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Abstract
Modern database management systems (DBMSs) have evolved to support increas-

ingly sophisticated data-intensive applications, at the cost of substantial complexity
to configure them for two reasons. First, DBMSs expose a vast configuration space
with trillions of possibilities that encompass system knobs, physical design (e.g.,
indexes), and query options, among others. Second, these applications are con-
stantly evolving with changes in data access patterns, query types, load intensities,
hardware, and data distributions that necessitate continuous re-optimization.

To address these challenges, decades of autonomous DBMS optimization re-
search have produced specialized tuning tools to assist human operators. Deploying
these tools involves a complex multi-step workflow where an operator (1) observes
the DBMS’s behavior, (2) selects tools based on the objectives and their expertise, (3)
configures them with an isolated environment, (4) orchestrates their execution to ob-
tain recommendations, and (5) reviews those recommendations before deployment.
This cumbersome process results in suboptimal configurations and slow adaptation
to evolving applications’ workloads due to isolated specialized tools, inefficient
reuse of prior tuning knowledge, and the fallible human factor.

In this dissertation, we present techniques for addressing those limitations with
similarity to enable holistic database optimization. First, we present a holistic tuning
tool that optimizes multiple DBMS aspects simultaneously by using action similarity
to organize actions into neighborhoods conducive to exploration. We then present
a framework that assists tuners in adapting to environment changes by leveraging
workload and configuration similarity to re-mix historical knowledge. Lastly, we
present a system that transforms the human-centric tuning workflow into an agentic
process by using scenario similarity to link the deployment context with semantic
tool interfaces to optimize the deployment.

The techniques and associated similarity definitions presented in this dissertation
enable agentic holistic DBMS optimization over a deployment’s lifetime, improving
the deployment’s performance and reducing time taken to adapt to changes in
upstream user applications.
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Chapter 1

Introduction

Six decades after the first database management system (DBMS) was developed, DBMSs now
form the backbone of modern data-intensive applications. To support their workloads’ growing
demands, DBMS vendors continue to release new features and provide more opportunities for
end users to optimize their systems for specific deployments through database tuning. Database
tuning involves reasoning over the DBMS’s configurable options that include system knobs [109]
(e.g., parallelism, optimizer), physical design (e.g., indexes, partitioning), and query tuning (e.g.,
query rewriting, hints). Furthermore, these options exhibit complex, subtle interactions, creating
trillions of possibilities [68] that make it difficult to discover performant configurations.

To manage this complexity, human operators (e.g., DBAs) employ a multi-step workflow to
discover performant configurations [7]. At the start of the workflow, the operator first observes
the DBMS’s behavior and telemetry, along with any alerts or triggers from a monitoring system
(e.g., Amazon CloudWatch). Based on their observations and domain expertise, the operator then
contextualizes and interprets the observation to identify issues and potential solutions. They
then deploy tuning pipelines to generate recommendations, validate them, and apply them to
the deployment. These tuning pipelines often comprise one or more specialized tools that target
specific aspects of the DBMS. The operator first instantiates a sandbox environment containing
a snapshot or isolated clone of the deployment and a workload trace to optimize. They then
configure each tool in the pipeline with the appropriate inputs (e.g., tuning objectives, constraints,
tunable aspects) and run it in the sandbox environment. These tools range from simple rule-
based tools to more sophisticated machine learning (ML)-based tools that can optimize system
knobs [60, 109], indexes [11, 23], query tuning [77], and across multiple aspects [111, 134].
Within a single pipeline, the operator manually orchestrates the tools by determining the correct
sequence for invoking them and how to combine their respective tool recommendations together.

Although this human-centric workflow has demonstrated potential to improve deployment
performance, it cannot achieve a fully autonomous self-driving DBMS [86]. Given user objectives
and constraints (e.g., minimize p99 latency within specific service-level agreement (SLA) require-
ments), a self-driving DBMS holistically optimizes itself over its lifetime. This lifetime holistic
optimization involves (1) finding performant configurations for a point-in-time snapshot of the
deployment and workload, (2) rapidly adapting to changes caused by upstream applications, and
(3) intervening in response to any anomalies. We discuss each of these aspects in more detail,
along with the limitations of the existing human-centric workflow and existing tuning pipelines.
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1.1 Holistic Optimization for a Point-in-Time Snapshot
Given a point-in-time snapshot of the deployment and workload, a self-driving DBMS must
find performant configurations that maximize the user’s objectives subject to their constraints.
This optimization process is challenging due to the large search space and complex interactions
between the configuration spaces. For instance, a deployment may expose hundreds of system
knob settings, hundreds of candidate indexes, and thousands of possible query hints to apply.
This combined space is exponentially large, making it computationally difficult to reason over.

No existing tuning pipeline or individual tool holistically optimizes the entire configuration
space due to this complexity. Each tool focuses on a local aspect of the DBMS (e.g., only knobs)
and makes simplifying assumptions or requires operator guidance to make the problem tractable.
For instance, some tools use heuristics to prune the search space [134] while others require a
human operator to curate their actions [111]. These tools then defer multi-faceted optimization
(e.g., jointly optimizing knobs and indexes) to the human operator who uses their judgement
to invoke the correct tools in the proper sequence to obtain a performant configuration. Not
only is this process time-consuming and cumbersome, but it is also fundamentally flawed. As
these tools were designed to operate in isolation, they are unaware of other tuners and cannot
compose together to optimize a given deployment holistically. For instance, a knob tuner may
choose to turn off index scans to improve the DBMS’s performance, at the cost of preventing
the index tuner from discovering any beneficial indexes.

To remedy this coordination challenge, we require a holistic tuner that can jointly optimize
the entire configuration space simultaneously by reasoning about the interactions between
the various configuration spaces and traversing the high dimensional combined space. To
accomplish this, the tuner needs to intelligently reason about the relationships among different
actions to effectively prune and explore promising regions for performant configurations.

1.2 Rapid Adaptation to Application Changes
Even though a DBMS may be optimized for a given point-in-time snapshot, the environment often
is not static. Due to changing user patterns and business requirements, applications’ workloads
exhibit changes in data access patterns, query types, load intensities, and data distributions [110].
Whenever these changes occur or are detected by an external monitoring system due to an
anomaly, an operator must manually re-optimize the DBMS by deploying a tuning pipeline to
ensure the DBMS remains in an optimal configuration.

Despite the prevalence of these changes and the substantial knowledge available (e.g., past
pipelines, expertise), existing tuning tools are unable to efficiently adapt to applications’ changes
due to their design limitations. In the case of heuristics-based and cost-based tuners, their algo-
rithms do not readily support historical knowledge because they are fixed algorithms [11, 23, 60].
Even though some ML algorithms theoretically support incorporating prior experience through
pre-training [66] or fine-tuning [47], both are expensive in terms of recalibrating historical
observations for the current environment and consider only a workload-level granularity. Fun-
damentally, a framework is needed to reason about individual query semantics and different
configurations to accelerate deployment re-optimization for existing and future tools.
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1.3 Rapid Intervention for Anomalies
Regardless of how optimized a deployment is, anomalies occur in production deployments [46,
144]. These anomalies are typically detected from a monitoring system (e.g., Amazon Cloud-
Watch) that notifies an operator. Existing “copilot” systems are available that focus on assisting
an operator in diagnosing and identifying the root cause of a given anomaly [24, 84, 144].

However, these diagnostic systems are unable to actively intervene. They are unable to
act and reflect on their actions to improve the deployment. Instead, they rely on a human
operator to evaluate their analysis and apply the appropriate corrective actions. There is a lack of
standardized interfaces for optimization tools that are conducive to orchestration by a reasoning
agent (e.g., a tool-calling large language model). Optimization tools rely on the operator to intuit
their semantics and behavior rather than providing explicit guidance. As such, we require a
system that can contextualize the deployment state and orchestrate a toolbox of optimization
tools to actively intervene and mitigate anomalies.

1.4 Summary of Contributions
This dissertation addresses the challenges of holistically optimizing a DBMS deployment over
its lifetime through distinct notions of similarity. It explores multiple similarity definitions that
facilitate efficient reasoning over (1) actions for tuning a deployment’s point-in-time snapshot,
(2) workloads and configurations to adapt a deployment to changes in user applications, and (3)
scenarios for intervening in ongoing deployment events or anomalies.

This dissertation aims to provide evidence to support the following statement:

Thesis Statement: Identifying and leveraging similarities among tuning actions, workloads,
configurations, and operational scenarios enables holistic optimization of a database management
system throughout its lifetime that improves performance and reduces adaptation time.

This dissertation makes the following contributions:

Action Similarity forHolistic Tuner (Chapter 3): We present a holistic tuner that optimizes
multiple DBMS aspects simultaneously for a point-in-time snapshot of a given deployment and
workload. The holistic tuner leverages a notion of action similarity to structure an extremely
high-dimensional action space into related neighborhoods conducive to exploration.

Workloads-Configurations Similarity for Adaptation (Chapter 4): We introduce a frame-
work that enables tuners to adapt an existing deployment to changes in applications’ semantics
and workloads. The framework leverages workloads-configurations similarity to identify and
compose relevant historical contexts into distilled findings that are injected into the assisted
tuner to improve the final configuration’s performance and reduce time to convergence.
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Scenario Similarity for Interventions (Chapter 5): We present a system that transforms
the human-centric diagnostics-based workflow into an agentic process capable of directly
intervening in response to anomalies encountered over the deployment’s lifetime. The system
leverages scenario similarity to link the deployment context with a toolbox exposed through
semantic tool interfaces to repair the deployment.

We provide more detailed background into DBMS optimization, workload adaptation, and
encountered deployment anomalies in Chapter 2. We provide detailed related work in Chapter 6
and possible areas of future work in Chapter 7. We conclude our research findings in Chapter 8.
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Chapter 2

Background

In this chapter, we provide background on automated DBMS optimization. We primarily ap-
proach this discussion within the broader context of self-driving [86] DBMSs that are designed
to manage themselves autonomously without human intervention (i.e., holistic optimization
across time). We then discuss automated tuning tools and their challenges from both efficacy and
deployment perspectives, followed by the ability of these existing tools to adapt to environment
changes. Lastly, we conclude with a discussion of existing agentic diagnostic systems and their
shortcomings with respect to actively intervening to mitigate anomalies.

2.1 Self-Driving DBMSs
A self-driving [86, 87] DBMS aims for completely autonomous operation that is proactive and
efficient. To achieve this, a self-driving DBMS relies on three core architectural components: (1)
a forecaster, (2) behavior models, and (3) a planner.

Forecaster: This component is responsible for predicting workloads that the DBMS might
have to execute in the future at various horizons (e.g., next hour, next day). Forecasting relies
on various techniques such as clustering [71] and Long Short-Term Memory networks [45] to
predict workload characteristics such as query templates, arrival patterns, and query parameters.
A self-driving DBMS relies on its forecaster to guide the planning process, preparing it for
upcoming scenarios. For instance, if the forecaster predicts a workload spike in the next hour,
the DBMS can proactively scale up to prepare.

Behavior Models: The simplest method for a self-driving DBMS to evaluate an action’s
impact is to change the DBMS’s configuration and run the workload. However, this approach is
infeasible due to computational overhead. As such, a self-driving DBMS relies on its behavior
models [73] to predict the costs and benefits of all possible actions. Developers must carefully
co-design the behavior modeling framework and the self-driving DBMS architecture to model all
actions’ effects accurately. For instance, if the DBMS were to change a configuration parameter
(e.g., background task resources), the behavior model must be able to predict how that change
may impact both immediate and future queries.
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Planner: Even though existing DBMSs may suggest configuration changes, they rely on a
human operator to evaluate and apply them. The self-driving DBMS’s planner uses the forecasted
workload and its behavior models to identify promising configuration changes (e.g., knobs to set,
indexes to build). The planner then uses authorized time windows (e.g., maintenance window,
under-utilized instance) to deploy those changes autonomously.

The tightly coupled forecaster, behavior modeling, and planner components form the bedrock
of a self-driving DBMS design that facilitates holistic DBMS optimization over its lifetime.
However, existing DBMSs often lack many of these autonomous capabilities. Instead, they resort
to a human operator augmented with tuning tools to approximate the planner. We center our
discussion on these tuning tools next.

2.2 Automated Database Tuning
As Section 2.1 describes, existing DBMSs rely on a human operator augmented by tuning tools
to approximate the planner. These bespoke tools specialize in optimizing specific facets of
the DBMS. Before deploying a tool, the operator creates an isolated environment containing a
snapshot of the deployment and a workload trace to optimize. This isolated environment allows
the tool to freely explore configurations, restart the DBMS, and take potentially destructive
actions (e.g., dropping indexes) without affecting the production environment [72]. Depending
on high-availability constraints, the operator may temporarily detach (i.e., fork off) a read replica
to serve as the sandbox [68, 72], while also mirroring production traffic to observe its behavior.
If the optimization proves fruitful, the control plane can directly promote the now-optimized
read replica to the new primary or otherwise merge it back into the production environment.

2.2.1 DBMS Optimization Tools
To simplify the overhead for an operator using a tool, existing tools are designed from the
outside in. They function by observing the deployment’s characteristics (e.g., schema, query
runtimes, metrics) and then use their internal algorithm or models to generate recommendations.
We describe a few common aspects targeted by different DBMS optimization tools.

Knobs: Modern DBMSs expose hundreds of system knobs that alter the DBMS’s behavior [109].
For instance, these knobs can alter the query optimizer’s behavior (e.g., join method), the
maximum degree of parallelism for scans, and resource settings (e.g., buffer pool size), among
others. Knob tuners aim to reason over the interactions between different knobs to provide
a performant configuration. These knob tuners range from simple heuristic-based rules [60]
to more sophisticated machine learning (ML)-based tools (e.g., Bayesian optimization [109],
reinforcement learning [130], LLM-based [47]).

Physical Design: Optimizing the physical design is critical for improving query performance.
Physical design includes index selection [11, 23] and materialized views [126], among others.
Physical design tuners rely on a workload trace to identify beneficial structures. For instance,
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an index tuner may extract query predicates from the workload trace to constrain the set of
interesting columns to index [23, 29]. Often, physical design tuners rely on the DBMS to support
a “what-if” [22] mechanism to evaluate the impact of different changes without actually applying
them, due to overhead. However, as each index candidate has a multitude of considerations, such
as index type (e.g., B+Tree, Hash), index columns (e.g., single-column, multi-column), predicate
constraints (e.g., partial indexes), and include columns (e.g., covering indexes), existing tuners
are unable to reason about all of these considerations. They instead aggressively prune the
search space using heuristics or operator guidance to make it more tractable.

Queries: The DBMS’s optimizer determines how a query should be executed (e.g., its query
plan). Because finding the optimal query plan is NP-hard, the optimizer may fail to find one for a
given query. Externally-oriented query tuners aim to improve on the existing query optimizer’s
behavior by guiding the optimizer. In its simplest form, these tuners may rewrite the query to
make planning easier [67]. Other tuners recommend query hints that the optimizer understands
to control its exploration strategies (e.g., consider only hash joins) [12, 77]. Internally-oriented
query tuners aim to augment the core optimizer to generate more performant plans [76] directly
at the cost of higher initial training and calibration. For federated systems or DBMSs that
support multiple query engines, middleware (e.g., proxy) may selectively route queries to the
most performant execution engine [125].

2.2.2 Sequential Tuning
Existing optimization tools often target only a specific facet of the DBMS (e.g., only knobs
or only indexes) in isolation for tractability, as considering all DBMS facets simultaneously
yields trillions of possibilities that are computationally difficult to reason about and explore [68].
Sequential tuning [134] describes the practice of running multiple optimization tools in sequence
and composing each tool’s recommendations along the way to derive an optimal configuration.
For example, a human operator or framework can first tune knobs, then indexes, and finally
query hints. Sequential tuning frameworks are built on top of a pool of existing tools and focus
on scheduling their execution (e.g., round-robin, future reward).

However, these frameworks are limited by coordination challenges across individual tools.
Each tool runs in complete isolation and is unaware of when other tools will be run. As such, a
tool may make a locally optimal decision that is not globally optimal considering the joint space.
For instance, when tuning a new deployment from scratch that lacks the appropriate indexes, a
knob tuner may turn off index scans to improve the workload’s performance. However, this
prevents an index tuner from discovering any beneficial indexes since the query optimizer will
not consider them.

2.2.3 Tool Interfaces
Beyond the challenges of coordinating individual tools, existing tools lack a uniform interface that
allows for automated orchestration. As each tool was initially designed for a human operator,
they defer understanding its nuances to the operator. For instance, a knob tuner’s efficacy
depends on the number of samples [53] and the quality of prior observations [47]. However,
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this information is not made readily available and instead depends on human expertise to
operate effectively. Furthermore, because tool developers do not provide an “API”-like interface,
operators are forced to understand each tool’s individual inputs and outputs rather than allowing
an automated reasoning process to select the best tool and inputs depending on the current
environment and objectives.

2.3 Adaptive Automated Tuning

Beyond the aforementioned challenges around their efficacy, existing tools are also unable to
adapt to environment changes. As tools optimize deployments, they acquire experience that
includes the tool’s reasoning, explored configurations, and observed DBMS behavior. Adaptivity
captures a tool’s ability to reuse prior experience when tuning new scenarios. These scenarios
encompass changes in the workload (e.g., parameters, templates, volume), underlying data
(e.g., BULK INSERT), hardware (e.g., instance upgrades), and schema (e.g., new column) [65,
110]. These environment changes are common in practice, with Redshift observing 50% of
their production clusters have 50% of queries repeating exactly (i.e., same query template and
parameters) daily [110]. We discuss three approaches to enable adaptive tuning, along with the
respective limitations inherent to each approach within existing tuning frameworks.

Foundation Database Models: This approach proposes creating a foundation database
model [115] that captures the database’s behavior. By training the model on a large dataset of
configurations, workloads, and observed telemetry, the model can reason about the database’s
behavior and generate recommendations that are effective for the current environment. However,
this approach has extremely high sampling complexity and is prohibitively expensive [69].
Within a more limited scope, researchers have focused on generalizable cost models [43] for
estimating a query plan’s runtime without executing it. However, these cost models still require
observing substantial query plan telemetry under a range of configurations to be effective.

Bootstrapping from History: Analogous to transfer learning, this approach leverages his-
torical knowledge to accelerate the current tuning process. For most existing tuning tools that
capture schema and workload elements to represent the DBMS’s state [58, 134], they can only
continue optimizing from the historical configuration if the target deployment’s representation
is closely aligned with the historical deployment’s representation. However, this is often not the
case as schema migrations occur or the workload evolves over time in unpredictable ways.

To work around this, techniques have proposed using prior tuning sessions’ models as
expert prior signals [134] about the optimization space, initializing the initial state and guiding
future suggested configurations based on incremental nearest-neighbor matching of DBMS
telemetry [109], and pre-training the neural networks for evaluating configuration efficacy [66].
However, pre-training remains difficult, as changes in the environment (e.g., queries, schemas)
may invalidate previously observed objective values. For instance, a workload shift may introduce
a new query that makes a prior configuration less desirable.
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LLM-based Adaptation: Recent techniques have focused on leveraging the emergent capa-
bilities of large language models (LLMs) to reason about workloads and configurations [38, 47].
These approaches generate prompts that include instructions for the tuning task and relevant
information about the workload. The optionally fine-tuned LLM generates candidate configu-
rations, which are then ranked. Although these techniques are promising, challenges remain
regarding granularity. For instance, prompting the LLM on individual queries may allow it to
generate more effective configurations, but their composition may result in query regressions.
Furthermore, it has yet to be explored how to incorporate query-level historical tuning insights
into the prompt. For instance, if a query was already tuned before, the tool could augment the
prompt with past attempts (e.g., query hints, indexes) as additional context to assist the LLM in
generating more effective configurations (i.e., RAG) [24, 64].

Although there is a range of approaches, existing tuning tools still treat adapting a previously
tuned deployment as a tuning-from-scratch process. This is in part due to either inherent
limitations in their algorithm (e.g., cost-based search [11], heuristics [60]) or the mismatch
between historical observations and the current target environment. This leaves considerable
room for improvement in both the efficacy of the final re-optimized configuration and the time
it takes for tools to re-optimize the deployment.

2.4 Agentic Diagnostics Systems
In operations, monitoring systems (e.g., Amazon CloudWatch [9]) observe deployment and
workload telemetry to identify anomalies [46]. Once these anomalies are detected, a correspond-
ing alert is raised, which pages an on-call operator to investigate and mitigate them. To assist in
this process, on-call operators often rely on automated diagnostic systems to provide insights
into the anomaly [84]. At the simpler end, these systems are decision trees or causal models
based on curated rules [124] to provide root cause analysis. Recent work has proposed more
advanced agentic systems based on large language models (LLMs). These agentic systems can
use diagnostic tools (e.g., get query plan, retrieve CPU usage) and knowledge base retrieval
(e.g., documentation search) to provide further insights into the anomaly and propose possible
mitigations. However, these agentic systems are unable to actively intervene. These systems do
not include any optimization tools with verifiable outcomes. For instance, even though they
may be able to identify a missing index, they are unable to deploy and verify the missing index’s
efficacy. In some scenarios, even though the workload may appear to exhibit higher p99 latency
due to a missing index, the actual cause may be that the system is under heavy load.
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Chapter 3

Action Similarity for Holistic Tuner

Existing ML approaches to automatically optimize a DBMS only target a single configuration
space at a time (e.g., knobs, query hints, indexes). However, tuning individual configuration
spaces is inadequate to achieve a fully autonomous (i.e., self-driving [87]) DBMS.

Simultaneously tuning multiple configuration spaces is challenging due to the combined
space’s complexity. Applying existing techniques directly to the combination of spaces (i.e.,
the holistic configuration space) suffers from the curse of dimensionality [134]. In a holistic
space, the landscape of beneficial configurations becomes sparser. Due to this, these approaches
degrade and spend too much time evaluating unpromising solutions. As a result, previous
tuning methods work around this by sequentially tuning individual spaces with a pool of tuners.
However, these approaches struggle to coordinate their tuners and get stuck in local optima.

In this chapter, we present the Proto-X tuning tool that holistically optimizes a DBMS’s
configuration across multiple configuration spaces. The key idea of Proto-X is to identify simi-
larities between actions across multiple spaces. Proto-X then uses those similarities to structure
the high-dimensional action space into related neighborhoods. Finally, Proto-X synthesizes
“proto-actions” to actively explore the resulting space for beneficial configurations.

The rest of the chapter is organized as follows. We provide the key ideas behind action
similarity in Sections 3.1.2 and 3.1.3, followed by Proto-X’s architecture in Section 3.2, and an
evaluation of Proto-X against state-of-the-art DBMS tuning tools on tuning PostgreSQL for
analytical and transactional workloads in Section 3.5. By holistically optimizing across spaces
that are more complex in terms of quantity and variety than prior tuning tools, Proto-X discovers
configurations that improve PostgreSQL’s performance by up to 53% over the next best approach.

3.1 Background: Sequential Tuning and Proto-Actions
A self-driving DBMS optimizes itself within user-defined constraints (e.g., resource limits)
without human intervention [86, 87]. The DBMS first performs workload forecasting to predict
future workloads (e.g., time series of SQL queries) [71]. It then builds behavior models [73, 75] to
estimate the user’s objective function (i.e., performance) for a given configuration. The DBMS’s
tuning agent then chooses actions to maximize the objective function on the future workload.
For example, an action can build an index, change a table knob, or modify a query plan.
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Figure 3.1: Motivating Example – JOB workload runtime when running a knob tuning agent (K), an
index tuning agent (I), and a query knob tuning agent (Q) in isolation, sequentially, and our technique
Proto-X that holistically optimizes knobs, indexes, and query knobs/hints for 30h.

Existing work tunes a specific category of DBMS options (i.e., a configuration space) in
isolation. For instance, different tuners target system knob tuning [109, 130], query knob
tuning [12, 77], and physical design [97]. As we now discuss, running these tuners one at a time
is not optimal due to interactions between the spaces.

3.1.1 Sequential Tuning and Coordination
DBMS tuners [111, 134] that support multiple configuration spaces repeatedly invoke the same
steps: (1) choose a single space to tune, (2) fix other spaces to their current configuration, and (3)
tune the target space for a fixed amount of time. For example, UniTune [134] may tune knobs
for an hour, then indexes, and then back to knobs.

As sequential tuning cannot consider actions across spaces and fails to find optimal solutions,
deployments incur wasted resources from repeating workloads [117] or undesirable latency [12].
Figure 3.1 illustrates the runtime on the JOB workload [63] of the best configuration discov-
ered by sequential methods and our holistic technique Proto-X in 30h. Proto-X finds the best
configuration (36s), which executes 42s (53%) faster than that found by the next best.

We analyze JOB’s Q26c to illustrate this problem in more detail. From an initial configuration,
we alternate index and query tuners to obtain a search tree of <index set, query knobs>
configurations along with Q26c’s corresponding performance in Figure 3.2. Each tuner locally
maximizes its component and prunes suboptimal actions (the red X). This process simplifies the
search. However, the pruning prematurely eliminates paths to the global optimum <I2,H2>.

