On average, an individual query requires approxi-
mately 106k—178k prompt tokens and 36k-98k completion tokens,
causing a monetary cost of about 0.05 - 0.11 USD.

9.5 Ablation Study

To quantify the contribution of each key component to OBELISK’s
overall gains, we conduct an ablation study that evaluates GUIDER,
REASONER, and EVALUATOR by comparing OBELISK variants and
alternative tuners. In this study, we report results using mean im-
provement across queries within each benchmark. Specifically, w/o
R. removes the REASONER module and relies solely on TCBO; w/o
Context. removes the in-context examples provided to REASONER;
and w/o A. disables the admission mechanism in EvALUATOR. In
addition, to assess the effectiveness of the BO surrogate used in
OBELISK, we replace TCBO with TuRBO [11] and SMAC [71], which
are widely used hyperparameter optimization baselines based on
trust-region BO and random-forest regression, respectively.

As illustrated in Fig. 10 (a), OBELISK consistently delivers the
best performance across all benchmarks, demonstrating the effec-
tive synergy. First, removing the REASONER causes a substantial
degradation, with a 33.7% - 51.8% drop, which indicates that rely-
ing on TCBO alone can miss high-quality opportunities. Second,
w/o Context. uses the LLM to recommend configurations without
contextual examples. While it generally outperforms TCBO alone,
the improvement is marginal, suggesting that context is crucial for
producing promising recommendations. Third, disabling the admis-
sion mechanism within EvALuAaTOR (w/0 A.) reduces performance,
e.g., a 15.5% drop on DSB. This suggests that filtering out infeasible
candidates before evaluation can also mitigate noisy observations
that can mislead the GUIDER. Moreover, as shown in Fig. 10 (b),
TCBO consistently outperforms TuRBO and SMAC by large margins
across all workloads. For example, on CEB, SMAC and TuRBO incur
41.8% and 33.4% lower improvements than TCBO, respectively. This
is because TuRBO does not explicitly account for the timeout con-
straint, which might introduce excessive noisy observations and
reduce the effectiveness. Besides, SMAC usually requires a larger
number of observations to achieve substantial gains, whereas the
high-fidelity evaluations are expensive and therefore limited.

9.6 Hyperparameter Sensitivity Study

First, we investigate the effect of warm-start rounds within GUIDER.
Since the warm-start phase is typically limited in practice, we vary
the number of warm-start rounds among 3, 6, and 9. As shown in
Fig. 11, we observe that using 6 warm-start rounds consistently
yields the best performance, which motivates our default choice.
Increasing the warm-start rounds beyond this brings only marginal
influence, e.g., an average 3.1% drop in DSB. In contrast, using too
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few warm-start rounds degrades performance more noticeably. For
instance, 3 rounds lead to an average 12.6% drop in CEB. Note, even
with fewer warm-start rounds, OBELISK still attains strong final
performance. This is because warm start mainly affects the initial-
ization of GUIDER. Subsequent improvements are driven by the
closed-loop tuning process, where REASONER continues to propose
high-quality configurations throughout optimization.

Second, we study the impact of the tuning budget. As shown in
Fig. 12, OBELISK typically converges within 15 rounds, and in some
cases within only 10 rounds. Note, even with as few as 5 rounds,
OBELISK achieves competitive performance, indicating that it can
identify good configurations with very limited exploration. For
example, on JOB, the median improvement after 5 rounds already
reaches exceeds 60% of the final effect. Based on the above experi-
mental results, we choose 15 rounds as our default setting.
Limitations and Future Work. The primary limitation is that our
implementation is tailored to TiDB. This specificity arises from our
methodology’s requirement for deep, white-box integration with
the optimizer’s cost model. To enable OBELISK, we leverage our
long-term experience with the TiDB optimizer to perform custom
modifications, exposing C-knob investigated in this paper. Con-
sequently, a significant avenue for future work is the extension
of the OBELISK to other database systems, which would involve
identifying and exposing analogous C-knob in their respective opti-
mizers. Nevertheless, we posit that the core principles of OBELISK
are broadly applicable. OBELISK’s key components—the C-knob,
the BO GUIDER, and the LLM-based REASONER —are designed to
be orthogonal. This modularity ensures that OBELISK can readily
benefit from independent advances in different academic fields.

10 CONCLUSION

This paper presents OBELISK, an offline query optimization frame-
work that revisits the problem from the perspective of C-knob.
OBELISK integrates a timeout-constrained GUIDER, a self-evolving
REASONER, and a lightweight EVALUATOR, whose synergy consis-
tently demonstrates superiority across multiple benchmarks.
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