3.1.2 Holistic Optimization and Action Similarity
To our knowledge, no prior approach optimizes the entire configuration space simultaneously
due to the resulting holistic space’s complexity [68, 97, 134]. For instance, there are at least 246
candidate indexes from TPC-DS [106]. This complexity further compounds when considering
other spaces in conjunction, such as query knobs.

Although the number of unique actions in a space is large, many share properties such that
it may not be necessary to consider each one individually. Two actions are similar if they target
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Figure 3.2: JOBQ26c Sequential TuningTree – Search tree explored by sequentially tuning indexes and
query knobs. Each node represents a <index set, query knob> configuration with Q26c’s corresponding
performance. The tuners prune branches indicated in red (X). Sequential tuning finds a local optimum at
<I1,H1> but will not find the global optimum in black <I2,H2>.

the same database objects and have roughly the same effect on the agent’s objective function.
Consider two candidate actions that add indexes to the TPC-H LINEITEM table [107]: (1) Cand-A
builds an index on (l partkey), and (2)Cand-B builds an index on (l partkey,l commitdate).
Both actions have similar expected changes to the DBMS’s performance and are structurally
similar (i.e., the indexes target the same table and share the first key).

Such similarity allows a tuning agent to infer the performance of one action from a similar
action. Rather than running the workload once each for Cand-A and Cand-B, the agent can
estimate Cand-B’s benefit by only evaluating the workload with Cand-A and vice versa. This
similarity suggests that agents should not consider actions alone. Instead, an agent should
consider an action and its neighborhood of similar actions together.

3.1.3 Proto-Actions and Neighborhoods

We combine actions that modify the DBMS’s configuration into a holon composed of multiple
fields [59, 98]. Each holon field is an independent action corresponding to a configuration space
under tuning. We illustrate an example holon in Figure 3.3 1 . K sets a system knob that sets
the buffer pool size (shared_buffers); Q-c sets a query knob that disables nested loop joins on
Q1 of the workload; Q-e sets a query hint that forces Q2 to scan region in parallel; I builds an
index on LINEITEM (l_partkey,l_suppkey).

An encoder (e.g., neural network) maps the holon to a point in a multidimensional continuous
latent space. We shape the latent space by training the encoder to place holons of similar structure
or expected performance nearby (i.e., close to each other) [74]. The latent space’s dimensionality
captures a trade-off between accuracy of the holon representation and ease of exploration.
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Figure 3.3: Proto-Actions and Neighborhoods – A holon passes through an encoder (e.g., neural
network) to obtain a point (filled-in circle) in latent space where holons of similar performance or
structure are nearby. A proto-action is a point (X) in latent space chosen by a tuning agent. Decoding the
proto-action does not necessarily result in a valid holon. Instead, the agent searches the proto-action’s
neighborhood for a valid holon and selects the most promising one.

Unlike other tuners that directly suggest deployable actions, Proto-X’s agent suggests a
latent space point (i.e., a proto-action). A proto-action represents a neighborhood of holons with
similar structure or performance. Directly decoding the proto-action may not yield a valid holon
(e.g., 2 the proto-action sets an integer knob shared_buffers to 519.9). Instead, the agent
decodes and 3 searches the proto-action’s neighborhood to obtain a candidate set, from which
it selects the most promising holon to evaluate [34].

3.2 Architecture
We present the architecture of the Proto-X automated tuning framework in Figure 3.4. Like other
offline tuning tools [73, 77, 109, 111, 130, 134], Proto-X assumes access to a representative or
historical workload sample [29, 117], an isolated environment for tuning [68], and infrastructure
(e.g., proxy) for applying query options, such as those exposed by PostgreSQL’s pg hint plan [1].
Proto-X operates in two phases. First, it creates the latent space based on the DBMS schema,
sample workload, and target configuration spaces. Then, in the second phase, Proto-X exploits
the created latent space to tune the DBMS. We now describe each phase in more detail.

3.2.1 Phase I: Latent Space Creation
Proto-X begins by collecting each configuration space’s metadata: (1) system knobs, (2) table
knobs, (3) indexes and per-index knobs, (4) query knobs, and (5) query hints. A query knob alters
the DBMS’s behavior by changing a system knob for a specific query (e.g., hash join memory
allocation). A query hint injects commands to control how the DBMS generates a plan (e.g.,
index scan for a table).

Proto-X obtains the tunable system knobs either from the user, through a DBMS-specific
method, or from externally derived knob constraints [135]. For each system knob, Proto-X
obtains the min/max values and whether the knob should be restricted to a limited value
range [87] (e.g., quantization). Next, it connects to the DBMS to obtain the database schema
to identify candidate table knobs. Proto-X defines its candidate index domain by extracting
all referenced attributes from the predicates of the user’s workload [97] and obtains tunable
per-index knobs from the user’s specification.

14



DBMS Batch of <Holons, Performance>Sample

Phase I: Latent Space Creation

Deploy and Execute Workload
Coordinator

Proto-Action

Phase II: Action Recommendation

Actor

Holon Set

Current DBMS
Representation

Decoder
Neighbor
Search

Critic

DBMS

Workload Result (Reward)

Update with reward

Agent
Selected Holon

,

Latent Space
Encoder Decoder

Exploration Bias

Figure 3.4: Architecture – An overview of the two phases of Proto-X. In Phase I, Proto-X creates the
necessary latent space. In Phase II, Proto-X recommends holons to optimize the DBMS.

Lastly, Proto-X parses the workload to identify query knobs and hints. For each query,
Proto-X identifies (1) query knobs based on a user-supplied list or by mining the system knobs
for applicable knobs, (2) a query hint for each referenced table that forces a specific access
method, and (3) a query hint specified once per-query that forces a parallel scan on a selected
table. For example, TPC-H [107]’s Q14 accesses the LINEITEM and PART tables, and thus Proto-X
generates the Q14_lineitem_scan and Q14_part_scan hints that control whether the DBMS
should use an index scan for those tables. Proto-X also identifies a Q14_Parallel hint. Setting
this hint forces the DBMS to scan the referenced table in parallel.

After obtaining metadata, in Figure 3.4, Proto-X 1 samples a batch of holons and their
estimated benefits for the target workload. 2 Using the batch, Proto-X trains the latent space
to place holons of similar benefit at nearby locations. For example, if an index t (a,b,c) has
approximately the same benefit as an index t (a,c,b), their corresponding actions will be close
to each other in the latent space. Proto-X repeats this process several times to refine the latent
space. We elaborate further in Section 3.3.

3.2.2 Phase II: Holon Recommendation
Proto-X then instantiates an agent to tune the user’s DBMS. The coordinator handles interfacing
with the DBMS, from deploying holons to evaluating the user’s objective function on the sample
workload. The agent is based on the Wolpertinger Architecture [34], which uses an actor network
to emit a proto-action, refines the proto-action to obtain a neighborhood of candidate holons,
and employs a critic network to select the most promising holon.
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Figure 3.5: Latent Space Creation – Illustrates how Proto-X defines and creates the latent space for
all supported configuration spaces depending on the space’s type. Knobs includes system knobs, table
knobs, and query knobs. In Figure 3.5b, “P(X)” refers to the probability function. We illustrate indexes in
Figure 3.5c using an example from TPC-H [107].

In Figure 3.4 3 , Phase II starts with the agent passing the current DBMS representation
through its actor network to obtain a proto-action. The representation is either the deployed con-
figuration (e.g., knobs, indexes) or internal metrics data (e.g., tuples processed, pages read) [130].
The agent then augments the proto-action with an exploration bias that Proto-X tweaks with
small adjustments over time to encourage the exploration and coverage of less promising regions.
We provide a further analysis of this in Section 3.6.6.

The agent then 4 decodes the augmented proto-action, searches its neighborhood (see
Section 3.4.2) to obtain a holon set, and 5 uses its critic network to select the most promising
candidate. 6 The coordinator deploys the selected holon, runs the sample workload, and 7
evaluates the user’s objective function to obtain a reward. 8 The coordinator updates the
actor and critic networks with the reward and advances the agent to the next tuning step. The
agent and coordinator repeat this process until the agent reaches an illegal state (e.g., an invalid
configuration) or a fixed number of steps has elapsed. At this point, the coordinator resets the
environment to the initial or a previously discovered configuration before resuming.

The coordinator always creates a candidate index. Existing tuning frameworks [29, 111, 134]
could drop indexes by treating them as discrete actions, with a bit vector entry that indicates
existence, or by using workload statistics. Even though Proto-X could use these patches, an
agent should instead discern an index’s value across all explored configurations and leverage
configuration neighborhoods to find opportunities to drop. We defer this as future work.

3.3 Latent Space Creation

Proto-X constructs separate smaller latent spaces to exploit the nature of each configuration
space with its own estimated benefits and to avoid sampling directly from high-dimensional
space. Proto-X stitches these smaller spaces together into a holistic space through proto-actions
in Phase II to explore and refine its decision-making. We now discuss the spaces’ construction
for each action type: (1) knobs, (2) query hints, and (3) discrete (e.g., indexes).
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3.3.1 Knobs
This type covers system, table, and query knobs. Existing DBMSs expose knobs of different
types: integral (e.g., buffer pool size), float (e.g., page fetch cost), and bool (e.g., enable hash joins).
Proto-X treats them all as continuous-type knobs. Prior techniques observed that similar knob
values produce similar observations [53, 87, 135]. For example, a buffer pool size of 1024 MB will
have comparable performance to 1025 MB.Proto-X quantizes a knob’s value range into equal-
width buckets (default is 100 buckets). For knobs with large ranges and non-linear performance
(e.g., optimizer cost knobs, memory-related knobs), Proto-X log transforms and quantizes the
range to better represent the space. Increasing the quantization trades convergence speed for a
finer granularity. Figure 3.5a shows how Proto-X obtains each knob’s latent space value. Using
the knobs’ metadata from the DBMS (see Section 3.2.1), Proto-X quantizes and normalizes each
knob’s values into [-1,1] to ensure those knob values are nearby in latent space.

3.3.2 Query Hints
Figure 3.5b illustrates how Proto-X represents query hints. Proto-X first obtains the query hint’s
metadata (see Section 3.2.1), which includes the allowed values. 1 It then represents the hint
in latent space as a probability distribution. This representation allows the agent to express
preference towards each value, such that 2 more similar preferences are placed nearby.

We also observe that query hints can interfere with the optimizer’s ability to generate optimal
plans [87]. For instance, TPC-H [107] Q13 normally executes with parallelism in PostgreSQL.
However, hinting to force a parallel scan (e.g., pg hint plan [1]) causes Q13 to execute without
parallelism. To address this, Proto-X adds a special “Null” value to each query hint that the
agent can pick to instruct the coordinator to omit the query hint.

3.3.3 Discrete
These objects require a specification (e.g., index keys) to create in the DBMS. Proto-X currently
supports indexes. We defer more complex discrete types (e.g., materialized views, partial indexes)
for future work. Prior approaches represent indexes with encoding schemes [111] (e.g., one-hot).
These encodings are decoded into CREATE INDEX when deployed. However, these schemes do not
guarantee that indexes of comparable performance have nearby representations. Therefore, we
construct a learned latent space to enforce this [21, 76]. We illustrate this process in Figure 3.5c.

Proto-X uses a custom encoding scheme to support arbitrary indexes. This scheme allows
Proto-X to consider orders of magnitude more varied indexes (see Table 3.1) than prior techniques
that use a pre-curated list [111, 134]. 3 Using the database’s metadata (see Section 3.2.1), Proto-X
first augments each table’s indexable attribute list with a “Null” value. 4 Proto-X then encodes
each index by one-hot encoding the table, followed by one-hot encoding each key.

5 Proto-X then obtains the index’s benefit score, which ranks candidates [31] on their
potential improvement to the target workload. Proto-X uses the workload’s estimated cost as
the benefit score and estimates it for read-only OLAP workloads through the query optimizer’s
what-if mechanism [22]. For OLTP workloads, Proto-X employs behavior models [73] since
the optimizer does not account for maintenance operations (e.g., index inserts).
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With the index representations and associated benefit scores, 6 Proto-X then trains an
encoder-decoder [44] network. The encoder maps representations (e.g., 140-dim for TPC-H) to
points in a low-dimensional (e.g., 32-dim for TPC-H) latent space, and the decoder transforms
points back to their original representations. To force indexes with similar scores closer, we
introduce a band constraint [54] that restricts each index’s latent space point to a range of values
based on its score. This constraint improves Proto-X’s efficacy by placing candidates in bands
based on their estimated benefit, with more beneficial candidates close to the origin.

7 Proto-X decodes the raw representation vector from the decoder to obtain a deployable
index. Proto-X interprets each index component as a probability distribution and selects the most
probable option. Proto-X first decodes the table (e.g., to LINEITEM) and then keeps decoding key
columns until reaching the “Null” value.

3.4 Holon Recommendation

After building its latent space in Phase I, Proto-X moves on to Phase II. In this phase, Proto-X
actively recommends holons to tune the DBMS. We first describe how the agent represents the
current DBMS configuration to output a proto-action. We then discuss how the agent selects a
holon and conclude with optimizations to assist the agent in finding promising configurations.

3.4.1 State Representation

In Figure 3.4 3 , Proto-X outputs a proto-action from its actor network based on the current
DBMS configuration. There are two choices for how to represent this information:

Telemetry Representation: This approach uses the DBMS’s internal performance coun-
ters [18] (e.g., pages fetched) that it generates while executing the workload as a substitute for the
DBMS configuration (e.g., knobs). Prior work commonly employs this representation [109, 134].

Structural Representation: This directly embeds the DBMS’s configuration [134]. For exam-
ple, fields in the representation contain system knobs’ values. However, the challenge with this
representation is variable-length sets (e.g., existing indexes). Prior work [134] uses a bit vector to
encode whether a given object (e.g., index) exists from a pre-determined list, which Proto-X does
not use. Concatenating each object’s representation is also inadequate, as it requires limiting the
set size to ensure a fixed-length representation. Instead, Proto-X constructs a set’s representation
by obtaining each object’s latent space representation and averaging them [128].

Proto-X supports either representation to find promising configurations. The telemetry-based
representation is simpler and more readily exploitable by an agent than the structural repre-
sentation. However, the structural representation is more resilient to the DBMS’s background
processes, which might distort the collected metrics. We elaborate further in Section 3.6.4.
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3.4.2 Candidate Neighborhood Generation
Using the DBMS’s state representation, the agent passes it through its actor network (Figure 3.4
3 ) to obtain a proto-action. The agent then breaks the proto-action into slices and independently
generates a neighborhood for each using similarity. Each slice corresponds to some configuration
space (e.g., knobs, query hints, discrete). We next discuss how each space is processed below.

Knobs: Recall from Section 3.3.1 that Proto-X handles all knobs as continuous-type knobs.
Based on the knob’s metadata, the agent projects the proto-action slice out of the latent space
[−1, 1] and quantizes the result to obtain a neighborhood center. Consider again PostgreSQL’s
shared_buffers system knob. Assume that this knob only takes on size values (in GB) within
the set {1, 2, 3, 4, 5} and that its neighborhood center is 3 GB. Then 2 and 4 GB lie within a radius
r = 1 neighborhood, while 1 and 5 GB have a radius r = 2. Using an offset −1, we obtain a
similar candidate 2 GB. To generate k candidates within a radius r, the agent generates k integral
offsets between [−r, r]. The agent shifts the center with each offset to obtain a candidate value.
We found a radius of 1–3 and candidate size {10,100} to balance coverage and how quickly the
configuration can change. We provide a sensitivity analysis in Section 3.6.5.

Query Hints Recall from Section 3.3.2 that Proto-X represents query hints in the latent
space as a probability distribution. As such, the agent first interprets the proto-action slice as a
probability distribution over the value set. The agent then takes the most likely value from the
distribution as the center and samples the distribution to obtain a neighborhood of k candidates.

Discrete: The agent passes the proto-action slice through the decoder and selects the most
probable discrete action (e.g., index) representation as the neighborhood center. The agent then
applies domain knowledge rules to obtain a neighborhood. For indexes, these structural rules
generate candidates based on the index’s definition (e.g., table, key) and do not imply similar
expected performance. We found that rules that guarantee similar performance enable the agent
to find better configurations more readily. We illustrate four example rules below.
(Rule 1) The first is the leading prefix rule. From an example center index of (a,b,c), we

obtain candidate indexes (a,b) and (a) by incrementally relaxing the index’s specificity until
we reach a single-column index [17]. The DBMS can use each candidate index to satisfy the
same queries, albeit with fewer index predicates.
(Rule 2) The second is the index type rule that controls what data structure to use for an index.

By default, Proto-X generates only B+tree indexes. With this rule, Proto-X generates candidate
indexes of different types (e.g., hash table, block range index) that share the same key as the
center B+tree index.
(Rule 3) The third rule targets index INCLUDE columns. With this feature, the DBMS stores

non-key attributes in an index to increase the likelihood of not having to retrieve tuples for
some queries (i.e., covering indexes). Proto-X analyzes the workload to obtain jointly accessed
attribute sets and attaches them to applicable indexes. Consider a center index (a,b) with
co-accessed attribute sets (a,b,c) and (a,d,e). Proto-X will then generate two additional
candidates: “(a,b) INCLUDE (c)” and “(a,b) INCLUDE (d,e)”.
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(Rule 4) The fourth rule targets per-index knobs that the DBMS exposes to alter a specific
index’s behavior. For example, PostgreSQL supports specifying a B+Tree’s fillfactor, which
controls how fully the DBMS packs each B+Tree index page. From each candidate index,
Proto-X generates additional candidates with different knob settings specified a priori by the
user. Consider a candidate index (a,b). Proto-X will then generate an additional candidate
“(a,b) WITH (fillfactor=100)”.

3.4.3 Candidate Holon Selection
After the agent generates a neighborhood for each proto-action slice, it combines all the neigh-
borhoods using a Cartesian product to produce a candidate holon set. However, this candidate
set may have holons with different performance characteristics. Using each holon’s latent space
representation, the agent’s critic network selects the most promising holon to evaluate.

3.4.4 Agent Optimizations
Although the agent finds promising configurations, its search process is inherently noisy. Proto-X
employs three optimizations to guide exploration with prior experience.

MaximalQuery Optimization: Proto-X’s tuning space becomes drastically more complex
when considering all query options for a workload due to the increased number of query plans,
range of performance outcomes, and sparsity of optimal plans. The coordinator assists the
agent’s decision-making at each step by supplementing the agent’s selected query options with
query option sets from the DBMS’s query optimizer or prior experience. The coordinator then
maximizes over those query option sets under the same global configuration (e.g., system knobs,
indexes). Proto-X only applies this optimization to OLAP and not OLTP workloads, as the
framework assumes that OLAP queries are more complex than OLTP queries (e.g., point-lookup
queries) and that OLAP workloads have no dependencies between queries (e.g., INSERT followed
by SELECT). We provide a sensitivity analysis of this in Section 3.6.2.

Exploiting Resets To balance exploration and exploitation, Proto-X’s coordinator periodically
resets the DBMS environment after a fixed number of steps to some known configuration. Restor-
ing the initial configuration maximizes exploration by allowing the agent to explore completely
different trajectories. In contrast, restoring to a known configuration (i.e., a checkpoint) [51]
forces the agent to continue exploiting its neighborhood to discover a better configuration.
Proto-X supports resetting to the initial or best-discovered configuration. This tweak allows the
agent to build upon prior configurations more readily to discover more complex configurations.

Timeouts As DBMS tuning tools explore configurations, they often encounter suboptimal
ones. Proto-X minimizes the time spent there with two strategies using the application’s
SLA requirements: (1) query timeout [77, 111] limits a bad query’s runtime, and (2) workload
timeout [134] limits a suboptimal configuration’s time. Proto-X decreases the workload timeout
as it discovers better configurations. Based on empirical trials and prior work [111, 134], we
utilize query timeouts of 15–30s and workload timeouts of 5–10m.
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JOB TPC-H
Knob Index Q.Knobs Q.Hints Knob Index Q.Knobs Q.Hints

P+DTA-S+A N/A 73 1356 N/A N/A 76 264 N/A
P+DTA-F+A N/A 201 1356 N/A N/A 183 264 N/A

UDO 24 181 N/A N/A 24 65 N/A N/A
UniTune 61 59 N/A N/A 61 53 N/A N/A
Proto-X 45 2740 1356 1090 45 228 264 108

DSB TPC-C
Knob Index Q.Knobs Q.Hints Knob Index Table Knobs

P+DTA-S+A N/A 183 588 N/A N/A 9 N/A
P+DTA-F+A N/A 542 588 N/A N/A 36 N/A

UDO 24 4561 N/A N/A 33 80 N/A
UniTune 61 263 N/A N/A 47 91 9
Proto-X 45 247 588 426 47 217 9

Table 3.1: Configuration Space Size – Number of choices considered by each tuning method in our
evaluation. “N/A” indicates that the method does not support those options. “Q.Knobs” refers to query
knobs, and “Q.Hints” refers to query hints.

3.5 Evaluation

We evaluate Proto-X’s ability to optimize a DBMS’s configuration for analytical and transactional
workloads. We target PostgreSQL v15.1 running on a server with two Intel Xeon Gold 5218R
CPUs (20 cores) and a 960 GB Samsung NVMe SSD. We restrict the DBMS to 32 GB of RAM and
20 worker processes. To support tuning indexes and query options in PostgreSQL, we install the
HypoPG [49] v1.4 and a patched version of pg hint plan [1] v1.6 extensions.

We evaluate three OLAP workloads and configure all agents to minimize the overall workload
runtime. JOB [63] is a benchmark that stresses the query optimizer with 21 tables and 113
queries. TPC-H SF10 [107] models a business analytics workload with eight tables and 22
queries. DSB SF10 [32] is Microsoft’s extension of TPC-DS [106] that introduces additional
challenges (e.g., data distributions, join patterns) with 25 tables and 53 queries. We omit four
queries (Q18, Q32, Q81, Q92) due to PostgreSQL’s query optimizer’s limited ability to unnest
subqueries [36]. We unsuccessfully attempted to rewrite those queries with Apache Calcite [14]
so that PostgreSQL could complete them in a reasonable time.

We also evaluate TPC-C [104] SF100 with 40 terminals but modify it to remove all secondary
indexes and the unique index on the OORDER table. We sample 1min runs through BenchBase [30]
and configure agents to maximize throughput.

We first discuss the configurations for Proto-X (Section 3.5.1) and other baselines (Sec-
tion 3.5.2). We then present our results in Sections 3.5.3 to 3.5.5. We defer sensitivity studies
into Proto-X to Section 3.6.
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3.5.1 Proto-X Configuration
We configure Proto-X to tune indexes and global knobs for all the workloads. We allow Proto-X
to extract indexable attributes from workload predicates [97] and to generate arbitrary index
candidates. We discuss OLAP- and OLTP-specific workload settings below:

OLAP Proto-X tunes 45 system-wide knobs and tunes indexes using all structural rules from
Section 3.4.2. We allow Proto-X to build hash, B+Tree, and block range indexes. For B+Tree
indexes, it tunes how full the DBMS packs each page by setting fillfactor to 90 (default) or
100 (full). For block range indexes, it tunes the summarization granularity (pages_per_range)
by setting it to 64, 128 (default), or 256 pages. Proto-X tunes for each query 12 optimizer-related
knobs1, per-table access methods2, and a query hint instructing which table to scan in parallel3.
For our maximal query optimization (Section 3.4.4), the coordinator runs supplemental query
option sets in the following order: (1) the prior step’s, (2) the optimizer’s, (3) the agent’s, and (4)
optional domain knowledge-based sets (e.g., index nested loop join, table scans into hash joins).

OLTP Proto-X tunes 47 system-wide knobs in PostgreSQL and a fillfactor table knob that
controls how much space the DBMS leaves in a page for updates. Proto-X does not enable
the index type or include rules (Section 3.4.2) for two reasons: (1) PostgreSQL cannot build
multi-column hash indexes, and (2) attaching INCLUDE columns to an index orchanging its
type to prevent point-lookups (e.g., block range index) degrades OLTP performance. Proto-X
tunes how full the DBMS packs each B+Tree index page by setting fillfactor to 90 (default)
or 100 (full). Some PostgreSQL knobs have externalities that agents cannot capture [87, 109].
For instance, increasing max_wal_size will improve throughput but also increase recovery
time. As such, we set commit_delay to 0 to make transactions immediately durable, restrict
max_wal_size to 16 GB, and do not tune autovacuum knobs due to sampling constraints.

Before tuning, Proto-X creates the latent space for discrete indexes. We sample B+tree
indexes without INCLUDE columns and aim for reasonable coverage of the space. Using 40
parallel instances and the target workload, we sample each benchmark as follows:
• JOB: 2048 per-table.
• TPC-H: 2048 per-table, except 2(16−1) for LINEITEM.
• DSB: 1024 on small (less than seven indexable attributes) tables. Otherwise, we generate 8192

per (table, attribute).
• TPC-C: 1024 per-table using behavior models [73] to account for maintenance costs from

index updates.
We build latent spaces that balance reconstruction loss and similarity to the benefit score

distribution. The reconstruction loss measures how accurately the decoder reconstructs actions
1Query Knobs: enable_sort ,enable_memoize ,enable_hashjoin ,enable_nestloop ,enable_mergejoin ,

enable_gathermerge ,enable_hashagg ,enable_material ,enable_parallel_hash ,random_page_cost ,
seq_page_cost ,hash_mem_multiplier

2Query Hint: NoSeqScan(t),SeqScan(t)
3Query Hint: Parallel(t)
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from latent space points. Proto-X estimates distribution similarity by sampling 8192 points from
each latent space band, decoding them, and measuring the (table,key) distribution. We set
all agent parameters (e.g., networks, learning rate) based on prior techniques and existing ML
literature [10, 75, 130]. We disclose them here [2].

3.5.2 Other Tuning Frameworks
Next, we describe the other state-of-the-art automated tuning frameworks we use in our com-
parison with Proto-X.

PGTune+Dexter (P+D) This baseline first runs PGTune [60], a heuristics-based knob tuner.
We then run Dexter [11] to recommend indexes based on HypoPG [49] and PostgreSQL opti-
mizer’s workload costs. For TPC-C, we provide a representative query trace to Dexter.

PGTune+DTA-S+AutoSteer (P+DTA-S+A) This runs PGTune, followed by Microsoft’s Any-
time Database Tuning Advisor (DTA) algorithm [23]. DTA-S uses Hyrise’s implementation with
their settings [57]: (1) no storage budget, (2) 30m tuning budget, and (3) only two-column indexes.
After DTA-S finishes, we run AutoSteer [12], which tunes query knobs by greedily toggling and
merging boolean knobs. We configure AutoSteer to tune the same knobs as Proto-X and add
toggles to infuse the prior domain knowledge utilized by our maximal query optimization.

PGTune+DTA-F+AutoSteer (P+DTA-F+A) We replace DTA-S in P+DTA-S+A with DTA-F. In
DTA-F, we allow DTA to consider more indexes without a time limit. Due to OOM issues and
PostgreSQL’s inability to optimize queries with 1000s of hypothetical indexes, we limit DTA-F to
indexes with three, five, three, and four columns for TPC-H, JOB, DSB, and TPC-C, respectively.

UDO This is a holistic framework that supports tuning both system knobs and indexes [111].
We use UDO’s open-source implementation to construct each benchmark’s candidate index
list and configure the agent with their default parameters. To ensure a fair comparison, we
extended UDO’s PostgreSQL knob list to include (1) 24 knobs related to query optimization
and resource management and (2) fillfactor table knobs for TPC-C. We alter UDO to obtain
TPC-C samples through BenchBase [30] and employ 30s, 30s, and 60s query timeouts for JOB,
DSB, and TPC-H, respectively. We poll UDO every 15m for the best configuration.

UniTune Lastly, we compare against Alibaba’s UniTune framework [134], modified to support
PostgreSQL and obtain samples through BenchBase. We use the same parameters released by the
authors. UniTune optimizes the same system knobs as Proto-X, and UniTune+QOpts uses the
same query options as Proto-X with the same prior domain knowledge. We also enable UniTune’s
query rewriting via Calcite to match their paper. UniTune only constructs single-column indexes
because complex indexes lead to a combinatorial explosion in its one-hot representation. We
made two improvements to UniTune. First, we run queries serially and set the target objective
to minimize workload runtime. We set UniTune’s space budget to 2 TB for comparative fairness
and to allow it to more consistently find promising configurations.
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3.5.3 OLAP Performance Comparison

We start by comparing Proto-X to the other frameworks regarding their ability to optimize OLAP
workloads. We run the frameworks on the same hardware for multiple trials (i.e., independent
tuning periods) with different random seeds. At the start of each trial, we initialize PostgreSQL
with its default configuration and load the database. We then run each agent for 30h to tune the
DBMS. As agents utilize timeouts during exploration, we evaluate each discovered configuration
without timeouts to obtain their actual performance. After deploying each configuration, we
empty the OS page cache, run the workload three times, and report the min [62].

We run four trials of each agent and report results for all trials. In Figure 3.6, we plot the mean
performance of each agent’s best configuration. We also report the best and worst performance
achieved by any agent’s trial in Table 3.2. The baseline for all trials is PGTune+Dexter (P+D), as
this represents the easiest and fastest method for tuning a DBMS since there is no learning. Our
analysis focuses on whether a method generates better configurations than P+D.

JOB In Figure 3.6a, all methods start with the same performance. UDO flattens after 5h and
fails to improve over P+D because it does not pick the correct indexes. Although UDO considers
181 index candidates, only 3–5 indexes improve the workload by a measurable amount. Whereas
Proto-X’s latent space considers the expected benefit of indexes, UDO initially considers all
indexes equally. Thus, UDO is unable to reliably pick the correct indexes.

UniTune builds an average of 29 out of 59 index candidates. In Figure 3.6a, UniTune surpasses
P+D after 12h and flattens after 15h due to the limited tuning options available. UniTune+QOpts
has more potential as it tunes query options, but it does not manage the additional complexity
and fails to surpass P+D.

Proto-X builds its latent space and surpasses P+D within 2h. After 5h, Proto-X matches
P+DTA-S+A and P+DTA-F+A and finds better configurations. Proto-X quickly identifies a high-
value set of 2–5 indexes and continues to improve it with additional indexes and query options.
We attribute the descent smoothness in part to Proto-X’s maximal query optimization (see
Section 3.4.4): the agent exploits prior knowledge about promising query option sets while
simultaneously exploring unevaluated query option sets, indexes, and global knobs. From
Table 3.2, both Proto-X’s worst (41s) and best (36s) trials yield a 46–53% speedup over the next
best P+DTA-S+A.

TPC-H Unlike the previous workload, the results in Figure 3.6b show that only Proto-X,
P+DTA-S+A, and P+DTA-F+A surpass the baseline P+D for TPC-H. One of this workload’s most
important actions is to find the high-value LINEITEM (l_partkey) index that all frameworks
find. However, UDO and UniTune do not find system knobs better than PGTune. UniTune
dedicates more time to query rewriting and indexes when it should tune knobs (e.g., parallelism).

P+DTA-S+A and P+DTA-F+A find their best configuration after 2h and 6h, respectively.
Proto-X mostly plateaus after 10h, but Proto-X still outperforms P+DTA-S+A and P+DTA-F+A
by tuning a query hint that selects a table to scan in parallel. From Table 3.2, the worst (69s) and
best (66s) trial of Proto-X yields a 4–8% speedup over P+DTA-F+A’s best run (72s).
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Figure 3.6: OLAP Performance Comparison – The DBMS’s performance achieved using the frame-
works’ configurations over time on JOB, TPC-H, and DSB. We plot the mean performance obtained by
four trials of each agent. The shaded region for Proto-X is the time spent constructing the latent space.

JOB TPC-H DSB
Min Max Min Max Min Max

PGTune+Dexter 162s 162s 154s 154s 116s 116s
P+DTA-S+AS 77s 79s 81s 93s 43s 46s
P+DTA-F+AS 78s 80s 72s 87s 40s 40s

UDO 189s 400s 144s 250s 188s 200s
UniTune 132s 146s 176s 200s 117s 125s

UniTune+QOpts 126s 237s 250s 250s 98s 100s
Proto-X 36s 41s 66s 69s 31s 35s

Table 3.2: OLAP Performance Spread –The best and worst performance achieved by a framework’s
four trials in Figure 3.6 on JOB, TPC-H, and DSB.

DSB From Figure 3.6c, UDO and UniTune do not surpass P+D. Similar to before, UDO strug-
gles to identify indexes from 4561 candidates, and UniTune misses knob configurations from
misallocating time to index tuning and query rewriting. In this case, UniTune+QOpts improves
over P+D by building indexes on STORE_SALES and utilizing Proto-X’s prior domain knowledge.

P+DTA-S+A and P+DTA-F+A find better configurations after 3h and 14h, respectively, before
plateauing. Proto-X spends the first 2h constructing its latent space, surpasses P+DTA-S+A
within 6h, maintains its lead over P+DTA-F+A, and continues to find better configurations by
building more indexes and tweaking query options. Table 3.2 shows that Proto-X’s worst (35s)
and best (31s) trial has a 13–23% speedup over P+DTA-F+A’s best run (40s).

3.5.4 OLTP Performance Comparison
We next compare Proto-X to the other frameworks on their ability to improve TPC-C for 8h. We
report the average of three 1m BenchBase [30] runs for each discovered configuration. We plot
the mean performance of the best configuration across the four trials of each agent. We also
present each agent’s worst, median, and best performance in Table 3.3.

The results in Figure 3.7 show that UDO does not exceed P+D because it does not identify the
correct indexes or knob configurations. For OLTP, picking indexes on tables with data actively
modified negatively impacts throughput due to additional index maintenance operations. UDO
picks indexes that hinder performance, such as indexes on OORDER or ORDER_LINE.
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Figure 3.7: OLTP Performance Comparison – The DBMS’s performance achieved using the frame-
works’ configurations over time on TPC-C. We plot the mean performance obtained by four trials of each
agent. The shaded region for Proto-X is the time spent constructing the latent space.

TPC-C
Min Median Max

PGTune+Dexter 11.3k 11.3k 11.3k
P+DTA-S+A 12.9k 12.9k 12.9k
P+DTA-F+A 9.1k 9.1k 9.1k

UDO 5.7k 6.3k 7.6k
UniTune 12.7k 12.8k 12.9k
Proto-X 13.1k 13.4k 13.8k

Table 3.3: OLTP Performance Spread of Frameworks – The worst, median, and best performance
achieved by a framework’s four trials in Figure 3.7.

In comparison, UniTune and Proto-X exceed the performance of P+D by tuning table knobs
and avoiding a bad index on OORDER that Dexter suggests. From Table 3.3, Proto-X’s best
run (13.8k) is better than UniTune’s (12.9k) by 7%. Proto-X picks an index on CUSTOMER that
includes c_last. This index improves performance in 47% of TPC-C’s transactions (i.e., Payment,
OrderStatus). Proto-X maintains this 7% improvement over P+DTA-S+A (12.9k tps). P+DTA-
S+A picks the correct CUSTOMER index but also picks bad indexes on OORDER. This behavior
worsens for P+DTA-F+A (9.1k tps), as DTA considers more (13) but mostly bad indexes.

3.5.5 Configuration Time Analysis
To better understand Proto-X’s tuning behavior, we examine the configurations it generates over
time. This analysis shows how Proto-X exploits proto-actions to find impactful configurations
despite the high dimensionality of the solution space.

Using Proto-X’s best-performing trial on JOB from Section 3.5.3, we track the normalized
deviation of configurations over time. We compute deviation as the average absolute difference
(e.g., L1-distance) between each configuration and the final configuration’s values. For indexes,
we track the percentage of indexes that are missing from the final configuration. We only
consider 12 resource-related knobs (e.g., workers, memory) for the system knob deviation.
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Figure 3.8: Configuration Time Analysis – Normalized deviation from the final configuration over
time for 12 resource-related system knobs, indexes, and query options using Proto-X’s best JOB trial. A
configuration’s deviation is the average difference of values from the final configuration.
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Figure 3.9: Ablation on Holistic vs Sequential Tuning – Performance using holistic versus sequential
tuning of components over time on JOB and DSB. We plot the mean performance obtained by four trials
of each mode.

We see in Figure 3.8a that the system knobs deviation is about the same after an initial
correction in the first hour. Instead of changing them further, the agent focuses on indexes and
query options. Figure 3.8b shows that Proto-X finds a preliminary set of good indexes after 6h
and comes to a final index set after 21h. Contrast this with its behavior in Figure 3.8c, where it
starts with most of the query options being different and gradually alters them over 30h.

3.6 Sensitivity Experiments

We next analyze aspects of Proto-X in more detail. We begin with an ablation study on Proto-X’s
holistic approach in Section 3.6.1, followed by sensitivity experiments in Sections 3.6.2 to 3.6.6.
We conclude with an experiment on generalizing Proto-X’s latent space in Section 3.6.7.
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3.6.1 Ablation on Holistic vs Sequential Tuning
We first evaluate whether Proto-X outperforms other agents because it holistically reasons
across all configuration spaces. We use Proto-X’s JOB and DSB configurations from Section 3.5.3
and run three modes: (1) tune each component in 30m intervals (A-30), (2) tune each component
in 60m intervals (A-60), and (3) holistic mode (H!). We run each mode four times and plot
the mean performance of the best configuration achieved so far over the 30h tuning period in
Figure 3.9. We discuss each benchmark below.

JOB In Figure 3.9a, H! (39s) finds configurations that are 73.6% and 68.5% better than those
found by A-30 (148s) and A-60 (124s), respectively. Both A-30 and A-60 are prone to missing
beneficial indexes, with some trials failing to add any indexes at all. We attribute this to the
coordination problem: if the query tuner turns off index scans, then the index tuner will not
observe an index’s benefit. By considering the spaces holistically, H! avoids this problem.

DSB In Figure 3.9b, H! (33s) finds configurations that are 29.8% and 32.7% better than those
found by A-30 (47s) and A-60 (49s), respectively. We note that A-30 outperforms A-60 on DSB
but performs worse on JOB. Refining this tuning interval may lead to different outcomes. Next,
we analyze the composition of each trial’s recommended indexes by examining the number of
unique one- and two-column indexes. On average, H! builds 13 single-column and 23 two-column
indexes, whereas A-30/A-60 builds eight and 11, respectively. By exploring and constructing
more diverse indexes, H! finds better configurations than both A-30 and A-60.

3.6.2 MaximalQuery Optimization
The maximal query optimization allows Proto-X to leverage the DBMS optimizer’s expertise, past
experience, and known priors to guide its recommendations (Section 3.4.4). In this experiment,
we consider different modes by combining the following option sets:
• Agent (A): Query option set chosen by the agent.
• Previous (P): Query option set from the previous time step.
• Global (G): Query option set from the query optimizer.
• Infusion (IV): Query option sets based on prior domain knowledge about performant query

plans to guide the agent. We utilize one option set that enforces index nested loop joins and
another that enforces table scans into hash joins.

Using these option sets, we construct the five modes in Table 3.4 by increasing the amount of
guidance. We begin with M1 (A), which only uses the agent’s chosen query options. We augment
M1 with P (previous) and G (query optimizer expertise) to obtain M2 and M3, respectively. M4
combines both M2 and M3. Lastly, we derive M5 by augmenting M4 with IV to infuse prior
knowledge about performant query plans. We use the same Proto-X configuration for tuning
TPC-H from Section 3.5.3. As Proto-X’s search plateaus in Figure 3.6b after 10h, we run each
mode for only 10h (four trials each).

Table 3.4 shows that executing only the agent’s query option set (M1) does not find a good
configuration. In contrast, M2, M3, and M4 find configurations outperforming the baseline
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Mode Min Mean Max

M1 (A) 250s 250s 250s
M2 (P,A) 74s 84s 98s
M3 (G,A) 91s 93s 94s

M4 (P,G,A) 69s 74s 84s
M5 (P,G,A,IV) 66s 68s 69s

Table 3.4: MaximalQuery Optimization – Proto-X’s worst, mean, and best TPC-H performance under
different maximal optimization modes.

P+D (154s). Some M4 configurations (69s) yield a 4% improvement over P+DTA-F+A (72s) in 8h.
Using the G and P sets, the agent leverages the expert query optimizer and past experience to
guide its recommendation of query options (e.g., per-table access methods). This optimization
further allows us to imbue the agent with priors from domain knowledge. From Table 3.4, M5’s
use of query option sets (IV) enables the agent to reduce the best trial’s runtime from 69s to 66s
and the range of workload runtimes from 15s to 3s.

3.6.3 Actor-Critic Sensitivity
As discussed in Section 3.2, the agent’s actor network outputs a proto-action, and the critic
network selects the best holon. To understand their impact, we vary five actor and five critic
networks of increasing complexity [7, 10, 75, 130]. We run four 30h trials for each pair using
Proto-X’s JOB configuration from Section 3.5.3. We report the mean performance and percent
improvement over P+D in Figure 3.10 at 8h and 30h.

From the 8h grid in Figure 3.10a, the lower-center network pairs have a similar 64–69%
improvement over P+D. However, for small (64-64) and large actor networks (1024-1024) and
large critic networks (8192), the performance is more varied, with ranges of 37–66%, 18–68%,
and 18–62%, respectively. We attribute these differences primarily to network stochasticity due
to limited samples.

By 30h in Figure 3.10b, all pairs achieve at least 71% improvement over P+D with a 7% spread,
except for (1024-1024, 8192)’s 62%. These results illustrate that the agent’s performance tends
to worsen for overly simple (e.g., actor 64-64) or complex networks (e.g., critic 8192). Whereas
overly simple networks lack reasoning ability, larger networks have more parameters that
require more exploration data to learn. Although Proto-X finds promising configurations with a
range of actor-critic networks given enough time, Proto-X may benefit from hyperparameter
optimization [10] in situations with limited tuning budgets and available idle instances [72].

3.6.4 State Sensitivity
We next analyze the impact of Proto-X’s state representation. Recall from Section 3.4.1 that
Proto-X utilizes either a telemetry (e.g., workload metrics) or structural (e.g., embed knob values
and indexes) representation. Better representations enable the agent to understand the current
DBMS configuration and make more targeted recommendations. We run four 30h trials of Proto-
X using each representation. In Figure 3.11, we report the performance of the best configuration
discovered by Proto-X from all trials.
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Figure 3.10: Actor-Critic Sensitivity – Proto-X’s performance on JOB with different actor-critic
network pairs at 8h and 30h. Each cell contains the mean performance and percent improvement over
P+D across four runs. Lighter colors correspond to lower workload runtimes.
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Figure 3.11: State Sensitivity – Workload performance after 30h with four runs of each agent using
different state representations. The box plot represents min/max and the red dot indicates the mean.

On average, for TPC-H (Figure 3.11a) and JOB (Figure 3.11b), telemetry performs marginally
better than structural by 1s (1.4%) and 0s, respectively. For DSB, Proto-X with telemetry repre-
sentation finds a configuration 4s (11%) faster than any found by structural, which we attribute
to the simpler telemetry-based representation.

Figure 3.11d shows that Proto-X’s state representation matters the most for TPC-C. Although
both representations find good configurations, telemetry has a wider range (2.2k tps) than
the structural representation (0.5k tps). When executing OLTP workloads, we do not have
fine-grained control over when PostgreSQL runs its background autovacuum worker. Thus, the
telemetry representation may be unstable due to these background processes.
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Figure 3.12: Neighborhood Sensitivity – Performance of Proto-X on JOB and DSB with different
neighborhood construction parameters. Each cell contains the mean performance and percent improve-
ment over P+D across four runs. Lighter colors correspond to lower runtimes.

3.6.5 Neighborhood Sensitivity
We next examine Proto-X’s neighborhood exploration to find valid candidate holons. To manage
combinatoric overhead, Proto-X approximates the neighborhood with three parameters: (1)
knob span or radius (1, 2, 3), (2) number samples (10, 100), (3) enabled structural rules (leading
prefix only, all rules). We introduce a base case that emits the closest direct action, which sets the
knob span to 0, samples to 1, and disables structural rules. We run four 30h tuning trials for each
configuration using Proto-X’s JOB and DSB configurations from Section 3.5.3. We report the
mean performance of each neighborhood and its percent improvement over P+D in Figure 3.12.

In Figure 3.12, picking the closest direct action is not the best decision. Constructing a
neighborhood allows Proto-X to discover better configurations with further improvements over
P+D of up to 10% (JOB) and 8% (DSB). Comparing Figure 3.12c to Figure 3.12b for JOB and
Figure 3.12f to Figure 3.12e for DSB, enabling more structural rules tends to further improve
performance over P+D: 1–3% (JOB) and 2–7% (DSB). Additional structural rules help facilitate a
richer selection of candidate actions (e.g., INCLUDE columns, index type). Proto-X benefits from
more structural rules, particularly when they produce candidates with better performance.

For knob span and number of samples in Figure 3.12, Proto-X’s performance on JOB and DSB
slightly degrades as the knob span increases for a given sample size. Increasing knob span makes
the neighborhood sparser, which increases the agent’s stochasticity and hinders materializing
beneficial candidates. Although increasing the sample size can counteract this effect, it makes it
more difficult for the critic to differentiate between choices early on. For our experiments, we
use a span of 1 across TPC-H, DSB, and JOB. We use 10 samples for TPC-H and DSB due to the
smaller query knob space and 100 samples for JOB to ensure reasonable coverage.
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Figure 3.13: Exploration Sensitivity – Performance of Proto-X on JOB and DSB with different initial
bias settings and increment speeds. Each cell contains the mean performance and percent improvement
over P+D in parentheses across four runs. Lighter colors correspond to lower runtimes.

3.6.6 Exploration Sensitivity
Proto-X augments its proto-action with a bias to encourage exploration (Section 3.2). To measure
its impact, we vary the bias’s two parameters: (1) initial distribution over the starting episode
and (2) shift size at the end of each episode. We choose shift sizes of slow (1), medium (2),
and fast (5) to capture a range of speeds and initial distributions of uniform (e.g., 0…), step
(e.g., 0,1,2,…), and slow-step (e.g., 0,0,1,…). We run four 30h trials with Proto-X’s JOB and DSB
configurations from Section 3.5.3. We report the mean performance against P+D in Figure 3.13.

The (Fast, Uniform) bias setting in Figure 3.13a stands out, with its mean runtime being >14s
worse than all other. Setting the bias to (Fast, Uniform) prevents the agent from sufficiently
covering the latent space, thus leading it to miss important candidate indexes. The remaining
bias settings result in similar improvements over P+D, with 73–77% for JOB and 67–71% for
DSB. A more targeted bias setting allows the agent to aggressively exploit latent space regions
while ignoring irrelevant ones. We use slower shift sizes in our experiments for space coverage.

3.6.7 Generalization
In real-world deployments, the DBMS environment under tuning in Phase II may differ from
that in Phase I due to dataset drift, workload drift, or schema changes. We now analyze whether
Proto-X’s latent space effectively guides the agent to promising configurations even when its
benefit scores are outdated. We first discuss dataset/workload drift, followed by schema changes.

Dataset/Workload Drift: We use DSB for this experiment as it supports dataset scaling (scale
factor) and has more complex parameter distributions. We use Proto-X’s configuration from
Section 3.5.3, with a latent space built on SF10 and the workload’s original 49 queries. We
simulate dataset drift by evaluating on SF1/SF20 and workload drift by generating 2× and 3×
the original workload. We run four 30h trials for each scenario. We use P+DTA-F+A, the next
best agent from Section 3.5.3, as the baseline.
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Figure 3.14: Dataset/Workload Drift – Using a latent space built on benefit scores from DSB SF10 with
the 49 query workload, Proto-X tunes different scale factors (dataset drift) and workload scales (workload
drift). We plot the mean performance of the best configuration discovered from four trials of P+DTA-F+A
and Proto-X after 30h.
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Figure 3.15: Schema Changes – Mean performance on different JOB workloads by four trials of P+DTA-
F+A and Proto-X in 30h. Proto-X trains its latent space based on the workload of JOB AB (66 queries) and
considers either 3-tables, 8-tables, or all tables as candidate latent spaces.

From Figure 3.14a, Proto-X is better than P+DTA-F+A across all scale factors, with improve-
ments of 38% (SF1), 17.5% (SF10), and 21.1% (SF20), respectively. Indexes that are beneficial at
SF10 remain beneficial at SF1/SF20. This continuity allows Proto-X to exploit the SF10 latent
space to improve at smaller and larger sizes.

In Figure 3.14b, Proto-X uses a latent space built from a smaller workload to tune more
complex ones. Proto-X finds better configurations than P+DTA-F+A at all workload scales, with
improvements of 17.5% (49 queries), 12.5% (98 queries), and 7.5% (147 queries). Although more
complex workloads distort the benefit scores of multi-column indexes, Proto-X is hindered more
by increased workload runtime, partly due to our maximal query optimization.

33



Schema Changes We use JOB to evaluate Proto-X’s resilience to schema changes, as its
optimal index set touches more tables than the other workloads (Section 3.5.3). We divide
the JOB workload into two sets. The first set (JOB A / 33 queries) contains all queries in the
benchmark whose name ends with “a” (e.g., Q1a). The second set (JOBAB / 66 queries) comprises
the queries that end in either “a” or “b”. We simulate schema changes by constructing the latent
space in Phase I on smaller sets of tables. We build three spaces using the JOB AB workload:
3-Table4, 8-Table5, and Complete. We then run four 30h trials and configure Proto-X to tune JOB
A, JOB AB, and JOB Full. We present the mean performance of the best-discovered configuration
for each scenario in Figure 3.15 compared to P+DTA-F+A.

From Figure 3.15, Proto-X finds better configurations than P+DTA-F+A in all cases, with
improvements of 42–58% (JOB A), 19–44% (JOB AB), and 30–51% (JOB Full). We focus on the
differences between the three latent spaces. Figure 3.15 shows that 3-Table performs worse due
to insufficient coverage of the database’s schema (e.g., MOVIE_COMPANIES), which causes Proto-X
to miss beneficial indexes. Active learning [72] could ensure that the latent space benefit scores
remain current as the schema changes.

8-Table and Complete yield similar outcomes in Figure 3.15, which indicates the limited
benefit of incorporating excess information into the latent space. We note that 8-Table (39s) is
competitive, and Complete (41s) performs marginally worse than the latent space built on JOB
Full from Figure 3.6a (39s). We attribute this to agent’s stochasticity in building the latent space.

3.7 Future Work
This work presents the first step towards a holistic or “universal” approach to DBMS optimiza-
tion. There remain multiple opportunities for further enhancement on top of the core Proto-X
framework: (1) online adaptation of the latent space in response to schema changes and drift,
(2) incorporating less accurate feedback signals (e.g., partial workload execution), (3) handling
user constraints by re-using the agent’s exploration trajectories, and (4) improving the agent’s
introspection abilities to explain its decisions.

3.8 Conclusion
Recent work has focused on combining individual DBMS tuning agents to find better configura-
tions. However, these approaches struggle to coordinate their individual agents. We introduce
the framework Proto-X that holistically tunes across multiple configuration spaces. Proto-X
organizes the configuration space into a latent space and uses proto-actions to navigate through
neighborhoods of similar configurations. Evaluating against other state-of-the-art methods on
their ability to tune PostgreSQL for OLAP and OLTP workloads, Proto-X discovers configurations
that improve performance by up to 53% over the next best approach.

4CAST_INFO, MOVIE_INFO, MOVIE_KEYWORD
53-Table, AKA_NAME, MOVIE_COMPANIES, MOVIE_INFO_IDX, PERSON_INFO, TITLE
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Chapter 4

Workloads-Configurations Similarity for
Adaptation

As shown in Chapter 3, optimizing a DBMS for a fixed workload has been well explored by the
academic community. Early research focused on heuristics and cost-based search techniques [11,
22, 23, 60, 99]. The last decade saw the rise of using ML-based techniques to tune aspects of the
DBMS (e.g., knobs [47, 53, 109, 130], indexes [57, 97, 116]) or across all aspects of the DBMS [132].
Recent advances have focused on large language model (LLM)-based methods [39, 47].

Another key aspect to enable holistic DBMS optimization over its lifetime is being able
to adapt its configuration effectively in response to changes in the deployment. For instance,
the workload’s queries may evolve over time, the database size may grow over time, or the
application’s schema may change. Existing automated database tuners struggle to adapt and
re-optimize database management systems (DBMSs) in response to these changes due to their
brittle design and reliance on workload-level observations. For example, heuristic tuners [11, 60]
cannot incorporate historical knowledge due to their fixed algorithms. ML-tuners [58, 132, 134]
struggle as environment changes (e.g., Q1 no longer exists) corrupt their internal representations
(e.g., how they represent Q1’s tunables). These design issues prevent tuners from exploiting
query-level semantics (e.g., plans) to learn from historical knowledge. Consequently, these tuners
take longer to re-optimize after environment changes and end up stuck in subpar configurations.

In this chapter, we present the framework Booster that assists existing tuners in adapting
to environment changes. Booster first structures historical artifacts into query-configuration
contexts. On a per-query basis, Booster then identifies the most relevant historical contexts as
references and then prompts large language models (LLMs) to suggest configurations based on
those references. Next, Booster composes the query-level suggestions into a holistic configura-
tion [132] with beam search. Booster then provides its findings to the tuner being assisted for
further refinement.

The rest of the chapter is organized as follows. We provide the key ideas behind Booster
in Section 4.1.4 and its architecture in Section 4.2. We then provide an evaluation of Booster’s
ability to assist different state-of-the-art tuners in adapting to environment changes in Section 4.6.
By composing recommendations derived from query-level insights, Booster assists tuners in
discovering configurations that are up to 74% better and in up to 4.7× less time than continuing
to tune from historical configurations.
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4.1 Background: Adaptivity and LLM-based Adaptation
An autonomous self-driving DBMS [56, 86, 142] optimizes itself without human intervention.
Guided by the user’s objectives (e.g., minimize runtime), the DBMS optimizes itself for a given
workload by deploying tuners to find optimal holistic configurations [132] that encapsulate all
of the DBMS’s tunable facets. For instance, a single holistic configuration can prescribe system
knobs to set, indexes to build, and hints to apply for each query in the workload. To find these
holistic configurations, the DBMS’s tuners iteratively explore and experiment with different
configurations to the best of their individual capabilities. These include cost-based search and
ML-based tuners that target individual DBMS aspects (e.g., knobs [53, 60, 109, 130], physical
design [31, 57, 97, 116]), holistic tuners that reason across multiple DBMS aspects [132], and
large language model (LLM)-based tuners [39, 47, 123]. We first define adaptivity for tuners and
then discuss existing tuners along with their challenges in adapting to different deployments.

4.1.1 Adaptivity for Tuners
As a tuner optimizes DBMSs, it acquires experience that includes the tuner’s reasoning, explored
configurations, and observed behavior of the DBMS. Adaptivity reflects a tuner’s ability to reuse
prior experience when tuning new scenarios, broadly categorized as transfer and drift. We will
discuss each separately.

Transfer Scenario This addresses the case where a tuner transfers experiences from past
DBMS deployments to a previously unseen deployment. This ranges from cases where the
historical and target deployments are the same to cases where the schemas differ. For example, a
tuner transfers its experiences from tuning a TPC-H [107] instance to a TPC-DS [106] instance.

Drift Scenario This covers scenarios where a tuner optimizes a DBMS deployment whose
characteristics change over time [65, 110, 111]. These include changes to query parameters,
query templates, query volume (i.e., load spikes), hardware (e.g., instance upgrades), and data
(e.g., BULK INSERT). These drifts are common, with Redshift observing that 50% of their produc-
tion clusters have 50% of queries repeating exactly (i.e., same query template and parameters)
daily [110].

4.1.2 Existing Tuning Frameworks
We next provide an overview of existing state-of-the-art tuners, which we group into three
categories: (1) heuristic and cost-based, (2) ML-based, and (3) LLM-based.

Heuristic and Cost-based Tuners These tuners execute a fixed algorithm to explore con-
figurations [11, 12, 23, 60] obtained with heuristics. They then rely on query plan costs via a
“what-if” mechanism [22] to guide the search process.
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ML-based and Holistic Tuners These tuners rely on ML techniques to tune the DBMS. While
some of these tuners only target specific aspects (e.g., knobs, indexes) of the DBMS [58, 97, 109,
130], holistic tuners [132] reason across all aspects. These tuners rely on an internal model to
find beneficial configurations through trial and error. These models capture deployment aspects
(e.g., workload, schema) as bits in the models’ representation. For instance, a specific bit output
by the model may instruct the tuner to build an index [58, 111], set a system knob [109, 130], or
apply a query hint [132].

LLM-based Tuners Recent large language model (LLM)-based tuners rely on off-the-shelf
models [39] (e.g., GPT-4o [81]) or models fine-tuned on prior experience [47]. They then instruct
the LLM with prompts. For instance, a prompt can instruct the LLM to assume the role of a
database administrator and output a JSON configuration that optimizes the workload. These
tuners sample multiple configurations from the LLM and select the best one.

4.1.3 Tuner Adaptivity Challenges
Despite the prevalence of transfer and drift scenarios in practice, existing tuners are unable to
adequately adapt to environment changes due to their designs. As we now discuss, their design
limitations are due to two core issues:

Rigidity and Brittleness This issue is present in cost-based and ML-based tuners. For both,
identifying relevant experiences is critical to discovering beneficial configurations [67, 109, 133,
135]. Even if relevant experience is accurately identified, problems remain.

Cost-based tuners lack a mechanism to apply prior insights to guide the search. For instance,
if prior experience reveals an adverse interaction between two indexes, the tuner should prioritize
exploring configurations that exclude those two indexes.

ML-based tuners must re-optimize whenever their internal models’ representations change
due to the environment (e.g., new query, new indexable column). To compensate for this,
researchers proposed using relevant experience to pre-train the internal model [66]. However,
pre-training remains infeasible due to potential differences with the target environment and
the overhead of re-evaluating historical experiences (i.e., configurations) to obtain performance
values for the target schema and workload.

Workload Granularity Existing tuners adapt at a workload granularity. Rather than tune
from scratch, tuners use workload-level telemetry (e.g., DBMS metrics) to identify and start from
some historical configuration (i.e., workload mapping [109]). However, this mapping prevents
combining individual query insights across configurations. For instance, configurations C1 and
C2 may optimize different workload queries more effectively. Without a query-level adaptation
method based on query semantics (e.g., plan) [16, 66], tuners cannot compose the best aspects
of C1 and C2 together.
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Figure 4.1: Tuner Adaptivity Challenges – PostgreSQL runtimes achieved by tuners in transfer
and drift scenarios for three configurations: (1) no re-tune, (2) continue tuning from the best historical
configuration for 6h and 12h, and (3) remix prior knowledge and then tune for 6h. Each tuner has access
to historical artifacts: TPC-H (transfer) and prior DSB (drift).

LLM-based tuners ignore opportunities to augment the prompt with targeted experience to
guide the model’s suggestion process on a query-by-query basis. For instance, if a query has been
tuned before, the tuner could augment the prompt with past attempts (e.g., query hints, indexes)
to provide the LLM with further context to generate more effective configurations [24, 64, 67].

To illustrate how these problems hinder DBMS tuners, we ran workloads on PostgreSQL
with two scenarios: (1) an experience transfer from TPC-H [107] to DSB [32] and (2) a previously
tuned DSB workload undergoing a parameter drift (i.e., 50% of queries have different parameters).
We deploy a (1) cost-based tuner [12, 23, 60], (2) ML-based tuner [134], (3) holistic tuner [132],
and (4) LLM-based tuner [12, 39]. Each tuner has access to their historical artifacts: TPC-H for
transfer scenario and the previous DSB for drift scenario.

As shown in Figure 4.1a and Figure 4.1b, both scenarios benefit from continuing to tune from
the best historical configuration compared to No Re-Tune. However, Continue falls short of
what is achievable by Total Knowledge Remix. By fully remixing historical tuning knowledge,
tuners discover configurations that are 13–74% better than those found by Continue. To achieve
this for a range of tuners, we propose leveraging recent advances in LLMs to reason about
individual queries and adapt them to different environments.
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4.1.4 LLM-basedQuery Adaptation

Recent research in LLMs has shown their capabilities in optimization [39, 67, 103, 123] and
schema understanding [102, 118, 136]. However, providing curated information to the LLM
remains unsolved [37, 78, 131]. We provide an exposition into incorporating tuning knowledge
into LLMs through four techniques: (1) workload-level prompts, (2) workload-level fine-tune, (3)
query fine-tune, and (4) combining enriched query-level prompts with a composition mechanism.

Workload-Level Prompts This technique (WL-Prompt) invokes an off-the-shelf LLM with a
workload-level prompt that describes the tuning task, the workload, and additional information
(e.g., telemetry, workload summary) as context [64]. This technique utilizes the LLM’s innate
abilities and pre-trained knowledge to generate configurations rather than historical knowledge.

Workload-Level Fine-Tune This technique (WL-FT) fine-tunes an LLM by using historical
experiences to alter the LLM’s weights [47]. Similarly to WL-Prompt, this technique then
invokes the fine-tuned LLM to obtain candidate configurations. By fine-tuning, this technique
improves the LLM’s ability to generate more effective configurations for the target workload.

Query Fine-Tune In comparison to WL-FT, this technique (Q-FT) fine-tunes an LLM on
queries. Although this allows the LLM to relate queries to configurations, it requires prompting
the LLM with a query prompt. As such, rather than generating workload-level configura-
tions, the LLM generates configurations for each query that are then combined into a holistic
configuration [132].

Enriched Query-Level Prompts and Composition This technique (Enrich Q+Compose)
is agnostic to whether the LLM is fine-tuned or not. On a per-query basis, this technique enriches
the query prompt with prior tuning attempts based on the query (e.g., SQL text, plan) and then
instructs the LLM to generate configurations with those historical references [24, 64, 131]. The
technique then uses a composition mechanism to combine the query-level configurations into a
holistic configuration while resolving conflicts (e.g., different knob values, conflicting indexes).
In doing so, this technique achieves Total Knowledge Remix by reasoning over all available
historical knowledge (e.g., past configurations, Internet).

To understand their efficacy, we first obtain historical experience by using a holistic tuner
to optimize a DSB workload for 12h. We then evaluate the previous techniques on using this
experience to adapt to a drifted workload where 50% of the queries have different parameters. As
shown in Figure 4.2, WL-Prompt performs the worst as it does not use prior experience. WL-FT
and Q-FT have limited improvement over WL-Prompt due to issues around granularity and
combining query configurations, respectively. In contrast, Enrich Q+Compose finds drastically
better configurations by exploiting relevant knowledge on a per-query basis and resolving
conflicts with a composition mechanism. Enrich Q+Compose forms the basis of our method
to assist existing tuners in adapting to environment changes by remixing historical knowledge.
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Figure 4.2: LLM-based Query Adaptation – DSB workload runtime achieved by prompting an off-the-
shelf LLM (WL-Prompt), fine-tuning an LLM with historical knowledge at workload (WL-FT) and query
(Q-FT) granularities, and Enrich Q+Compose that combines query prompts enriched with historical
attempts and a composition mechanism. All techniques utilize experience generated over 12h by a holistic
tuner tuning a DSB workload where 50% of queries have different parameters.
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Figure 4.3: Booster Overview – The framework integrates with an existing tuner to improve its
adaptivity to environment changes. Booster analyzes the artifact repository and injects its findings (e.g.,
start configuration) into the tuner. The “injected” tuner then refines the configuration and stores its
artifacts into the repository.

4.2 Overview and Architecture

We present how the Booster framework integrates with an existing tuner to improve its ability
to adapt to environment changes in Figure 4.3. Based on the workload and DBMS, Booster
analyzes the repository of artifacts and injects its findings (e.g., start configuration) into the
tuner. The injected tuner then further refines the configuration and updates the repository.

We next describe how Booster utilizes this repository to derive a holistic configuration [132]
(i.e., its findings) for injecting into the tuner. As shown in Figure 4.4, Booster’s operation is
divided into three phases. In Phase I, it monitors the repository for new artifacts generated by
the tuner and analyzes them for insights (Section 4.2.1). When the DBMS environment changes,
Booster uses these insights to optimize the DBMS. In Phase II, Booster receives the user’s target
workload and the target DBMS (Section 4.2.2). For each query in the workload, Booster identifies
relevant experiences and utilizes them to generate candidate configurations with an LLM. Then
in Phase III, Booster combines these query-level candidate configurations with a constrained
composition mechanism (Section 4.2.3). Lastly, Booster provides its findings to the tuner to
refine. We discuss each in more detail.
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Figure 4.4: Booster Architecture – An overview of the framework’s three phases. In Phase I, Booster
analyzes historical tuning artifacts. In Phase II, Booster generates candidate configurations (i.e., seeds)
for each query with an LLM. In Phase III, Booster then composes each query’s seeds into a holistic
configuration that it then provides to the tuner being assisted.

4.2.1 Phase I: Experience Analysis

In this phase, 1 Booster monitors a repository of tuning experiences. This repository accumu-
lates artifacts generated by a tuner as it optimizes a deployment. Although these artifacts contain
substantial information about the DBMS (e.g., workloads, configurations’ efficacy), they are
not readily searchable and differ across tuners. To standardize these artifacts into a searchable
format, Booster first 2 parses them into query-configuration (QConfig) objects that represent
how a query behaves under a specific configuration. Each QConfig includes but is not limited
to the relevant schema, the query’s execution plan, the configuration (e.g., knobs, indexes),
and links to other related QConfigs for structural organization. For instance, Booster can link
QConfigs together in chronological order if the QConfigs refer to the same query.

With these QConfigs, Booster next makes them searchable by leveraging recent advances in
LLMs’ ability to understand tabular data, schemas, and SQL queries [67, 102, 118, 136]. For each
QConfig, 3 Booster utilizes an embedder (e.g., Voyage 3 Large [4]) to generate fixed-length
identity vectors (i.e., embeddings [92]) based on text documents derived from the QConfig. For
instance, it can derive them by combining the schema and query plan or by combining the
anonymized schema and SQL text. Booster combines these identity vectors with the QConfig
and 4 loads them into a vector database for querying in Phase II (see Section 4.3).
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4.2.2 Phase II: Guided Recommendation
At the start of this phase, Booster is now optimizing the DBMS. Booster receives the target
workload and a connection to an offline environment for safe exploration [68, 72]. For each query
in the workload, 5 Booster obtains relevant information from the DBMS (e.g., schema, plan) and
uses an embedder to generate identity vectors in the same manner as Phase I. With each query’s
identity vectors, Booster 6 retrieves relevant historical QConfigs from the vector database,
combines them with the target query into the prompt, and 7 invokes the LLM to recommend
configurations based on the QConfigs [24, 64]. As the LLM may suggest invalid configurations
(e.g., illegal knob value, invalid index), Booster passes these suggested configurations and the
relevant QConfigs through the Sanitizer to obtain configurations for each query that can be
deployed. As these configurations target a single query, we refer to them as query seeds. We
elaborate further in Section 4.3.

4.2.3 Phase III: Constrained Composition
After obtaining the seeds for each query, Booster then combines them into a holistic config-
uration [132]. However, seed configurations may specify different parameters (e.g., number
of parallel workers, indexes) that conflict when combined. To mitigate this, Booster adopts
a two-step process to generate holistic configurations from multiple query seeds. 8 Booster
first ranks all the query seeds and then 9 runs a beam search algorithm, a variant of best-first
search [25, 88], to identify performant holistic configurations. This algorithm terminates when a
terminal condition (e.g., elapsed time) is reached. We elaborate on this further in Section 4.4.
Finally, Booster injects its discoveries into the tuner being assisted.

4.3 Experience Analysis & Recommendations
Booster uses QConfigs to guide how its LLM recommends configurations. We now discuss
(1) how the framework constructs QConfigs, (2) how it augments the prompt with relevant
QConfigs, and (3) how Sanitizer produces seed configurations for each query.

4.3.1 QConfig Construction
During Phase I, Booster mines the repository of artifacts generated by the tuner. Booster analyzes
the configurations explored over time (i.e., trajectory) to identify interesting configurations (e.g.,
ones that improve the user’s objective function). On a per-query basis, Booster constructs a
QConfig from each interesting configuration. As shown in Figure 4.5, this QConfig contains
both the DBMS’s configuration (e.g., knobs, indexes) and query-specific information (e.g., SQL
text, plan). Each QConfig contains a link to the QConfig of the same query that is built from the
trajectory’s next configuration (i.e., discovered by the tuner chronologically in the future). In
Figure 4.5’s example, Q1-C0 links to Q1-C2, which then links to Q1-C5.

However, Booster cannot directly use these QConfigs for vector-based similarity search [35].
Instead, Booster must first derive a fixed-length vector representation from each QConfig before
it can use distance functions (e.g., cosine distance, Euclidean distance) for similarity search.
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Figure 4.5: QConfigConstruction – Booster generates QConfig objects from interesting configurations
(e.g., configurations that improved the user’s objective function): C0, C2, and C5. As Q1-C5 illustrates,
each QConfig contains information (e.g., knobs, plan) about a specific query in a configuration, a link
to a downstream configuration (e.g., Q1-C2 to Q1-C5), and multiple identity vectors (i.e., embeddings)
obtained by passing different schematics through an embedder.

Recent research has proposed using embedders (e.g., Voyage 3 Large [4]) for natural language to
SQL [35] and root cause analysis [84]. These embedders map texts to fixed-length vectors where
related texts are located nearby [24]. In this way, Booster obtains a QConfig’s identity vectors
by constructing representative texts (i.e., schematics) and passing them through an embedder.

As shown in Figure 4.5, Booster builds multiple schematics from each QConfig. These
schematics capture a query’s semantics, ranging from high-level information about what data
the query accesses to low-level details of how the DBMS will execute it. Each schematic comprises
two parts: (1) schema metadata and (2) the query. The schema metadata describes the referenced
relations and columns, utilized indexes, and additional statistics (e.g., number of relation tuples,
number of distinct values for each column). The query component describes what the DBMS
executes, which can take the form of the SQL query, the query template, or query plan. Booster
generates schematics based on all three, along with variants derived by anonymizing table and
column names. It then passes each schematic through an embedder to obtain an identity vector
(i.e., embedding) and loads the assembled QConfig into a vector database.

4.3.2 QConfig Guided Recommendation

With the vector database from Phase I, Booster in Phase II obtains candidate configurations
with an LLM following the process in Figure 4.6. For a given user query, Booster generates
schematics and computes identity vectors (IVs) using the same process and embedder as in
Phase I. With each query’s IVs, Booster retrieves similar QConfigs by minimizing the Euclidean
distance to each QConfig’s IV of the same schematic type. For example, assume Booster uses the
anonymized query plan to build schematic S and obtains IV1. When searching the vector store
with IV1, Booster only considers each QConfig’s IV that is built with schematic S. This ensures
that Booster does not erroneously rank QConfigs based on differences in schematic type.
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Figure 4.6: Prompt Augmentation with k=1 Relevant QConfig – Based on the query, Booster
derives identity vectors in a similar process to Figure 4.5. It then retrieves a ranked list of QConfigs based
on similarity (i.e., Euclidean distance), takes the most similar QConfig, and follows its links to obtain the
most performant downstream QConfig. Booster then enriches the prompt with the downstream QConfig
(QConfigQ1-C5) and prompts the LLM for suggested configurations.

However, the most semantically similar QConfig may not be the best reference. Consider
the case where the DBMS is in the stock configuration and Booster is analyzing a previously
tuned query. In this case, the most semantically similar historical QConfig′ is derived from the
same query in the same stock configuration. Yet, this QConfig′ lacks any guidance (e.g., query
knobs to set, indexes to build) to extract. Instead, a more relevant QConfig⋆ with guidance
exists downstream of QConfig′ by following the links. Based on this, we make a core change to
retrieval: from each retrieved QConfig, Booster follows its links to fetch the most performant
downstream QConfig.

Due to LLM context window limitations (i.e., prompt and response length) [52, 70], Booster
truncates the references to the top-k QConfig, packages the reference QConfigs into the prompt,
and instructs the LLM to reason through those references (Instruction #3 in Figure 4.6) [55, 64]
to suggest configurations. Based on empirical trials, Booster sets k to a default value of 2.

4.3.3 Recommendation Sanitization
Prior techniques [39, 47] use the configurations suggested by the LLM “as-is”. Booster forces the
LLM to output valid JSON to avoid the complexity of extracting relevant configuration snippets.
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However, these suggestions may be incomplete, contain invalid indexes and parameters (e.g.,
a knob from a different DBMS), or request to match parameter values to the references. To
correct these errors, Booster’s Sanitizer cleans the suggested configurations using each query’s
QConfig references. Sanitizer first constructs a preliminary list from three sources: (1) the LLM’s
suggestions, (2) the QConfig references, and (3) additional configurations obtained by filling in
any missing parameters in the LLM’s suggestions with values from QConfig references.

As this set may occupy a locally suboptimal region, Sanitizer introduces a limited degree
of exploration. From each preliminary configuration, Sanitizer derives diverse candidates in
two ways: (1) augmenting indexes based on static analysis of the query’s predicates and (2)
permuting the query knobs (e.g., turn off sorting). For example, turning off sorting in PostgreSQL
while preserving other query knobs (e.g., access method hints) tends to different yet performant
plans. We provide a sensitivity analysis in Section 4.7.2.

Sanitizer then removes invalid selections (e.g., unknown columns, invalid hints) from each
candidate configuration before obtaining its minimal form. For example, Sanitizer uses a “what-if”
mechanism [22] to identify indexes used by each candidate and then removes the unused indexes.
Another example is query hints that allow multiple possibilities. For instance, PostgreSQL’s
NoSeqScan(t) [1] hint requests the DBMS to use an index scan if possible. Sanitizer modifies
these hints based on the query plan to their more specific form (e.g., IndexScan(t)). Finally, it
preserves all configurations that result in unique query plans as the query’s seeds.

4.4 Constrained Composition

Once Booster obtains unique seeds for each query in Phase II (see Section 4.3.2), it combines
them into a holistic configuration through a rank-and-compose process. We discuss each next.

4.4.1 Ranking Seeds

As a query’s seeds can have diverse performance outcomes, ranking them is crucial for composing
into a holistic configuration. The simplest approach is to use the DBMS’s estimated plan cost.
However, plan cost is not necessarily correlated with plan quality [15], particularly when query
hints are involved that distort the cost. Alternatively, there is extensive literature in learned cost
models [43, 73, 75] that build models to predict plan runtime. However, they require substantial
representative training data and are shown to have limited efficacy for ranking query plans [42].

Booster instead executes each seed to estimate its quality. Deploying all seeds (e.g., building
all indexes) induces significant overhead. Thus, Booster derives alternate indexes that cover the
original indexes [100]. To estimate each seed, Booster executes it after replacing the original
plan’s indexes with alternate indexes that upper bound the original plan’s runtime. For example,
consider three seeds: (1) Q1 with I1 t(a,b), (2) Q2 with I2 t(a) and Q2 does not access b, and
(3) Q3 with I3 t(a) and Q3 does access b. For Q1 and Q2, Booster builds I1 and forces both
to use it. However, if Booster forces Q3 to use I1, then Q3 may avoid heap fetches with the
covering index I1 and execute faster than otherwise possible. To avoid this, Booster builds I3
and forces Q3 to use I3.
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Algorithm 1 Beam Search
1: Input: Query-Configs QC = {. . . , (qi, [ci1, . . . , cij ])}
2: Output: Target Configuration
3: seeds = {(qi, best(ci))∀(qi, ci) ∈ QC} ▷ 1
4: cands = Merge(seeds) ▷ 2
5: best = Evaluate(cands) ▷ 3
6: while budget not exhausted do
7: qnext = Select(best) ▷ 4
8: alt q seeds = Rollout(qnext, best,QC) ▷ 5
9: cands = Merge(best, qnext, alt q seeds) ▷ 6

10: best = Evaluate(cands)
11: end while
12: Return best

Booster executes all seeds in order of increasing plan cost. If the DBMS distorts the cost
due to query hints (e.g., turn off sorting when the query requires sorting), Booster computes a
hypothetical cost without distortions. To control query execution overhead, Booster adopts a
simple per-query timeout strategy. Although Booster could prune seeds with rules or based on
clustering analysis of query plans (e.g., common access paths, similar partial join order), there
are no established strategies to do so, particularly when queries time out and do not return
any execution information (e.g., EXPLAIN ANALYZE). We defer a principled investigation of
pruning to future work.

4.4.2 Composition Algorithm
After ranking seeds, Booster composes a holistic configuration. Inspired by relaxation-based
physical design [17], Booster greedily constructs an initial configuration and then uses beam
search (a variant of best-first search [25, 88]) to refine it. In the best case, combining each
query’s best seed results in a near-optimal configuration. If conflicts arise (e.g., a query’s runtime
degrades from its seed’s runtime), Booster alters the configuration by targeting those conflicting
seeds.

Algorithm 1 shows the beam search algorithm that runs until it exhausts the time budget. 1
Booster obtains each workload query’s best seed, 2 composes them into holistic candidates
(Merge), 3 evaluates them, and selects the best one. From the best candidate, 4 Booster selects
a query seed to refine (Select), 5 rolls out alternate seeds for the selected seed (Rollout), and
6 repeats from 2 by replacing the selected query seed with alternate ones. Our evaluation in
Section 4.7.3 shows that composing for 1.5 hours produces good results. We next discuss these
three steps below.

Merge: In this step, Booster composes the seed for each query into a holistic configuration.
As these seeds may have incompatible system knobs (e.g., different parallel workers) or physical
design structures, Booster must reconcile them. For system knobs, Booster generates configu-
rations based on the minimum, median, and maximum across the seeds. For physical design
structures, Booster takes the union and removes identical ones. It then runs these holistic
configurations on the DBMS with a cache to eliminate identical plan invocations [68].
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Select: In this step, Booster picks the next query to refine. Booster first fixes conflicts (i.e.,
degraded queries) from merging into a holistic configuration. During this phase, Booster greedily
picks a query that performed worse than estimated. Afterwards, Booster greedily picks the
query with the highest runtime to refine. Booster tracks selected queries in query-agnostic
configurations (i.e., only system knobs and indexes) to avoid re-selectingQ1 if Q2 only undergoes
a local change (e.g., query hints) that does not impact Q1.

Rollout: In this step, Booster generates alternate seeds for the selected query. It then merges
each alternate seed with the other queries’ seeds into holistic configurations and evaluates them.
Booster generates these alternate seeds with the following constrained exploration mechanisms
(M1–4). We analyze these further in Section 4.7.5.

• M1 Query Knob Permutation: Similar to in Phase II (see Section 4.3.3), this mechanism
permutes the seed’s query knobs to generate diverse plans (i.e., seeds). Common variations
include deferring to the optimizer [26, 132] or forcing a nested loop join [63, 77].

• M2 Plan Repair: This corrects the query seed’s plan under the holistic configuration to
match its plan in isolation. Booster analyzes both plans and then generates alternate seeds by
modifying query hints to restore or eliminate nodes. For example, if the holistic configuration’s
plan contains a Sort node that is not present in isolation, Booster creates an alternate seed
with sorting disabled. Booster attempts three repairs: (1) enable optimizer flags corresponding
to used nodes, (2) turn off nodes not in the isolated seed’s plan, and (3) enable nodes in the
isolated seed’s plan.

• M3 Hidden Indexes: Prior work notes that combining index sets together may impair cost-
based query optimizers [17]. This mechanism aims to uncover alternative performant plans.
After obtaining the indexes used by the query seed, Booster constructs alternate seeds by
selectively omitting those indexes.

• M4 Ranked Seeds: Each query has many ranked seeds that may compose with the other
queries’ seeds into different holistic configurations. To improve the query, Booster only selects
ranked seeds with estimated runtimes less than the present query seed’s runtime.

Due to the above mechanisms, Booster may generate and evaluate a large number (e.g.,
≈100) of holistic configurations. To account for this, Booster adopts a 5-step rollout: (1) Local,
(2) 25% Seed, (3) 50% Seed, (4) 75% Seed, and (5) 100% Seed. In Local, Booster uses M1,M2 to
try query-local alternative seeds that are fast to evaluate with per-query timeouts to bound the
runtime. In the other steps, Booster explores seeds from M3,M4 in slices based on estimated
runtime with a workload timeout. Thus, Booster avoids suboptimal seeds if it discovers a
performant one in an earlier step.

4.5 Integration

We now discuss how Booster integrates with existing tuners. As Booster is tuner-agnostic,
developers can plug it into a tuner through API commands: (1) Parse, (2) Link, and (3) Digest.
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Parse: As tuners generate artifacts in various formats, this command enables Booster to
decipher them and extract their key insights. This process reconciles differences in tunables
(e.g., knobs, query hints) between what a tuner supports and what Booster reasons over. For
example, some tuners only consider whether sequential scans or index scans are enabled system-
wide [111, 134] or on a per-query [12, 77] basis. By contrast, Booster reasons over access methods
at a finer table-level granularity for each query.

Link: Developers implement how Booster links QConfigs. Recall that the QConfig retrieval
process uses these links to retrieve semantically relevant and performant QConfigs (see Sec-
tion 4.3.2). We propose linking based on the temporal nature of tuning steps. By default, Booster
links QConfig objects based on explored trajectories: C1 links to C2 if C2 is reached (i.e.,
explored) from C1.

Digest: Lastly, once Booster completes its composition, Booster passes its findings to the
tuner for further refinement. By default, Booster exposes its best holistic configuration to
the tuner through Digest. However, Booster could expose additional artifacts (e.g., explored
configurations) or guide further tuning focus (e.g., target specific queries). We envision that
future tuners will support the ingestion of this data. We defer this to future work.

We next discuss how we envision operators will deploy Booster. An operator must provide
Booster with an offline environment [72] and API access (or local GPU) to its embedder and
prompter LLMs. As Booster and, by extension, downstream tuners are unable to estimate the
benefit of further tuning, we rely on the operator to judge when to invoke Booster. Upon
starting a new tuning session, we expect that the operator will first invoke Booster, then run
any downstream tuners, and finally ensure that Booster analyzes any new artifacts. We defer
mechanisms that balance cost and the benefit of further tuning to future work.

4.6 Evaluation

We evaluate Booster’s ability to accelerate the convergence of existing tuners when confronted
by different drifts and transfer scenarios. We target PostgreSQL v15.1 running on a server with
two Intel Xeon Gold 5218R CPUs (20 cores) and a 960 GB Samsung NVMe SSD. We restrict the
DBMS to 32 GB of RAM and 20 worker processes. To support Booster’s operations in PostgreSQL,
we install HypoPG [49] for the what-if mechanism [22], pg hint plan [1] for query tuning, and a
custom HypoExec extension for re-costing query plans and swapping indexes during execution.

We primarily evaluate with three OLAP workloads. JOB [63] (6.7 GB) is a benchmark that
stresses the query optimizer with 21 tables and 113 queries. TPC-H SF10 [107] (14.3 GB) models
a business analytics workload with eight tables and 22 queries. DSB SF10 [32] (22.5 GB) is
Microsoft’s extension of TPC-DS [106] that introduces additional challenges (e.g., data distribu-
tions, join patterns) with 25 tables and 53 queries. We omit four queries (Q18, Q32, Q81, Q92)
due to PostgreSQL’s query optimizer’s limited ability to unnest subqueries [36].
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# QConfigs # Million Tokens Embedder Cost (Upper Bound)
DSB (49Queries)

Proto-X 1852 17.8 $3.2
P+DTA+AS 3451 38 $6.8
UniTune 185 1.7 $0.3
λ-Tune+AS 1295 13.6 $2.4

TPC-H (22Queries)
Proto-X 373 1.6 $0.3
P+DTA+AS 4662 5.9 $1.1
UniTune 94 0.4 $0.1
λ-Tune+AS 592 2.9 $0.5

JOB (113Queries)
Proto-X 3325 25.2 $4.5
P+DTA+AS 4628 44.5 $8
UniTune 791 6.1 $1.1
λ-Tune+AS 1732 15.5 $2.8

Table 4.1: Phase I: Experience Analysis Overhead – We present the mean # QConfigs, # tokens, and
upper bound the embedder cost. Booster invokes the Voyage 3 Large API at $0.18/million tokens with a
rate limit of 3 million tokens/min [5]. Booster caches the API call’s inputs and outputs to reduce cost.

4.6.1 Experiment Setup
We deploy four state-of-the-art DBMS tuners:

PGTune+DTA+AutoSteer (P+DTA+AS): This first runs PGTune [60], a heuristics-based knob
tuner, followed by Microsoft’s Anytime Database Tuning Advisor (DTA) algorithm [23]. We use
Hyrise’s implementation of DTA [57] with an unlimited tuning budget. After DTA finishes, we
run AutoSteer [12] to tune query knobs by greedily toggling and merging boolean knobs.

UniTune: Alibaba’s coordinating tuning framework that targets system knobs, indexes, and
limited query rewriting through Calcite [134]. We adopt the same settings as their paper, but
modify it to run queries serially and to minimize the workload runtime.

Proto-X: CMU’s holistic tuner that targets system knobs, indexes, and query options supported
by pg hint plan [132]. We adopt the same parameters from their paper and extend it to suggest
index or bitmap scans and common table expressions (CTEs) inlining.

λ-Tune+AS +AutoSteer (λ-Tune+AS): This first runs Cornell’s LLM-based tuner (λ-Tune+AS [39])
that analyzes the workload, formulates a prompt, and generates configurations with GPT-4o [81].
After obtaining configurations, it then runs AutoSteer [12] to tune query knobs.

We next briefly discuss Booster’s standard configuration for all experiments.1 For local
LLM inference, Booster uses an RTX3080 GPU with 10GB of RAM, an Intel Xeon W1350 CPU
(12 cores) and 32GB of RAM. Booster uses Voyage 3 Large [4] for its embedding model to
generate identity vectors (i.e., embeddings) and Llama 3.1-8B-Instruct Q4-K-M [40] to suggest
configurations. For consistency, we invoke the LLM with a temperature of 0, a context window
of 16384 tokens, and maximum output of 4096 tokens.

1Source Code: https://github.com/17zhangw/booster.
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# Queries # Tokens Runtime Embedder (Voyage 3 Large) Cost
DSB 49 450k 3.4min $0.08
TPC-H 22 92k 1min $0.02
JOB 113 837k 5.6min $0.15

Table 4.2: Exact Transfer Phase II: Guided Recommendation Embedder Costs – We present the
mean embedder (Voyage 3 Large) costs. These costs depend only on the workload and not the tuner.

# Input Tokens # Output Tokens Runtime Est. Power Est. OpenRouter Cost
DSB

Proto-X 261k 39k 9.8min 0.05kWh $0.005
P+DTA+AS 278k 37k 9.8min 0.05kWh $0.005
UniTune 270k 36k 9.3min 0.05kWh $0.005
λ-Tune+AS 275k 40k 10.2min 0.05kWh $0.01

TPC-H
Proto-X 68k 14k 3min 0.02kWh $0.001
P+DTA+AS 71k 12k 3min 0.02kWh $0.001
UniTune 68k 13k 2.9min 0.02kWh $0.001
λ-Tune+AS 70k 13k 2.9min 0.02kWh $0.001

JOB
Proto-X 537k 80k 20min 0.11kWh $0.01
P+DTA+AS 510k 88k 20min 0.11kWh $0.01
UniTune 542k 86k 21min 0.11kWh $0.01
λ-Tune+AS 518k 96k 22min 0.12kWh $0.01

Table 4.3: Exact Transfer Phase II: Guided Recommendation Prompter Costs – We present the
mean prompter (Llama 3.1-8B-Instruct Q4-K-M) costs across each tuner’s trials. We provide estimates
assuming a 320W load on our local RTX3080 and estimate cloud inference costs from OpenRouter [3].

In Phase I, we configure Booster to reason over configurations that span Proto-X’s options:
system knobs, indexes, and query options for each query that cover optimizer switches, access
method selection (e.g., sequential, index, bitmap), and whether to materialize or inline CTEs.
In Phase II, Booster uses all permutation strategies to generate query seeds (Section 4.3.3). In
Phase III, Booster runs its constrained composition for 1.5h (Section 4.4.2).

We populate a tuning repository for each tuner by running four trials with random seeds
on the same hardware. At the start of each trial, we initialize PostgreSQL with its default
configuration. We then run each tuner for 12h to tune the DBMS. While these tuners run,
Booster in Phase I (Section 4.3.1) analyzes their artifacts and generates QConfigs that are
available once the tuners finish. We present the overhead of the phase in Table 4.1.

For tuners continuing from history, we start each tuner from one of the best configurations
in the repository and allow it 12h to optimize the DBMS further. When accelerating a tuner
with Booster, each Booster invocation runs Phases II and III with access to all artifacts from that
tuner’s repository (e.g., four trials of Proto-X). After each tuner’s trial, we re-evaluate discovered
configurations without timeouts in a warm cache to obtain their actual performance [62, 132].
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Figure 4.7: Exact Transfer – The DBMS’s performance achieved by each framework on DSB, JOB, and
TPC-H when tuning from scratch, from the best historical configuration, and accelerated with Booster.
We plot the mean performance obtained by four trials of each tuner, with the error band representing the
95% confidence interval. For Booster, the ⋆ illustrates when it finishes composing a holistic configuration.

4.6.2 Exact Transfer

We first evaluate Booster’s ability to accelerate tuners when tuning the same historical de-
ployment. We present the embedder and prompter costs incurred by Booster in Tables 4.2
and 4.3. We then compare three tuner variations: (1) tuning from scratch, (2) continuing from
the best historical configuration, and (3) accelerated with Booster. We report each tuner’s best
configuration mean performance, the 95% confidence interval band, and the ⋆ to indicate when
Booster completes. We also show each tuner’s worst, mean, and best performance in Table 4.4.
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Scratch Continue Booster
Benchmark Min Mean Max Min Mean Max Min Mean Max
DSB→DSB

Proto-X 29s 31s 33s 26s 29s 32s 19s 20s 21s
P+DTA+AS 44s 45s 47s 44s 45s 47s 27s 27s 27s
UniTune 125s 136s 148s 125s 136s 148s 55s 57s 60s
λ-Tune+AS 64s 67s 70s 64s 67s 70s 44s 44s 44s

TPC-H→TPC-H
Proto-X 68s 69s 71s 66s 68s 69s 58s 58s 59s
P+DTA+AS 86s 87s 88s 86s 87s 88s 66s 68s 69s
UniTune 199s 200s 201s 176s 194s 200s 76s 76s 78s
λ-Tune+AS 156s 167s 181s 156s 167s 181s 83s 84s 85s

JOB→JOB
Proto-X 47s 61s 88s 40s 41s 42s 29s 30s 32s
P+DTA+AS 82s 83s 83s 82s 83s 83s 57s 61s 64s
UniTune 132s 144s 170s 132s 138s 146s 72s 74s 78s
λ-Tune+AS 89s 93s 97s 89s 93s 97s 58s 58s 60s

Table 4.4: Exact Transfer Performance Spread – The worst, mean, and best result for the tuners’
trials in Figure 4.7 on DSB, TPC-H, and JOB when tuning from scratch, from history, and with Booster.

As shown in Figure 4.7, Continue From History is generally not an effective strategy.
P+DTA+AS and λ-Tune+AS (Figures 4.7b and 4.7d) exhibit no improvement, whereas UniTune
(Figure 4.7c) achieves only 3–4% mean improvement on TPC-H and JOB. Table 4.4 indicates that
although Proto-X achieves only 1% and 6% improvement on TPC-H and DSB, respectively, its
JOB configuration is 33% better.

These results show Booster enables tuners to discover configurations that are better than
tuning from scratch or continuing from history. Booster helps to find configurations that have a
mean improvement of 16–51% (Proto-X), 22–40% (P+DTA+AS), 49–62% (UniTune), and 34–50%
(λ-Tune+AS) over tuning from scratch. Booster achieves this by analyzing artifacts for query-
level insights and composing those insights together with constrained exploration. It extends the
set of tunables (e.g., query hints) supported by the tuners and also breaks their search algorithms
out of local optima.

4.6.3 Parameter Drift

We next evaluate Booster’s ability when the workload undergoes a parameter drift, whereby
only the parameters of the queries change. We generate a set of DSB queries with a different
seed and replace portions of the historical workload: 25%, 50%, 75%, and 100%. We run four
12h trials for each drift percentage and plot the mean performance along with 95% confidence
interval in Figure 4.8.

As shown in Figure 4.8 with the ⋆ marker, Booster consistently outputs a holistic configura-
tion in under 3h. With Booster, all frameworks find configurations with mean improvements of
23–27% (Proto-X), 31% (P+DTA+AS), 42–64% (UniTune), and 24–31% (λ-Tune+AS) over those
found by continuing to tune from historical configurations. Booster re-mixes query seeds based
on query semantics, rather than the entire workload. For repeated queries, Booster extracts
beneficial seeds “as-is”. For queries with changed parameters, Booster generalizes from historical
seeds with the same query template. Thus, it exploits the observation that queries with the same
templates may benefit from similar optimizations. Booster assists in finding these configurations
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Figure 4.8: Parameter Drift – The DBMS’s performance achieved by each framework in response to
workload parameter drift. We plot the mean performance with a 95% confidence interval obtained by
four trials of each tuner. The X represents the starting point when continuing from history. For Booster,
the ⋆ illustrates when it finishes composing a holistic configuration.

up to 3.6× (Proto-X), 1.9× (P+DTA+AS), and 3.6× (UniTune) faster. λ-Tune+AS finds config-
urations 10–30min faster than when using Booster. Booster spends ∼10min longer on LLM
inference, as it prompts the LLM on a query rather than workload granularity. Nevertheless,
λ-Tune+AS with Booster still finds configurations that are 24–31% better than without.

4.6.4 Template Drift
We now assess how Booster manages workloads that experience template drifts. We generate
TPC-DS [106] queries that are not also DSB templates and replace portions of the historical
workload by 25%, 50%, 75%, and 100%. We run four 12h trials per percentage and plot the mean
performance along with 95% confidence interval.
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Figure 4.9: Template Drift – The DBMS’s performance achieved by each framework in response to
workload template drift. We plot the mean performance with a 95% confidence interval obtained by four
trials of each tuner. The X represents the starting point when continuing from history. For Booster, the ⋆
illustrates when it finishes composing a holistic configuration.

Similar to the previous experiment, Figure 4.9 shows that Booster outputs a holistic con-
figuration in under three hours (⋆ marker). Booster enables the tuners to find configurations
with mean improvements of 12–30% (Proto-X), 24% (P+DTA+AS), 52–63% (UniTune), and 26–
39% (λ-Tune+AS) over those found by tuning from historical configurations. Booster assists in
finding these configurations up to 4.7× (Proto-X), 3.4× (P+DTA+AS), 2.7× (UniTune), and 1.2×
(λ-Tune+AS) faster. Booster handles unseen queries through two strategies. It first generalizes
from similar historical queries. In cases where the LLM generates a locally suboptimal configu-
ration, Booster uses its constrained exploration mechanism to derive similar, more performant
configurations (Section 4.3.3).

54



Proto-X: Scratch Booster

10

35

60

0 6 12
Tuner Runtime (hr)

To Desktop

0 6 12
Tuner Runtime (hr)

To Smaller SKU
R

un
ti

m
e 

(s
)

(a) Proto-X
UniTune: Scratch Booster

20

110

200

0 6 12
Tuner Runtime (hr)

To Desktop

0 6 12
Tuner Runtime (hr)

To Smaller SKU

R
un

ti
m

e 
(s

)

(b) UniTune

Figure 4.10: Machine Transfer – The DBMS’s performance achieved by each framework in response to
machine transfer. We plot the mean performance with 95% confidence interval obtained by four trials
of each tuner. The X represents the starting point when continuing from history. For Booster, the ⋆
illustrates when it finishes composing a holistic configuration.

4.6.5 Machine Transfer
We next evaluate Booster’s ability when the environment exhibits a hardware change. We
evaluate two scenarios moving from a high-performance server to a weaker (Intel Xeon Silver
4114) and desktop (Intel Xeon W-1350) machine with the same historical DSB workload. We
evaluate the best- and worst-performing tuners from Section 4.6.2 using four 12h trials for each.

As shown in Figure 4.10, all tuners with Booster find configurations with mean improve-
ments of 31–32% (Proto-X) and 61–62% (UniTune) over those found by tuning from historical
configurations. Furthermore, Booster enables tuners to find these configurations up to 3.1×
(Proto-X) and 2.2× (UniTune) faster. As the target workload is the same as the history, Booster
recognizes that each query’s best historical seed is a promising starting point. It then leverages
this to assist both tuners in finding better configurations more quickly.

4.6.6 Dataset Growth
Another challenge for tuners is when the database grows over time or when switching from
development to production instances. To measure this effect, we generate three DSB variations:
SF1→10, SF1→20, and SF10→20. Following the process in Section 4.6.1, we first construct
the artifact repository from tuning SF1. We then evaluate the best- and worst-performing
frameworks from Section 4.6.2 using the same workload for four 12h trials per scenario.

Figure 4.11’s ⋆ marker indicates that Booster takes longer on SF20 due to the higher query
execution overhead. As shown in Figure 4.11b, Booster assists UniTune in finding configurations
with mean improvements of 63% (SF1→10), 55% (SF1→20), and 53% (SF10→20) over those
found by tuning from historical configurations. In contrast, in Figure 4.11a, Proto-X shows
modest improvements of 6% (SF1→10), 7% (SF1→20), and 29% (SF10→20). To investigate the
difference between adapting to SF20 from SF1 versus SF10, we sweep each SF from 1 to 10 and
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Figure 4.11: Dataset Growth – The DBMS’s performance achieved by each framework in response to
dataset growth. We plot the mean performance with a 95% confidence interval obtained by four trials
of each tuner. The X represents the starting point when continuing from history. For Booster, the ⋆
illustrates when it finishes composing a holistic configuration.
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Figure 4.12: Dataset Growth Sensitivity – Mean performance with 95% confidence interval obtained
by four trials of Proto-X. Evaluates the dataset growth scenario from different DSB scale factors to SF20.

evaluate with the same methodology as above. We run four 12h trials for each scenario and plot
the mean performance along with 95% confidence interval in Figure 4.12. As Figure 4.12 shows,
adapting from SF1 stands out, with the others resulting in configurations that are 18–30% better.

Upon further inspection, we find that a single query accounts for ≈7s of the 12s difference
between SF1→SF20 and SF2–10→ SF20. The issue begins when Proto-X overfits to SF1 and
selects holistic configurations (e.g., turn off hash aggregates, ignore covering indexes) that
improve performance by milliseconds without considering stability or generalizability. When
adapting to SF20, Booster is trapped by those SF1 configurations in local optima and cannot
break out without an expensive combinatorial search. In practice, changes to plans or plan
performance happen for various reasons, such as software upgrades or dataset growth. As
Booster effectively reuses historical artifacts to accelerate re-tuning, we expect operators to run
Booster more frequently to correct those changes. We defer building tuners with an explicit
stability or generalizability objective, in addition to a performance objective, for future work.
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Figure 4.13: Cross-Schema Transfer – The DBMS’s performance achieved by each framework on DSB,
JOB, and TPC-H when tuning from scratch and accelerated with Booster from other benchmarks’ artifacts.
We plot the mean performance obtained by four trials of each tuner, with the error band representing the
95% confidence interval. For Booster, the ⋆ illustrates when it finishes composing a holistic configuration.

4.6.7 Cross-Schema Transfer
We next evaluate Booster’s ability to accelerate tuners when tuning a new DBMS using artifacts
from a different application’s database. We run four trials for each tuner variation across all
workloads. We again plot the mean performance of each tuner’s best configuration, the 95%
confidence interval band, and use ⋆ to indicate when Booster completes. We also report the
worst, mean, and best performance achieved by any framework’s trial in Table 4.5.
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Scratch Booster (DSB) Booster (TPC-H) Booster (JOB)
Benchmark Min Mean Max Min Mean Max Min Mean Max Min Mean Max
DSB

Proto-X 29s 31s 33s - - - 22s 26s 28s 25s 26s 27s
P+DTA+AS 44s 45s 47s - - - 36s 37s 37s 32s 34s 36s
UniTune 125s 136s 148s - - - 34s 35s 36s 44s 48s 55s
λ-Tune+AS 64s 67s 70s - - - 41s 42s 44s 36s 37s 38s

TPC-H
Proto-X 68s 69s 71s 54s 55s 56s - - - 58s 59s 61s
P+DTA+AS 86s 87s 88s 70s 72s 74s - - - 71s 74s 82s
UniTune 199s 200s 201s 74s 76s 80s - - - 85s 89s 92s
λ-Tune+AS 156s 167s 181s 82s 84s 88s - - - 72s 73s 73s

JOB
Proto-X 47s 61s 88s 30s 34s 37s 34s 35s 35s - - -
P+DTA+AS 82s 83s 83s 54s 55s 57s 62s 63s 65s - - -
UniTune 132s 144s 170s 69s 71s 72s 53s 55s 58s - - -
λ-Tune+AS 89s 93s 97s 61s 63s 64s 64s 66s 67s - - -

Table 4.5: Cross-Schema Transfer Performance Spread – The worst, mean, and best performance
achieved by a framework’s four trials in Figure 4.13 on DSB, TPC-H, and JOB when tuning from scratch,
and with Booster from other benchmarks’ repository artifacts.

As indicated in Figure 4.13, tuning from the best historical configuration is identical to
tuning from scratch. Due to schema differences, existing tuning frameworks cannot transfer
the historical configurations. By contrast, Booster obtains holistic configurations for the target
DBMS that are inspired by artifacts, with configurations that leverage INCLUDE columns (i.e.,
covering index) and index knobs (e.g., page fillfactor). Thus, Booster assists tuners in discovering
configurations with a mean improvement of 14–44% (Proto-X), 15–33% (P+DTA+AS), 51–74%
(UniTune), and 29–56% (λ-Tune+AS) over starting with the best historical configuration. Table 4.5
shows that there is no dominant benchmark (i.e., artifact repository) to initialize Booster with.
Instead, Booster can use diverse artifacts to accelerate tuners in finding better configurations.

4.7 Sensitivity Experiments
We next analyze Booster’s aspects in more detail. We begin with an ablation on fine-tuning in
Section 4.7.1, query knob permutation strategy in Section 4.7.2, the composition phase’s search
time in Section 4.7.3, the embedders and prompters in Section 4.7.4, the composition phase’s
rollout policy (Section 4.4.2) in Section 4.7.5, and input data size in Section 4.7.6.

4.7.1 Fine-Tuning
An alternative to Booster’s approach of enriching the prompt with historical references is fine-
tuning an LLM on (prompt, configuration) pairs [47]. We study whether fine-tuning alone is
sufficient. Using the most performant tuner Proto-X’s DSB artifacts in the transfer, parameter,
and template experiments (Sections 4.6.2 to 4.6.4), we extract each trial’s steps into workload-
level training data pairs. For each step, we set the output to the trial’s best configuration and
construct a prompt that contains tuning instructions, a workload summary, DBMS metrics, and
query plans truncated to specific context lengths (i.e., FT-8192, FT-16384). We explore a query
variant (FT-Q) that replaces the workload summary with the SQL query.
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Figure 4.14: Fine-Tuning – The DBMS’s performance achieved by each technique across three scenarios
based on Proto-X’s historical DSB tuning artifacts. We plot the mean performance with a 95% confidence
interval obtained from four trials of each technique without further refinement.

We fine-tuneBooster’s LLM (Llama 3.1-8B-Instruct) with LLaMa-Factory [139], FlashAttention-
2 [28], and DeepSpeed [91]. For all, we use a learning rate of 2e-5 for 8 epochs [47]. We use 4
RTX3090 for FT-8192 and FT-Q and 2 RTXA6000 for FT-16384. During inference for FT-8192
and FT-16384, we sample 8 configurations at a temperature of 0.2 [47] and select the best. For
FT-Q, we sample three configurations for each query with a temperature of 0.2, select each
query’s best config, and then combine them together.

We consider three scenarios from the same historical DSB workload: Exact From History,
50% Parameter Drift, and 50% Template Drift. We run four trials for each technique without
further refinement. We plot the mean performance along with a 95% confidence interval in
Figure 4.14. Across all scenarios, fine-tuning performs worse. For FT-8192 and FT-16384,
truncating to context lengths restricts learning to the prompt’s queries. For FT-Q, query configs
conflict when combined, as seen in 50% Template Drift.

4.7.2 Query Knob Permutation Strategy

Booster permutes query knobs to generate similar query seeds (Section 4.3.3). We consider
five strategies: None, Join Types (i.e., hash, merge, nested loop), Access Methods (i.e., seq-,
bitmap-, or index-scan per-table), Sort turns off sorting, and All. We limit the study to the most
performant tuner Proto-X and evaluate three scenarios from the same historical DSB workload:
Exact From History, 50% Parameter Drift, and 50% Template Drift. We run four trials for
each strategy without further refinement by Proto-X. We plot the mean performance along with
a 95% confidence interval.

As shown in Figure 4.15, the strategy does not matter for Exact From History, as Booster
exploits the 1:1 mapping from the target workload to historical query seeds. For drifts, Join
Types, Access Methods, and Sort strategies enable Booster to improve over None by allowing
it to locally explore during composition to fix conflicts (i.e., degraded queries) and break out of
suboptimal solutions. Booster with the All strategy finds the best holistic configuration, as it
uses all opportunities to derive diverse plans from each query seed.
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Figure 4.15: Query Knob Permutation Strategy – The DBMS’s performance achieved across three
scenarios based on Proto-X’s historical DSB tuning artifacts when varying Booster’s query knob permu-
tation strategy. We plot the mean performance with a 95% confidence interval obtained from four trials
of each technique without further refinement.
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Figure 4.16: Search Time – The DBMS’s performance achieved across four scenarios based on Proto-X’s
historical DSB tuning artifacts when varying Booster’s search time. We plot the mean performance with
a 95% confidence interval obtained from four trials of each variant without further refinement.

4.7.3 Search Time

We next vary the amount of search time allocated to Booster’s constrained composition algorithm
(Section 4.4.2): 0.5h, 1h, 1.5h, 2h, 4h, and 6h. We limit the study to the most performant tuner
Proto-X and evaluate four scenarios from the same historical DSB workload: Exact From
History, 50% Parameter Drift, 50% Template Drift, and JOB→DSB. We run four trials for
each variation without further refinement by Proto-X. We report the mean performance along
with a 95% confidence interval.

Figure 4.16 shows that the trend across all four scenarios aligns with common tuning
trends [109, 132]. Providing Booster more time allows it to provide better holistic configurations
to the assisted tuner, with diminishing returns. Although Exact From History stabilizes after
1.5h, the other scenarios continue to show marginal improvement.

60



Nomic Code-Qwen3@1.7B

OpenAI text3large-Qwen3@1.7B

Voyage 3 Large-Qwen3@1.7B

Nomic Code-Llama 3.1@8B

OpenAI text3large-Llama 3.1@8B

Voyage 3 Large-Llama 3.1@8B

Nomic Code-o3mini

OpenAI text3large-o3mini

Voyage 3 Large-o3mini

Exact From History 50% Parameter Drift 50% Template Drift JOB→DSB
0

20

40

60

80

R
un

ti
m

e 
(s

)

22

35

79

44

18

36

76

38

17

32

78

30

19

37

78

47

19

34

76

38

18

32

72

34

20

35

76

46

20

31

75

44

18

34

75

38

Figure 4.17: Embedder-Prompter Models – The DBMS’s performance achieved across four scenarios
based on Proto-X’s historical DSB tuning artifacts when varying the embedder and prompter LLM. We
plot the mean performance with a 95% confidence interval obtained from four trials of each embedder-
prompter variant without further refinement.

4.7.4 Embedder-Prompter Models
We next investigate the embedder and prompter LLMs used by Booster. We select three embed-
ders based on the Massive Text Embedding Benchmark [79]: Nomic Code [101], text-3-large [82],
and Voyage 3 Large [4]. We then select three prompters of different scales: Qwen3-1.7B [119],
Llama 3.1-8B-Instruct [40], and o3-mini [83]. We limit the study to the most performant tuner
Proto-X and evaluate four scenarios from the same historical DSB workload: Exact From
History, 50% Parameter Drift, 50% Template Drift, and JOB→DSB. We run four trials for
each pair without further refinement by Proto-X.

Examining Figure 4.17, we first notice that the embedder-prompter matters more when the
target workload differs from historical workloads. All pairs are comparable (≈5s) for Exact but
have larger differences for JOB→DSB (≈17s). Second, increasing the complexity of the prompter
LLM (i.e., # of parameters) enables Booster to find better configurations. For instance, Booster
with o3-mini finds configurations that are 32% better than using Qwen3-1.7B for JOB→DSB.
However, these improvements come with higher inference costs that are not necessary for some
scenarios (Exact, 50% Parameter Drift). We leave the selection of the optimal LLM based on
generalizability (e.g., cross-schema) and cost requirements for future work [90].

4.7.5 Rollout Policy
We next study Booster’s rollout policy during composition (Section 4.4.2) and consider the
following variations: M1 Query Knob Permutation, M2 Plan Repair, M3 Hidden Indexes,
M4 Ranked Seeds, M1,M2 (i.e., query-local changes), M3,M4 (i.e., physical changes), and All.
We limit the study to the most performant tuner Proto-X and evaluate three scenarios from the
same historical DSB workload: Exact FromHistory, 50% Parameter Drift, and 50% Template
Drift. We run four trials for each variation without further refinement by Proto-X. We plot the
mean performance along with a 95% confidence interval.
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Figure 4.18: Rollout Policy – The DBMS’s performance achieved across three scenarios based on
Proto-X’s historical DSB tuning artifacts when varying Booster’s rollout policy during composition. We
plot the mean performance with a 95% confidence interval obtained from four trials of each variant
without further refinement.
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Figure 4.19: Input Data – The DBMS’s performance achieved by different tuners when transferring the
same workload as history. We evaluate whether Booster has access to one artifact or all four artifacts
from each tuner. We plot the mean performance with a 95% confidence interval obtained by four trials of
each technique without further refinement.
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As shown in Figure 4.18, we find that M2 and M3 alone have limited effectiveness due to
their limited exploration. M1 and M4 are more effective by providing a greater degree of diverse
composition opportunities. We also observe that although M3,M4 (i.e., physical changes) finds
better configurations in Exact, M1,M2 (i.e., query-local changes) outperforms in 50% Template
Drift. Booster with All outputs the best configuration by leveraging all opportunities.

4.7.6 Input Data
Recall from Section 4.6.1 that Booster ingests artifacts from all four tuner trials. We next measure
the efficacy of Booster when only using one artifact or all four artifacts for each tuner. We run
four trials for each variation without further refinement. We plot the mean performance along
with a 95% confidence interval.

As shown in Figure 4.19, Booster with 1-Input performs worse than the 4-Input for Proto-X
and UniTune. By contrast, Booster with 1-Input performs better for λ-Tune+AS. In the case
of Proto-X and UniTune, providing Booster with more data allows it to leverage query-level
insights across a broader scope and avoid being overly restricted by a single trial’s local optima.
For λ-Tune+AS, we find that Booster with 1-Input augments its prompt with reference QConfigs
from more diverse query templates (Section 4.3.2) that lead to better outcomes. We defer selecting
the number of QConfigs to enrich the prompt based on each query to future work.

4.8 Conclusion
Despite advances in tuners’ ability to find performant configurations, existing tuners remain
unable to adapt to environment changes (e.g., workload drifts, cross-schema transfers) due to
their design. To remedy this, we present the Booster framework that exploits query-level insights
from history to assist tuners in adapting. Booster organizes historical artifacts into structured
insights, obtains query-level configurations by prompting an LLM with relevant experiences,
and composes them into a holistic configuration with beam search. We evaluate Booster’s
ability to assist state-of-the-art cost-/ML-/LLM-based tuners in adapting to new environments
for OLAP workloads on PostgreSQL. Compared to the alternative of continuing to tune from
historical configurations, Booster assists tuners in finding configurations that improve DBMS
performance up to 74% in up to 4.7× less time.
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Chapter 5

Scenario Similarity for Interventions

In Chapters 3 and 4, we discussed holistically optimizing a deployment for a point-in-time
snapshot and adapting to application changes. We shift our focus to optimizing the deployment
when anomalies occur. To detect these anomalies, the deployment relies on performance
monitors to identify issues based on telemetry [145], diagnostic components to reason about
possible root causes [84, 144], and tuners to optimize aspects of the DBMS deployment (e.g., the
DBMS itself [132] and the proxy [19]).

The fundamental challenge preventing active intervention is the ambiguity and potential
errors in reasoning about root causes. For instance, when a p99 latency spike is detected, it
may be due to a range of causes (e.g., missing index, traffic surge, query regression) that require
different mitigation strategies (e.g., index tuning, traffic control, query tuning). In addition,
existing tools often lack situational awareness or deployment context. For instance, an index
advisor may not know to avoid suggesting expensive indexes when the system is already under
load. Consequently, a human operator (e.g., DBA) bridges this gap by manually evaluating the
diagnostic component’s analysis, invoking appropriate optimization tools, and deploying the val-
idated mitigations. Although this operator-in-the-loop approach provides greater observability
and reliability by allowing the operator to leverage organizational knowledge (e.g., playbooks)
and prior experience, it slows response times.

Given this, we introduce the AgenticOperator framework to intervene in a DBMS’s opera-
tions and maintenance, bridging the gap between monitoring alerts and automated remediation.
Upon being triggered by an external performance monitor or anomaly detection system, Agenti-
cOperator reasons about observed telemetry and orchestrates appropriate optimization tools
from a “plug-and-play” toolbox to resolve the issues. Similar to how on-call engineers approach
debugging, AgenticOperator interleaves information-gathering operations (e.g., retrieving query
plans), reasoning about observed telemetry, and optimization tools to iteratively refine the
deployment based on the tool’s local feedback and internal hypothesis. We present two case
studies of AgenticOperator’s ability to respond to commonly encountered anomalies (e.g., traffic
load, incorrect physical design) [46].
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5.1 Background
A self-driving DBMS [86, 87] optimizes itself to execute workloads based on the user’s directives.
These directives range from simple objectives, such as minimizing p99 latency or reducing
storage cost, to more complex multi-objective directives. For instance, minimize p99 latency
while prioritizing specific users. However, DBMSs operate in dynamic, changing environments
(e.g., traffic spikes, schema evolution, workload drift). As such, the DBMS relies on three core
subsystems to ensure the DBMS remains in compliance with the user’s directives: observability
to collect telemetry (e.g., system metrics, plans, transaction latencies) and identify anomalies,
diagnostics to reason about the state of the DBMS in relation to the directives, and an actor
(e.g., planning and execution) to optimize and alter the DBMS state. We first discuss the existing
taxonomy of DBMS anomalies, the diagnostic techniques for root cause analysis, and the
challenges in bridging diagnostics to action.

5.1.1 DBMS Anomalies

Existing work on analyzing DBMS anomalies has focused on OLTP systems, industrial deploy-
ments, and analyzing user questions (e.g., internal users, Stack Overflow) [46, 112]. They have
converged mainly on the following categories: traffic control, misconfiguration, physical design,
and queries. We will discuss each of these separately.

Traffic Control: This category covers issues related to traffic flow and query routing. For
instance, the DBMS may experience increased traffic (e.g., holiday shopping) that manifests in
telemetry as higher write-ahead log traffic, serialization failures, query latencies, or all of the
above [46]. Query routing focuses on issues related to read replicas. For instance, the DBMS
may experience a spike in read traffic, transition into executing HTAP workloads, or a decrease
in parallel analytical queries. In those cases, the DBMS may consider scaling out, scaling in, or
re-purposing under-utilized replicas in response to changes in read traffic.

Misconfiguration: To simplify the discussion, we distinguish between system knobs, physical
design, and query aspects [132]. This category involves cases where the DBMS’s knobs are not
configured adequately for the workload. For example, the DBMS’s buffer pool may be too small,
or the number of parallel workers per query is too high. The category also covers cases where
the DBMS has just been initialized and is in the DBMS’s stock configuration.

Physical Design: This category covers situations where the DBMS’s physical design hinders
the workload. For example, the DBMS may be missing an index, an existing index may become
suboptimal due to a workload drift, or there may be redundant indexes. In other cases, the
replicas’ schema may drift from the primary’s due to schema migrations or different workload
analysis. For example, in systems with declarative, predicate-based partitioning schemes such
as PostgreSQL, the replica may miss a specific time-ranged partition, resulting in higher query
latency due to accessing a larger default partition.
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Queries: This category focuses on query-related issues. For instance, the query may be
unoptimized (e.g., SQL rewriting, query plan hints [132]) or its performance may have degraded
due to a parameter drift, change in statistics, or data growth. In other cases, a query may be
stuck due to deadlocks, waiting for a lock (e.g., DDL lock), or fail to finish within a given time.

5.1.2 Diagnostics Frameworks

Once the observability platform detects an anomaly or determines that the DBMS requires
maintenance, it triggers a diagnostics subsystem for root cause analysis. Historically, a paged
DBA analyzes the DBMS and then produces a hypothesis and mitigation plan. With advances in
ML, recent techniques have focused on heuristic lightweight classifiers and diagnostic agents
built on top of tool-calling LLMs.

Heuristic Lightweight Classifiers: These approaches focus on using handcrafted rules
or lightweight classifiers from labeled training data to produce a ranked list of possible root
causes [84, 124]. For instance, if there is a p99 latency spike and the telemetry indicates a high
number of checkpoints, then a classifier may identify “checkpointing” as a root cause. This
classifier could take the form of a decision tree or knowledge graph of learned rules [140]. For
instance, if the alert is a p99 latency spike, a decision tree of metrics to check can be used to
identify the root cause.

Diagnostic Agents: With advances in recent tool-calling large language models (LLMs), recent
work has proposed augmenting a state-of-the-art LLM (e.g., GPT-5) with tools for analyzing the
DBMS. For example, we can provide tools for retrieving the top-k queries by latency, retrieving
the system’s telemetry (e.g., CPU load average, memory usage, disk statistics), and executing
SQL queries (e.g., schema collection), among others [112].

However, a key challenge associated with LLMs is managing the information (i.e., context)
provided to them due to model context limits and long context challenges (i.e., lost-in-the-middle
problem [70]). To work around this, different techniques have been proposed, such as selectively
curating the provided context or using a multi-agent design [112, 140, 144]. For example, if a
query regression is detected, only the query’s accessed schema (e.g., tables, columns) is added
to the context. Multi-agent designs decompose the diagnosis problem into sub-problems, with
each sub-problem handled by a distinct sub-agent with access to a subset of information and
tools. For example, assume a monitoring system (e.g., CloudWatch [9]) raises a p99 latency alert.
The coordinator then spawns sub-agents that analyze different aspects of the DBMS (e.g., host
system usage, checkpointing, and queries). Each sub-agent performs its specialized analysis,
compiles its findings, and returns them to the coordinator. The coordinator then synthesizes
and outputs a final diagnosis [144].

Although these lightweight classifiers are cheaper and faster to deploy, they are more rigid.
By contrast, diagnostic agents are more malleable, as they interact with the tools available to
them. In doing so, these diagnostic agents can incorporate evolving knowledge bases, adapt to
unseen anomaly scenarios, and propose both a root cause analysis and a mitigation plan.

67



Diagnostics Tools

Final Root Cause

“Missing Index”

Validated Suggestions

Index Tuner

Workload

Proxy

DBMS

Deployment

Diagnostics AgentMonitor

p99 

Violation

Operator

Possible Root Causes
1- Missing Index

2- Read-Only Spike

3- Traffic Load Spike

(Correct

)

Figure 5.1: Challenges in Diagnostics-Driven Action – The observability system observes telemetry
from the deployment and triggers the diagnostics agent with a p99 latency violation alert. The diagnostics
agent autonomously invokes diagnostic tools to analyze the DBMS (e.g., get query plan, get most expensive
SQL statements) and proposes multiple hypotheses. It then incorrectly concludes that the root cause is
due to missing indexes, when the actual reason is due to a traffic load spike. Based on this analysis, the
operator runs an index tuner and deploys its recommendations, further worsening the deployment.

5.1.3 Challenges in Diagnostics-Driven Action
Despite advances in diagnostic agents, they cannot autonomously translate analysis into remedial
actions. Instead, they require an operator to evaluate the analysis, orchestrate the necessary
tools, and deploy any discovered mitigations. This dependency stems from two fundamental
challenges: (1) hypothesis error and (2) limited tool orchestration. To illustrate these problems,
we present a model diagnostics setup in Figure 5.1. The observability system observes the
deployment (e.g., primary, replicas, proxy) and triggers the diagnostic agent with discovered
anomalies. The diagnostic agent then provides its report to the actor who attempts mitigations.

Hypothesis Error: Due to sampling in frontier LLMs, diagnostic agents can propose noisy and
incorrect suggestions. As shown in Figure 5.1, the diagnostic system may produce different and
incorrect hypotheses (e.g., missing index, transaction isolation) based on the context provided
(e.g., all DBMS metrics and schema). Even though there are expensive workarounds (e.g., majority
voting [113]), the diagnostic system is still likely to output an incorrect hypothesis.

Limited Tool Orchestration: Existing optimization tools (e.g., knob tuners [60, 109], index
advisors [11, 23]) are designed for human orchestration. There is no prescribed mechanism for
exposing tool semantics (e.g., usage rules, limitations) to an agent to orchestrate dynamically.
Although an agent could use heuristic rules to select tools, operator-defined rules cannot
accommodate the evolving landscape of tools or leverage the contextual understanding ability
of LLMs. For example, based on an index advisor’s semantics (e.g., tool runtime, whether tool
provides estimated index benefits), the LLM can observe that the DBMS is under load and either
avoid calling the tool or reject the index recommendations unless they are essential.
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Figure 5.2: Genetic Agentic Hypothesis and Execute – The genetic policy manages the evolution of
branches that capture a contiguous diagnosis and mitigation pathway. Each iteration selects a subset of
branches, mutates them, judges them, and extracts findings. The policy mutates a branch by extending
the branch with reasoning, tool call, and tool result blocks from taking a single planning step with an
LLM, equipped with tools and the user’s prime directives, and executing its chosen tool.

To address the problems presented above, we propose two core pieces. The first is a reasoning
agent capable of interleaving research tools (e.g., get a query’s EXPLAIN plan, retrieve running
queries) and optimization tools (e.g., build index, query tuner) within a single chain. The second
is a genetic algorithm to facilitate exploring a range of diverse hypotheses efficiently, while
simultaneously learning from all findings.

5.1.4 Genetic Agentic Hypothesis and Execute
Recent LLMs have shown promise in text-to-SQL methods [35] and answering user problems
with their deployment [112]. By employing them as a mutation step within genetic algorithms,
recent techniques have found state-of-the-art optimization algorithms [27]. We propose viewing
the diagnostic and action system analogously, with a genetic algorithm to manage the exploration
and synthesis of findings across multiple hypotheses and a reasoning LLM to evolve hypotheses.

We depict this formulation in Figure 5.2. The genetic algorithm’s policy manages the complete
lifecycle of hypothesis branches. Each branch represents a contiguous chain of reasoning [93],
comprising the DBMS state, initial hypothesis, and tool invocations. Given an initial population
of branches, the policy selects a subset to mutate with a reasoning agent by manipulating the
information provided to the agent as context. After providing the agent with both research (e.g.,
search knowledge base, retrieve actively running queries, retrieve query’s explain plan) and
optimization tools (e.g., set knob, query tuner), the agent can freely invoke research tools until
it emits an optimization tool that ends the mutation step. A framework can then extend and
manipulate the branch by appending the tool’s results and cross-branch findings before using it
again in a future round. In doing so, we enable the agent to both learn across other branches
while also facilitating targeted refinement of the current branch, allowing the agentic system to
take efficient and proactive action to mitigate ongoing anomalies.
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Figure 5.3: Overview – The framework integrates into an existing deployment’s monitoring infras-
tructure. When triggered by an alert, AgenticOperator contextualizes the current deployment state and
orchestrates across tools and data sources exposed by executors (e.g., toolboxes). AgenticOperator then
applies any discovered mitigations automatically to the deployment.

5.2 Overview
We present the AgenticOperator agentic framework for autonomous DBMS diagnostic and
mitigation. We illustrate in Figure 5.3 how AgenticOperator integrates into existing DBMS
deployments. We assume the deployment includes a middleware proxy (e.g., pgcat [6]) for traffic
control and an anomaly detector (e.g., CloudWatch [9]) capable of generating relevant alert
messages (e.g., p99 latency spike, query runtime exceeding a threshold). AgenticOperator uses
these alerts and the deployment’s telemetry (e.g., active proxy connections, DBMS primary
metrics, replica metrics) to construct initial hypotheses and attempt to mitigate the issue in a
safe environment [68, 72].

We next describe how AgenticOperator internally processes the input data to mitigate the
issue on the production deployment. As shown in Figure 5.4, AgenticOperator’s operation
is divided into three phases. In Phase I, AgenticOperator assembles its executors. It builds
a knowledge base from various data sources (e.g., docs, mailing lists) for research tools and
populates its toolbox based on user-provided tool definitions. In Phase II, AgenticOperator uses
the alert and deployment telemetry to formulate a set of initial hypothesis branches. In Phase
III, AgenticOperator revises its hypothesis branches by incrementally generating each branch’s
optimization plan, step by step, evaluating all branch steps to obtain per-branch feedback
(e.g., tool results, system performance), and propagating summarized findings to all branches.
AgenticOperator repeats this until the issue has been mitigated or sufficient time has elapsed.
We discuss each in more detail.
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Figure 5.4: AgenticOperator Architecture – An overview of the framework’s three phases. In Phase I,
AgenticOperator assembles the executors. In Phase II, AgenticOperator observes and contextualizes the
deployment. In Phase III, AgenticOperator explores and reasons across diverse hypothesis branches to
find and deploy appropriate mitigations.

5.2.1 Phase I: Executor Assembly
In this phase, AgenticOperator assembles its executors (i.e., toolboxes) that it interacts with
in Phase II and Phase III. As some executors may expose research-based tools or subagents
(e.g., researcher), 1 AgenticOperator first processes its data sources to provide domain-specific
knowledge on-demand. These data sources can be obtained from the DBMS’s documentation,
mailing lists, forums (e.g., StackOverflow), and internal knowledge bases. 2 AgenticOperator
chunks the documents, obtains embeddings, extracts useful metadata (e.g., DBMS version),
and populates a vector store [64]. AgenticOperator exposes both the vector store for semantic
similarity and direct access to the underlying files. 3 AgenticOperator then utilizes the user-
provided tool definitions to define all exposed tools, whether they are provided externally or
defined internally by AgenticOperator. These tools comprise diagnostic-related (e.g., CPU usage,
top SQL statements), research-related (e.g., investigate DBMS behavior), and optimization (e.g.,
knob tuner, index tuner). We discuss these tool definitions in more detail in Section 5.3.1.

5.2.2 Phase II: Contextualize
AgenticOperator assumes it is connected to another observability and anomaly detection service
(e.g., CloudWatch). 4 AgenticOperator is pre-configured with “prime directives” from users that
shape AgenticOperator’s behavior. For instance, these directives can instruct AgenticOperator to
minimize p99 latency and reduce costs while prioritizing specific client sessions. AgenticOperator
incorporates these directives into its reasoning agent’s prompt to guide its behavior.
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When triggered, 5 the Observer receives any alerts generated by the anomaly detection
system and the relevant observability telemetry from a recent observation window. This window
encapsulates a snapshot that AgenticOperator should focus on analyzing. To construct initial
hypotheses, the Observer builds diverse contextual perspectives from the observation window by
artificially constraining the available information (e.g., only proxy, only backends). It then passes
these different perspectives to its reasoning agent, which generates k initial hypotheses (see
Section 5.3). These hypotheses form the initial pool of hypothesis branches for the Orchestrator.

5.2.3 Phase III: Hypothesis Revision

With the initial pool of hypothesis branches, the Orchestrator component evolves these branches
through multiple rounds. Orchestrator uses its fitness function (e.g., entire layer, first-N) to
select a subset of active hypothesis branches to mutate. 6 Orchestrator then uses its planner
(e.g., reasoning agent) with its toolbox to reason through the branch so far, gather information as
needed, and select an optimization tool. It then dispatches the tool to the relevant Executor and
updates the branch with the tool’s execution results (e.g., proposed changes, estimated impact).

The Orchestrator then judges all branches and determines whether it wants to apply a specific
branch’s prospective changes to the live deployment based on the user’s prime directives. 7
Orchestrator’s Summarizer aggregates these branches and their respective tool results into
concise findings to guide optimization in future rounds by propagating those concise findings
to all active branches in the pool. This cycle continues until some termination condition (e.g.,
elapsed time, number of rounds, or alerts fixed) is reached. We provide more details about the
algorithm in Section 5.4.

5.3 Executor Assembly and Contextualize
For AgenticOperator’s reasoning agent to mitigate ongoing issues, it must understand the
deployment’s state (e.g., traffic, schema). The reasoning agent must also be configured by an
operator with a toolbox so that the agent is aware of the possible optimizations it can deploy
and can gather more information about the deployment. We will first discuss how Orchestrator
contextualizes the deployment, then the toolbox, and finally how the reasoning agent combines
them to generate initial hypothesis branches.

5.3.1 Toolbox of Semantic Tools

Beyond the context, AgenticOperator’s agent needs to know about the available tools. These
tool-calling LLMs form the backbone of AgenticOperator’s reasoning agent. Although prior
techniques have explicitly incorporated tool-calling guidance into the system prompt [144], this
requires potentially rewriting the prompt whenever external tools change. As the landscape of
DBMS optimization tools evolves, AgenticOperator directly connects to compliant tool-providing
servers via the MCP protocol [13]. AgenticOperator follows a plug-and-play architecture,
allowing end-users to customize the provided optimization tools and update them over time.
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Generate knob configuration recommendations using heuristics.

Usage:
- **Choose this when:** You need fast config-only tuning (< 5 min)...
- Uses well-established heuristics without requiring workload analysis
- Ideal for initial configuration improvements or unknown workload patterns
- Tunes parameters like shared_buffers, work_mem, ...
- Best for systems needing quick wins without deep analysis
- Provides a one-off configuration (only needs to be run once)

Estimated Runtime: Fast (seconds to minutes)

Avoid:
- Using when comprehensive tuning across multiple dimensions is needed (use Proto-X instead)
- Relying on for workload-specific optimizations beyond basic heuristics

Listing 5.1: Tool Definition – An example tool definition for a heuristic knob tuner (PGTune [60]). The
template includes a high-level statement of the tool, usage guidelines (e.g., when to use and what to use
it for), estimated runtime, and when to avoid using the tool.

Under the MCP protocol, AgenticOperator queries an exposed endpoint to retrieve a list of
tool objects. Each tool object comprises a name, a natural language description of the tool, and a
dictionary of arguments that the tool accepts. AgenticOperator’s reasoning agent can also call
out to specialized sub-agents (i.e., a researcher sub-agent) by presenting it as a “researcher” tool
call. These tools are then supplied at inference for the LLM to invoke dynamically. However,
for the LLM to correctly orchestrate them based on the provided deployment context, the tool
descriptions must expose each tool’s semantics (e.g., capabilities, runtime, guidelines).

We provide an example tool definition for a heuristic knob tuner in Listing 5.1. All tools (e.g.,
sub-agent, optimization, information retrieval) follow the same template. The template provides
a high-level statement of the tool, followed by usage guidelines (e.g., when to use and what to use
it for). Specifically, for optimization tools, the definition requires an estimated runtime to inform
the reasoning agent about the tool’s execution behavior and to provide guidelines on when to
avoid using the tool. By explicitly containing when a tool should be used or avoided in favor of
specific alternatives, the reasoning LLM can select the correct tool based on its complexity for
the right situation. Beyond the user’s provided tools, AgenticOperator automatically augments
the tool list with additional tools to enable the agent to explore the deployment. For example,
this includes tools to obtain a query’s EXPLAIN plan and a researcher sub-agent.

Researcher Sub-Agent: Similar to other tools in AgenticOperator, the researcher masquer-
ades as another tool with a description following the template in Listing 5.1. The researcher
sub-agent resembles existing “deep-research” agents [48], in that it autonomously explores a
pre-constructed knowledge base to answer questions. AgenticOperator supports any knowledge
base that supports querying the files (e.g., rgrep) and semantic search with filtering on metadata
(e.g., DBMS version). By default, AgenticOperator builds a knowledge base that exposes the
mailing lists and DBMS docs directly and supports similarity search on chunk embeddings.
AgenticOperator is agnostic to how knowledge bases are constructed (e.g., graphs, concepts).
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5.3.2 Observer Contextualization

We first discuss how Observer contextualizes the observation window into multiple contexts.
Recall that AgenticOperator operates on a trigger-based mechanism. This allows AgenticOpera-
tor to side-step the nuanced question of whether the deployment is already optimal. As such,
AgenticOperator assumes that the deployment is already encountering an issue.

Before generating contexts, Observer first receives and acquires the necessary telemetry
from the given observation window. This includes telemetry from the proxy about connection
pools, query routing, proxy wait times, and query or transaction latency distributions on a
per-pool basis. On the DBMS side, Observer gathers information (e.g., schema usage statistics,
lock contention, backends) from all nodes in the cluster (e.g., primary, replicas). This telemetry is
exposed by the DBMS system itself or computed by existing observability tools (e.g., pgmetrics for
PostgreSQL). Observer also supports considering historical statistics (e.g., query, mean execution
time, number of invocations) from a query store [29] within a sliding window. By incorporating
a sliding window, Observer can also look back at past queries, under the assumption that they
may repeat [110].

With this gathered information, Observer generates multiple contextual interpretations, each
emphasizing different subsystems or perspectives. This allows the reasoning agent to explicitly
focus on different aspects of the data, with the ability to collect more information if needed.
For instance, we found that when always including system logs about serialization failures,
the reasoning agent would periodically pigeon-hole and focus on changing the isolation level
rather than other practical changes (e.g., proxy, indexes). Our current implementation defines
the following contexts through domain knowledge:

• Traffic: This focuses on the workload flowing through the deployment. It includes high-level
deployment context (e.g., cluster configuration, version, alerts), host, and proxy information.
This context also includes information about the active backends (e.g., backend status, active
queries) connected to each cluster node, along with any lock-related information.

• Buffers / WAL: Builds upon a high-level deployment context with information targeted
towards management of the buffer pool or the write-ahead log. For instance, if DBMS check-
pointing is happening too frequently, this context provides the narrowest state descriptor that
illustrates the problem.

• Logical Replication: Augments high-level deployment context with information about
logical replication mechanisms. This context provides a focused representation of whether
logical replication is suboptimally configured and may start to lag or impact queries.

• Schema: This provides a focus on the database schema: table definitions, index definitions,
foreign keys, and usage statistics (e.g., index fetches, live tuples, dead tuples). This context
also includes queries that access the schema.

• Global: This encompasses the entire observation window’s information. We explicitly include
a version with and without the system logs to prevent the reasoning LLM from pigeon-holing
into the log messages. For instance, an INSERT-heavy workload with many conflicts due to
duplicate keys will generate many irrelevant DUPLICATE KEY errors in the log.
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You are an expert PostgreSQL and proxy administrator specializing in diagnostics and
performance optimization. The system you are maintaining comprises a proxy for traffic
control, the primary DBMS, and replicas. You are allowed to use the optimization tools to re
-configure the proxy and the cluster deployment (e.g., DBMSs, routing) in accordance with
the prime directive. You are *not allowed* to modify the application code, transaction
ordering, application semantics, materialized views, or summary tables. Assume the
application’s business logic is correct and not the cause of any issues.

# Your Task
Analyze system context and take optimization actions through iterative diagnosis.

Workflow:
1. Analyze context/results -> Identify actionable issues?
2. Review historical findings if they exist
3. Need more info? -> Use information retrieval tools (...)
4. Ready to act? -> Invoke the declare_hypotheses tool
5. Hypothesis provided? -> Emit AT MOST 1 optimization tool
6. Workflow complete? -> Choose one action: call the reject tool or an optimization tool

# Tool Categories
...
# Calling and Using Optimization Tools
...
# Stopping Condition
...

Listing 5.2: Hypothesis Generation System Prompt – The prompt outlines the task, workflow, tool
categories, calling and using optimization tools, and stopping condition.

5.3.3 Initial Hypothesis Branch Generation

Armed with each context’s description and the toolbox, Observer uses its reasoning agent to
generate initial hypothesis branches. We outline the system prompt in Listing 5.2 that also steers
the agent in future rounds to generate optimization tools. We provide the LLM with the toolbox
following the specific model’s conventions. Observer provides guidance on how information
gathering tools, meta-tools (e.g., hypothesis tracking), and optimization tools should be called
by the LLM, before attaching the context as a user prompt.

During this phase, Observer executes information-gathering tools while rejecting optimiza-
tion tools. Observer limits the agent to five rounds (e.g., LLM calls). If the agent hits the limit,
Observer injects a special prompt to force it to generate hypotheses. This phase terminates
in Step #4 of Listing 5.2 when the agent invokes the declare hypotheses meta-tool provided by
AgenticOperator to declare k hypotheses. By declaring multiple hypotheses, AgenticOperator
avoids the noisy problem of asking the LLM for a single hypothesis while also obtaining variety
in analysis. Each hypothesis is a concrete, testable conjecture about the anomaly’s cause, often
with clear hints on which optimization tool to invoke. With those k hypotheses, Orchestrator
then generates k independent hypothesis branches. By viewing each prompt as a series of
smaller chunks appended one after another [121], Observer clones the branch and replaces the
declare hypotheses tool call with a call to declare hypothesis using each hypothesis.
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Algorithm 2 Orchestrator’s Evolutionary Algorithm
1: Input: Initial Population P
2: Input: Output Channel to Deployment C
3: while budget not exhausted do
4: T = Mutate(Select(P )) ▷ Step #1: Mutation
5: R = Execute(T ) ▷ Step #2: Execution
6: Bfindings = Summarize(R ∪ {h ∈ P | h.active()}) ▷ Step #3: Revision
7: P = {h+Bfindings∀h ∈ P}
8: C ← Judge(P ) ▷ Step #4: Judge
9: end while

5.4 Hypothesis Revision
Once Observer has generated an initial population of hypothesis branches, AgenticOperator
passes control to Orchestrator. We present Orchestrator’s algorithm in Algorithm 2. Orchestrator
uses an evolutionary algorithm to explore different hypothesis branches across multiple rounds.
At a high level, Orchestrator maintains a population P , selects and mutates a subset, executes
them for feedback, and then revises the population for the next step. When Orchestrator has
reached its budget, it selects the best hypothesis to return as the mitigation plan. We discuss
each of these four steps in more detail.

5.4.1 Step #1: Mutation
At the start of each round, Orchestrator selects a subset of active (i.e., not yet rejected) hypothesis
branches to mutate. Analogous to the explore-exploit tradeoff, Orchestrator can select hypothesis
branches to repeatedly exploit or test unexplored branches to explore. By default, Orchestrator
exhausts a single context’s branches at a time (i.e., depth-first), starting from the Global context
with system logs (see Section 5.3.2).

For the first mutation step, Orchestrator injects additional guidance to focus the LLM on the
declared hypothesis rather than any hypotheses in its immutable reasoning traces. Orchestrator
executes up to five information-gathering iterations, after which Orchestrator injects a special
user message to force a response. The mutation step terminates once the LLM has generated an
optimization tool call (e.g., invokes an optimization tool and the call’s arguments) or generates a
reject tool call to abandon the branch.

5.4.2 Step #2: Execution
After mutating the branches and obtaining a set of optimization tool calls, Orchestrator dispatches
the tool calls to their corresponding Executor along with connection details to an isolated replica.
This allows the Executor to isolate optimization tool invocations from each other and from the
production deployment [68, 72]. Executor executes these tools and returns structured outputs
that include errors, recommendations (e.g., knob changes), and performance metrics.

Orchestrator adopts a synchronous execution model. It waits for a dispatched tool call
to complete on its Executor before dispatching the next tool call. To eliminate redundant
tool invocations, Orchestrator caches non-stochastic tool execution results. For stochastic
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tools (e.g., simulated annealing), Orchestrator defers caching to the tool itself (e.g., pre-loading
historical evaluations). Prior to dispatching each tool, Orchestrator restores the replica to
the configuration obtained by following the hypothesis branch (i.e., restoring to the initial
deployment and deploying each optimization tool’s changes). Executor then executes the tool
and obtains any relevant performance metrics. Executor finishes by building a tool-use block
from a standardized format that includes errors, deployment changes, and deployment impacts.
An alternative approach could stream the tool’s outputs (e.g., stdout, stderr) into the branch.
However, most of that information will be irrelevant, thus resulting in substantial context
growth and rot. By providing only specific deployment changes (e.g., index builds) and how they
impacted the deployment, Executor ensures the branch receives the most salient information.

5.4.3 Step #3: Revision

After all tool invocations are complete in the current round, the Summarizer constructs historical
summary analysis blocks. The Summarizer builds these summary analysis blocks from both
terminated and updated (i.e., branches in the current round with a new tool-use block) branches.

We instruct the Summarizer to emit succinct historical summary analysis blocks to steer other
hypothesis branches. To do this, Summarizer presents the previous historical summary analysis,
hypotheses, tool call chains, and their impacts. Following its system prompt, Summarizer’s LLM
identifies viable hypotheses, useful tool-call parameters, and high-level insights. To prevent
overloading the LLM with irrelevant information, Summarizer omits information-gathering
tools, focusing the historical analysis block solely on hypotheses and specific optimization
tool calls to address the anomalies. To facilitate knowledge re-use, Summarizer appends the
latest historical analysis block to all active hypothesis branches before the next round, allowing
for immediate cross-pollination of information (e.g., index effectiveness). For instance, if a
hypothesis branch infers that a traffic spike is the root cause and learns that offloading reads
is an incorrect mitigation, another branch that infers the same root cause can decide to try
different mitigations (e.g., tuning pool sizes).

5.4.4 Step #4: Judge

After all tool invocations are complete in the current round, Orchestrator judges the population
of hypothesis branches to identify whether any of the branches should have their changes
applied to the deployment. Due to the need to balance competing user objectives, Orchestrator
breaks branches into individual points after each optimization tool invocation. It then computes
the Pareto frontier of these points, whereby each point is guaranteed to perform better in at
least one measurable performance metric (e.g., throughput, p99 latency, memory). Orchestrator
passes these points, along with the user’s prime directives, to a judge LLM (e.g., majority voting)
to select the point to deploy. When Orchestrator operates on a read replica, the control plane
can initiate a live failover from the current primary to the newly optimized read replica.
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5.5 Evaluation
We evaluate AgenticOperator’s ability to respond to anomalies in a live DBMS deployment. We
target PostgreSQL v17 deployed with TPC-E [105], a benchmark modeling a brokerage firm
with 20,000 customers, a ∼250 GB database, and 10 concurrent clients. We partition the 20,000
customers across the 10 clients. In our experiments, we designate one high-priority client (VIP-)
and nine normal-priority clients (Normal-). We deploy a middleware proxy (pgcat) between the
clients and the primary DBMS, with the VIP-Client connecting through a dedicated high-priority
pool (VIP-Pool) and the Normal-Clients connecting through a shared pool (Normal-Pool).

We run on a cluster of four homogeneous servers, with two Intel Xeon Gold 5218R CPUs (20
cores) and a 960 GB Samsung NVMe SSD. We drive the TPC-E benchmark from one server, one
server hosts the proxy, and one is the designated primary instance. As we provide a tool for
offloading read traffic to a read replica, we keep a provisioned and synced read replica ready that
the operator may offload traffic to. We first describe the agents’ setup (Section 5.5.1), present two
end-to-end scenarios (Sections 5.5.2 and 5.5.3), and then discuss sensitivity studies (Section 5.6).

5.5.1 Experiment Agents’ Setup
We compare AgenticOperator against a baseline ReAct agent [122] that observes the context
and calls tools in a loop until termination. We provide ReAct with the same Global Context
with system logs as AgenticOperator, with the relevant p99 latency alerts injected into the
initial observation window. Based on the initial context observation, the ReAct agent iteratively
reasons about the next action, invokes a single tool, receives the tool’s output, and repeats until
some termination condition is met (e.g., calls a termination tool).

In terms of configuration, we provide both AgenticOperator and ReAct with a researcher
sub-agent, meta-tools (e.g., declare hypotheses, revise hypothesis, reject), diagnostic tools (e.g.,
get full sql from statement, get full sql from log, get full sql from backend, get additional backends,
get additional statements, get deployed query hints, get explain plan), knob tuning tools (e.g.,
apply knob, pgtune, bayesian knob tuner), index tuning tools (e.g., apply index change, dex-
ter, dta, identify redundant indexes), proxy tuning tools (e.g., tune pool sizes, apply pool sizes,
offload reads, recentralize reads), query hint tuning tools (e.g., apply query hint, autosteer), main-
tenance tools (e.g., vacuum analyze, create statistics, pg repack), and holistic optimization tools
(e.g., protox). without additional prompt guidance. We use GPT-5-mini with low reasoning
effort. We provide both with the same prime directive: “optimize p99 latency across all users,
prioritizing VIP-Client when active, and reduce deployment resources”. To evaluate each tool’s
impacts and provide feedback to the agent, we sample 1min workload observations on a replica
to obtain each step’s performance metrics.

Specifically for AgenticOperator, we configure it to generate three hypotheses per context
and use a depth-first selector (Section 5.4.1) for exploration from the same Global Context with
system logs as ReAct. That is, Orchestrator exhausts all hypotheses from the same context before
moving on to the next. This depth-first strategy allows AgenticOperator to thoroughly explore
related hypotheses (e.g., different pool tuning configurations) before switching to an entirely
different diagnostic perspective (e.g., schema-focused analysis).
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Figure 5.5: Traffic Surge Scenario – P99 latency and transaction volume for the VIP-User and Normal-
User over 30 minutes. Each annotation indicates the tool invoked and the resulting p99 latency (V:
VIP-User, N: Normal-User). For AgenticOperator, each circled marker denotes an internal thinking step.

5.5.2 Traffic Surge
We first evaluate a scenario where the deployment is overloaded due to a traffic surge. In this
scenario, the 10 clients collectively generate enough transactional traffic to saturate and overload
the primary DBMS, causing elevated p99 latencies. The root cause is contention at the proxy
and DBMS connection level, not a missing index or misconfigured knob.
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ReAct: As shown in Figure 5.5a, the initial observation window shows elevated p99 latencies
(∼1.35s for both user classes). The ReAct agent’s first action is to offload read queries to the
replica at ∼11m to limited effect (p99 latency remains at ∼1.40s). ReAct then adjusts pool sizes
at ∼14m, which yields the first tangible improvement, reducing p99 latency to 0.81s (VIP) and
0.85s (Normal). It then decides to vacuum a table between∼20–25m and follows up with another
pool adjustment. By the 30m mark, ReAct reaches a final p99 of 0.51s (VIP) and 0.62s (Normal)
by correctly addressing connection-level contention.

Although the ReAct agent does address the alert and reduces the p99 latency, it does so
in a suboptimal way. It took an early offload read traffic action with limited benefit, as the
proxy is unable to route mixed read-write transactions to the replica. However, offloading
costs the deployment an additional replica’s worth of compute and storage that remains largely
underutilized, and ReAct fails to decommission the replica. Without the ability to judge the
efficacy of a recommendation or tuning decision, the ReAct agent is forced to continue streaming
out decisions as it makes them to the live deployment even though they may be tangential or
have limited benefit (e.g., vacuuming a table).

AgenticOperator: In Figure 5.5b, AgenticOperator’s internal reasoning steps (circled markers)
show a fundamentally different approach. Rather than immediately invoking optimization
tools, AgenticOperator spends the first ∼10m analyzing the deployment state across multiple
hypothesis branches. During this period, Orchestrator generates hypotheses from different
contextual perspectives and uses information-gathering tools (e.g., retrieving active backends)
to refine its understanding. Orchestrator then explores through its hypothesis branches, only
outputting deployment changes to the live deployment when it has a high confidence in a
branch’s mitigations relative to the prime directive.

In roughly the same time it takes ReAct, AgenticOperator outputs a more effective initial
deployment change. AgenticOperator directly targets the connection-level contention that is
the actual root cause by tuning pool sizes at ∼11m. For the respective clients, this reduces
the p99 latency to 0.41s (VIP) and 0.58s (Normal). AgenticOperator then makes a second pool
adjustment at ∼20m, further reducing pool allocations for Normal-Clients to give VIP-Clients
better p99 latencies. After 30m, AgenticOperator achieves a final p99 of 0.30s (VIP) and 0.57s
(Normal) with limited additional resource usage.

Furthermore, Figure 5.5d shows that AgenticOperator reaches a more balanced transaction
distribution without provisioning additional replicas in comparison to ReAct in Figure 5.5c. As
AgenticOperator adjusts pool sizes, the VIP-User’s transaction volume grows from ∼10K to
∼50K while the Normal-User decreases from ∼100K to ∼50K by the end, reflecting the priority-
aware allocation that the prime directive requests. In addition, AgenticOperator achieves a
43% lower VIP-Client p99 latency (0.30s versus 0.51s) and lower overall p99 across the system
compared to ReAct. The key difference is that AgenticOperator’s hypothesis-driven approach
spends time reasoning through diverse potential mitigations before streaming high-confidence
changes to the live deployment and allowing branches to learn from each other’s successful
mitigations. This allows AgenticOperator to not only avoid wasteful actions like offloading
reads to a replica or vacuuming a table, but also prioritize continuing to pursue more effective
mitigations (e.g., tuning pool sizes again).
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Figure 5.6: Missing Index Scenario – P99 latency and transaction volume for the VIP-User and Normal-
User over 60 minutes. Each annotation indicates the tool invoked and the resulting p99 latency (V:
VIP-User, N: Normal-User). For AgenticOperator, each circled marker denotes an internal thinking step.

5.5.3 Missing Index

We next evaluate a scenario where the deployment suffers from a missing index that causes
elevated query latencies. Unlike the traffic surge scenario, where the root cause is connection-
level contention, this scenario requires the agent to identify and build the correct index.
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ReAct: As shown in Figure 5.6a, the initial p99 latencies are at the 5s timeout threshold for
both user classes. Similar to the traffic surge scenario, the ReAct agent first attempts to offload
reads to the replica, with limited effect due to both the missing index and the proxy’s inability to
route mixed read-write transactions to the replica. ReAct then correctly identifies that an index
is needed and begins building one at ∼12m and completes around ∼30m. Once deployed, the
index dramatically reduces p99 latency to 1.09s (VIP) and 1.07s (Normal). However, rather than
consolidating and stabilizing the deployment at this improvement, ReAct aggressively invokes
a knob tuner at ∼35m that causes a plan regression. ReAct then attempts to compensate by
reverting a subset of the knobs and building another index at ∼57m. However, those changes
are ineffective, resulting in the deployment remaining in a degraded state at the 60m mark.

This trajectory illustrates a fundamental limitation of ReAct’s sequential, greedy strategy.
Without the ability to reason about multiple branching hypotheses and the ability to ultimately
select between them, ReAct is forced to continue optimizing down its current trajectory with
limited ability to course correct by either rolling back entire steps, forking new branches, or
restarting from scratch.

AgenticOperator: In contrast, Figure 5.6b shows thatAgenticOperator takes a more deliberate
approach. During its initial reasoning steps (circled markers), AgenticOperator’s hypothesis
branches converge on the need for a covering index. The online covering index build starts at
∼12m and completes at ∼40m, taking longer than ReAct’s simpler index due to the additional
included columns. Once the index is deployed, AgenticOperator modifies pool sizes to target tail
latency. The p99 latency improves shortly after to 0.73s (VIP) and 0.80s (Normal) and stabilizes
at ∼0.72s (VIP) and ∼0.77s (Normal).

Notably, at ∼55m, AgenticOperator issues a HOLD command on the live deployment even
though internal reasoning and refinement continues in the background. The HOLD reflects
AgenticOperator’s judge (Section 5.4.4) determining that the current deployment state satisfies
the prime directive without needing to deploy any additional changes (e.g., offload reads). This
HOLD behavior allows AgenticOperator to selectively deploy changes to the live deployment
only when the changes are aligned with the prime directive and are effective. As shown in
Figure 5.6d, transaction volume ramps up sharply after the index build completes and pool
sizes are adjusted, reaching ∼70K (VIP) and ∼394K (Normal) transactions by the end of the
scenario. Unlike ReAct, which processes almost no transactions due to repeated regressions,
AgenticOperator sustains high throughput once the index is deployed.

Reliability: We next examine the reliability of both approaches across three independent runs
of the missing index scenario, measuring the same metrics from different starting conditions.
Table 5.1 shows the task-level reliability for each agent across the three runs.

Under ReAct, its trajectories use a range of optimization tool invocations with some degree
of variance. For instance, as shown in Table 5.1, all trajectories offload reads to the replica but
one run does not tune pool sizes. In the best case, ReAct achieves a p99 of∼1s by avoiding knobs.
In the worst case, it triggers the same query regression, resulting in timeouts. This variance is
inherent to ReAct’s sequential, greedy strategy. Without the ability to synthesize findings and
feedback across different hypotheses, each run will output different optimization sequences.
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Optimization Tool ReAct Operator

p99: (1s, ???), Cost: $0.04/$0.004 p99: [0.7s, 1s], Cost: $0.09/$0.006

Create Statistics N/A 2/3
Index 3/3 3/3
Knobs 2/3 N/A
Offload 3/3 N/A
Query Hints 2/3 N/A
Tune Pool Sizes 2/3 3/3

Table 5.1: Reliability across three independent runs (1 hour each). ReAct exhibits high variance in
trajectories and optimization tool invocations. AgenticOperator demonstrates more consistent trajectories,
despite higher LLM token costs.

In contrast, AgenticOperator incurs higher LLM costs across the three runs ($0.09/$0.006 vs.
$0.04/$0.004 in/out), primarily due to input tokens from maintaining and extending multiple
hypothesis branches simultaneously. However, its trajectories are substantially more stable: all
three runs converge to p99 latencies between 0.7–1.0s with no additional replicas provisioned
with generally the same optimization tool invocations. This stability arises from a core property
of the evolutionary algorithm. The cross-hypothesis summarization (Section 5.4.3) propagates
findings (e.g., “this specific index improved latency, try it first rather than offloading reads”) to all
active branches, preventing them from repeating mistakes and hinting at possible mitigations.

5.6 Sensitivity Experiments
The end-to-end scenarios in Sections 5.5.2 and 5.5.3 demonstrate that AgenticOperator mitigates
the deployment better than ReAct. As the efficacy of AgenticOperator is highly dependent on the
quality of its hypotheses, we next systematically analyze different aspects of AgenticOperator
to understand how they impact the generated hypotheses. For all sensitivity experiments, we
use GPT-5-mini with the system-wide context with system logs (i.e., comprehensive deployment
context) unless specified otherwise. Each scenario in the sensitivity experiments is built with a
single intended root cause, covering traffic spikes, idle replicas, missing indexes, extra indexes,
mistuned knobs, and read traffic spikes. We evaluate the impact of contextual perspectives
(Section 5.6.1), the reasoning model (Section 5.6.2), tool-hypothesis alignment (Section 5.6.3),
tool name sensitivity (Section 5.6.4), read replica availability (Section 5.6.5), control plane signals
(Section 5.6.6), and directives (Section 5.6.7).

5.6.1 Contextual Perspectives
We first evaluate the impact of the context choice (Section 5.3.2) on the quality of initial hypothe-
ses generated by Observer. Recall that Observer generates diverse contexts by constraining the
telemetry visible to the reasoning agent. We consider four contexts: Global+Logs (all telemetry
including system logs, i.e., comprehensive deployment context), Global (all telemetry without
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Figure 5.7: Contextual Perspectives – nDCG computed from the three ranked hypotheses generated
by each contextual perspective using GPT-5-mini. We evaluate across five classes of anomaly scenarios:
traffic surge, idle replicas, missing indexes, extra indexes, and mistuned knobs.

logs), Traffic (workload and proxy information only), and Schema (database schema and usage
statistics). We consider five classes of anomaly scenarios and generate multiple sub-scenarios
within each class: traffic surge (27 sub-scenarios), idle replica (9 sub-scenarios), missing indexes
(6 sub-scenarios), extra indexes (6 sub-scenarios), and mistuned knobs (6 sub-scenarios). For
each context-scenario pair, we generate three ranked hypotheses with GPT-5-mini. In Figure 5.7,
we report the mean normalized discounted cumulative gain (nDCG) [50] which favors correct
hypotheses ranked higher: 1.0 indicates the first hypothesis is correct, ∼0.6 the second, and
∼0.5 the third. We also present in Table 5.2 the mean input tokens, output tokens, estimated
cost, and number of interactions consumed by Observer when generating hypotheses for each
scenario based on each context type.

As shown in Figure 5.7, the comprehensive Global+Logs context generally performs well
across all the various scenarios. Specifically, Observer with the Global+Logs context achieves
the highest nDCG for idle replicas (0.90) and competitive nDCG for missing indexes (0.93) and
mistuned knobs (0.58). For the idle replica and missing index scenarios, Observer correctly
identifies that AgenticOperator can decommission idle replicas (e.g., scale-in) or build the
appropriate missing index as its first out of three hypotheses. As shown in Table 5.2, Observer
generally consumes the most tokens for Global+Logs that compounds across multiple rounds.

However, specialized contexts can outperform the Global+Logs context in their area of
focus. For instance, as seen in Figure 5.7 and Table 5.2, the Traffic context achieves a higher
nDCG on the traffic surge scenario (0.8 compared to 0.61). It also uses <50% of the input tokens
and about 2.3 fewer interactions (i.e., concludes in less time). For the missing indexes scenario,
Observer with Traffic context is able to avoid on average two information-gathering rounds as
the agent is able to focus directly on analyzing the problematic queries. By contrast, Observer
with Global+Logs context spends extra interactions on narrowing the workload.
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Input Tokens Output Tokens Estimated Cost Number of Interactions

Traffic Surge
Global+Logs 169.7K 4.3K $0.05 5.9
Global 126.8K 3.6K $0.04 4.1
Traffic 84.5K 2.1K $0.03 3.6
Schema 111.6K 2.4K $0.03 4.2

Idle Replicas
Global+Logs 83.2K 2.0K $0.02 2.2
Global 90.0K 2.2K $0.03 2.6
Traffic 43.8K 1.3K $0.01 2.2
Schema 72.5K 1.3K $0.02 2.1

Missing Indexes
Global+Logs 205.7K 5.6K $0.06 7.0
Global 132.1K 6.5K $0.05 5.1
Traffic 75.4K 1.8K $0.02 4
Schema 121.4K 2.1K $0.03 5.7

Extra Indexes
Global+Logs 171.2K 5.3K $0.05 6.2
Global 122.9K 5.1K $0.04 4.3
Traffic 77.0K 1.8K $0.02 4
Schema 66.5K 1.6K $0.02 2.9

Mistuned Knobs
Global+Logs 206.0K 7.5K $0.07 7.4
Global 157.0K 5.8K $0.05 4.7
Traffic 73.3K 1.8K $0.02 3.4
Schema 102.3K 1.9K $0.03 4.4

Table 5.2: Contextual Perspectives: Cost Overhead – Mean input tokens, output tokens, estimated
cost, and number of interactions for hypothesis generation from each contextual perspective across five
classes of anomaly scenarios using GPT-5-mini. We compute costs without token caching.

Another interesting example relates to system logs. As shown in Figure 5.7, the Global
context achieves a higher nDCG on the extra indexes scenario (0.57 compared to 0.38) with 28%
fewer input tokens and about 2 fewer rounds of interactions. With the Global+Logs context, the
agent gets distracted by the serialization failure log entries and focuses on methods to change
the isolation level. By omitting the system logs, the agent is able to focus instead on addressing
actual performance issues such as removing redundant indexes.

These results motivate AgenticOperator’s design of generating hypotheses from multiple
contexts. No single context dominates across all scenarios. In some cases, using an overly
specialized Traffic context can lead to poor performance for some scenarios, such as extra
indexes (nDCG 0.00). By being able to build diverse hypotheses from different contexts, Observer
is able to cover a greater range and variety of possible root causes. The evolutionary algorithm
Orchestrator is then able to select and explore the most promising hypotheses.
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Figure 5.8: Reasoning Model – nDCG of ranked hypotheses generated from the Global+Logs context
across five anomaly scenarios (traffic surge, idle replicas, missing indexes, extra indexes, and mistuned
knobs). We evaluate three reasoning models of different sizes from largest to smallest: GPT-5-mini,
Qwen3 235B-A22B, and Nemotron 3 Nano 30B-A3B.

5.6.2 Reasoning Model
We next evaluate the impact of the reasoning model on hypothesis quality. AgenticOperator’s
plug-and-play architecture (Section 5.3.1) supports any tool-calling LLM as its reasoning agent.
We compare three models ordered from largest to smallest effective capacity: GPT-5-mini,
Qwen3 235B-A22B, and Nemotron 3 Nano 30B-A3B. For each model, we generate three
ranked hypotheses using the Global+Logs context across the same five scenarios: traffic surge
(27 sub-scenarios), idle replica (9 sub-scenarios), missing indexes (6 sub-scenarios), extra indexes
(6 sub-scenarios), and mistuned knobs (6 sub-scenarios).

Analyzing Figure 5.8, we note that the smallest model (Nemotron) performs the best for the
traffic surge scenario (0.87 nDCG). Although Nemotron uses∼8×more output tokens compared
to the largest model (GPT-5-mini) with 0.61 nDCG, it is still cheaper due to lower per-token
inference costs. We note that Nemotron is prone to generating substantially more verbose
reasoning traces which increases costs. In this case, we attribute its superior performance to
the relatively straightforward diagnosis of connection contention, which it is able to quickly
pick out from the proxy telemetry. By contrast, we find that Nemotron performs much worse
on the extra indexes scenario. In that case, it gets fixated on log-level messages (e.g., duplicate
key violations) and attempts to build indexes or change isolation levels to fix the problem.

Further, we observe that both Qwen3 and Nemotron perform poorly on the idle replica
scenario (0.00 nDCG and 0.20 nDCG respectively) compared to GPT-5-mini (0.90). These low
nDCG scores indicate that both smaller models never output the correct hypothesis. Upon
inspection, we find two failure modes for these smaller models. The first is that they fail to act
upon their prime directive of reducing resources by scaling-in idle replicas. Rather, they tend to
focus on cutting pool connections with limited benefit, instead of more high impact actions (e.g.,
decommissioning replicas, dropping redundant indexes). Second, they strongly focus on the tool
name to relate to the deployment contexts. They interpret the tool name “recentralize reads” as
a request to re-route traffic back to the primary instance, rather than also decommissioning the
idle replica as described in the tool description. We explore the nuances of tool naming and how
they impact hypothesis quality in more detail in Section 5.6.4.
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Input Tokens Output Tokens Estimated Cost Number of Interactions

Traffic Surge
gpt-5-mini 152.8K 2.0K $0.04 4.7
Qwen3 235B-A22B 321.9K 2.5K $0.03 16.9
Nemotron 3 Nano 30B-A3B 184.1K 19.3K $0.01 4.3

Idle Replicas
gpt-5-mini 82.0K 1.2K $0.02 2.1
Qwen3 235B-A22B — — — —
Nemotron 3 Nano 30B-A3B 96.8K 9.0K $0.007 2.3

Missing Indexes
gpt-5-mini 101.3K 1.6K $0.03 4.8
Qwen3 235B-A22B 373.7K 2.2K $0.04 14.7
Nemotron 3 Nano 30B-A3B 203.5K 16.2K $0.01 4.4

Extra Indexes
gpt-5-mini 119.6K 1.8K $0.03 4.3
Qwen3 235B-A22B 330.0K 2.5K $0.03 15.5
Nemotron 3 Nano 30B-A3B 222.1K 21.0K $0.02 5

Mistuned Knobs
gpt-5-mini 136.9K 1.7K $0.04 4.2
Qwen3 235B-A22B 316.5K 2.2K $0.03 17.2
Nemotron 3 Nano 30B-A3B 239.5K 22.9K $0.02 5.2

Table 5.3: Reasoning Model: Cost Overhead – Mean input tokens, output tokens, estimated cost, and
number of interactions for hypothesis generation from the Global+Logs context across five anomaly
scenarios using three reasoning models. “—” indicates the model rejected the scenario and concluded the
deployment was operating normally. We compute costs without token caching.

As shown in Figure 5.8, a “one-size-fits-all” approach of using the largest model (GPT-5-mini)
may not be the best approach. Depending on the scenario, smaller models perform better and
with higher cost efficiency (e.g., traffic surge). We defer automated techniques for routing to the
appropriate reasoning model based on the context type and cost constraints to future work.

5.6.3 Tool-Hypothesis Alignment
Beyond hypothesis quality, we measure whether the reasoning agent’s tool invocations are
consistent with its declared hypothesis. A high-quality hypothesis is necessary but not sufficient:
if the agent believes the root cause is a “missing index” but then decides to invoke a knob
tuner, the subsequent actions will not address the root cause. Based on domain knowledge,
we define a hypothesis-tool mapping from hypothesis categories to tool names. For instance,
a “missing index” hypothesis should be followed by an “index tuner” (e.g., “CREATE INDEX”
sql, Dexter [11], DTA [23]). We then compute an alignment score between each hypothesis
and its subsequent optimization tool call: 1.0 indicates the invocation aligns with the declared
hypothesis, while lower scores indicate divergent tool usage.

As the reasoning agent emits its hypothesis in natural language, we employ an automated
method to identify the hypothesis category. For each context-scenario, we extract the last hypoth-
esis explicitly generated by the reasoning agent made through a tool call (e.g., declare hypothesis
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Figure 5.9: Tool-Hypothesis Alignment – Mean alignment score between hypotheses and subsequent
optimization tool invocation across four contextual perspectives (Global+Logs, Global, Traffic, and
Schema) and five scenarios (traffic surge, idle replicas, missing indexes, extra indexes, and mistuned
knobs). Alignment scores are computed from a golden mapping from hypothesis category to tools.

or revise hypothesis) along with all information-gathering tool calls made. We use a small lan-
guage model (Qwen3 4B) to identify the hypothesis category from the following set: proxy
sizing, proxy routing, proxy sizing and routing, knob tuning, query tuning, add index,
and drop index. Based on the provided toolbox, we manually construct the golden mapping
from those categories to tool names. For instance, a “proxy sizing” hypothesis should be followed
by either apply pool sizes or tune pool sizes. Similarly, a “knob tuning” hypothesis should
be followed by either apply knob or bayesian knob tuner.

As shown in Figure 5.9, alignment is generally high across all context-scenario pairs. The
Global+Logs context exhibits the lowest overall alignment (mean 0.70), with weaker scores for
mistuned knobs (0.61). We find that including system logs causes the agent to invoke exploratory
tools that diverge from its stated hypothesis as it investigates log-specific symptoms and then
invokes differing optimization tools. We recognize this is a limitation of the approach that could
be mitigated by enforcing stricter tool usage rules (e.g., must explicitly update hypothesis before
invoking an optimization tool) in the prompt or harness. We defer this to future work.

Narrower contexts (Traffic, Schema) maintain strong alignment (means of 0.89 and 0.83
respectively), indicating that focused telemetry helps the agent stay consistent between its
analysis and actions. However, when comparing with Figure 5.7, high alignment scores do
not necessarily imply high hypothesis quality. The Traffic context achieves 1.00 alignment
on extra indexes but 0.00 nDCG, meaning the agent consistently invokes tools matching its
(incorrect) hypothesis. This experiment reveals that AgenticOperator is, with high fidelity, able
to correctly select the right optimization tool based on the hypothesis obtained from analyzing
the deployment context. Still, AgenticOperator’s multi-context approach is needed to produce a
diverse population of hypotheses and potential mitigation strategies.
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Figure 5.10: Tool Naming – nDCG of ranked hypotheses from GPT-5-mini with the Global+Logs con-
text when varying scale-in tool name: RR (recentralize reads), DR (decommission replica), RRDR
(recentralize reads decommission replica), and RDR (recentralize decommission replica).
We consider two scenarios: idle replicas and read spike.

5.6.4 Tool Naming

We next study how tool naming affects hypothesis quality. Since tool definitions are provided by
external MCP servers [13] under AgenticOperator’s plug-and-play architecture, these factors are
not under AgenticOperator’s control. For this experiment, we only vary the name of the scale-in
tool and not the arguments or description. We consider four names: RR (recentralize reads),
DR (decommission replica),RRDR (recentralize reads decommission replica), andRDR
(recentralize decommission replica). We only consider the idle replicas (9 sub-scenarios)
and read spike (6 sub-scenarios) scenarios, as they are the most relevant scenarios to the scale-in
tool. For the read spike scenario, we create an OLAP workload driven by multiple normal-priority
clients to mimic reporting or analysis queries. We generate all hypotheses using GPT-5-mini
with the Global+Logs context and compute the nDCG of the three ranked hypotheses.

As shown in Figure 5.10, all names achieve high nDCG (≥0.92) for the read spike scenario,
where the need to route traffic to a replica is explicit. With the RR name, the agent occasionally
outputs a “missing index” hypothesis. By contrast, with the other names, the agent consistently
recognizes that there is a HTAP workload and decides to offload read-only traffic to a replica.
By explicitly introducing a notion of replicas through the tool name, the agent is more able to
relate the offload reads tool with the inverse scale-in tool.

However, for idle replicas, RR (0.9) substantially outperforms the alternatives (0.62–0.68).
We observe that the agent tends to maintain a sub-goal of preserving deployment slack to handle
the workload when load resumes. As such, it is conservative towards infrastructure actions (e.g.,
decommission replicas) and instead prefers lower-cost actions (e.g., reducing active connections).
Despite the “recentralize reads” description mentioning decommissioning replicas, the agent is
better able to connect the observed deployment (e.g., low utilization) to the action of moving
traffic back to the primary instance (i.e., no offloading). By contrast, the other names emphasize
infrastructure decisions. Although AgenticOperator works with various tool names, the user is
responsible for ensuring that tool descriptions are semantically aligned with their directives.
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Figure 5.11: Read Replica Availability – nDCG of ranked hypotheses from GPT-5-mini with the
Global+Logs context when varying offload availability: Enabled indicates that there is available read
replica capacity, and Disabled indicates that there is no capacity. We evaluate across five scenarios:
traffic surge, idle replica, extra indexes, mistuned knobs, and read spike.

5.6.5 Read Replica Availability

External to AgenticOperator, there may be higher-level control plane signals (abbreviated
hereafter as control signals) that can influence or guide the agent’s behavior. For instance,
hosting providers may expose information indicating whether read replica capacity is available
for offloading. We evaluate the impact of varying the availability of read replica capacity through
this control signal on AgenticOperator. The offload reads tool remains in the toolbox in both
configurations; only the contextual metadata provided changes. This contextual metadata is
provided by a higher-order service (e.g., hosting provider) and not necessarily from the user
themselves. We evaluate across five scenarios: traffic surge (27 sub-scenarios), idle replica (9
sub-scenarios), extra indexes (6 sub-scenarios), mistuned knobs (6 sub-scenarios), and read spike
(6 sub-scenarios). We generate all hypotheses using GPT-5-mini with the Global+Logs context
and compute the nDCG of the three ranked hypotheses.

We first discuss the read spike scenario, as its results are most aligned with expectations. As
shown in Figure 5.11, indicating available replica capacity improves nDCG from 0.42 to 0.92.
For read spike scenarios, the agent correctly reasons that offloading reads will improve the
deployment based on the context. The control signal that indicates available replica capacity
further reinforces this hypothesis.

Next, as shown in Figure 5.11, indicating unavailable capacity improves nDCG for these
scenarios: traffic surge (0.61 to 0.90), extra indexes (0.38 to 0.71), and mistuned knobs (0.58 to
0.97). We observe that the agent has an implicit bias towards offloading reads when capacity is
available. Consequently, with a control signal indicating unavailable capacity, the agent correctly
avoids unnecessary offload actions and instead focuses on more appropriate mitigations. In the
case of mistuned knobs, the agent now proposes knob tuning as its first hypothesis.

Surprisingly, indicating unavailable capacity substantially degrades nDCG for the idle replicas
scenario from 0.90 to 0.26. In this case, the control signal leads the agent down different reasoning
trajectories. It either attempts to re-enable offloading reads to the existing replica, shed active
connections, or invoke maintenance tools. We infer this is due to how the agent understands
its prime directives and its implicit bias towards conservative resource reduction (e.g., reduce
connections over decommissioning replicas). Beyond availability of replica capacity, the control
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Figure 5.12: Control Plane Signals – nDCG of ranked hypotheses from GPT-5-mini with the
Global+Logs context across three scenarios: traffic surge, idle replicas, and read spike. We vary whether
control plane signals are present and the degree of information injected into the context.

plane can provide other signals (e.g., health-checks, tuned status, forecasted load) to guide the
agent’s behavior. We defer selecting these control signals, possibly based on prime directives or
other service-level objectives, to future work.

5.6.6 Control Plane Signals

In Section 5.6.5, we evaluated the effect of varying replica availability (i.e., available or un-
available). In this experiment, we explore the impact of whether omitting or including control
plane signals as a whole has a noticeable impact on hypothesis quality. We look at two signals:
whether reads are currently offloaded (Offload Status) and whether there is available read replica
capacity (Capacity). We evaluate three scenarios: traffic surge, idle replicas, and read spike.

Similar to the results presented in Section 5.6.5, removing all control plane signals improves
nDCG for traffic surge (0.98 versus 0.61), as there is a lack of injected signals that reinforce
replica-based mitigations (e.g., offloading reads). However, removing all control plane signals
degrades idle replica (0.49 versus 0.90) and read spike (0.77 versus 0.92) scenarios where these
additional control plane signals provide useful information.

A particularly interesting observation is that omitting all control signals performs strictly
better than injecting the offload status and unavailable replica capacity signals. We believe
that the signal indicating no available replica capacity is overly prioritized by or distracting to
the agent, which results in worse reasoning trajectories and outcomes. Although this can be
mitigated by allowing Observer to create a new context that conditionally injects control plane
signals, we believe a more principled approach is required. Further investigation is required to
understand how agents use these control plane signals to guide their reasoning.

5.6.7 Directive Sensitivity

We next study how the phrasing of the prime directive affects hypothesis quality. Recall the
original prime directive: “optimize p99 latency across all users, prioritizing VIP-Client when
active, and reduce deployment resources”. We introduce an alternative prime directive: “optimize
p99 latency. prioritize high-priority users”. This prime directive directly focuses on the VIP-
Client and omits mention of resource reduction and the phrasing for “all users”. We evaluate
across two scenarios: traffic surge (27 sub-scenarios) and read spike (6 sub-scenarios). We
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Figure 5.13: Directive Sensitivity – nDCG of ranked hypotheses when varying the phrasing of the
prime directive between optimizing for all users versus focusing primarily on the VIP-Client across traffic
surge and read spike scenarios. All experiments use GPT-5-mini with the Global+Logs context.

generate all hypotheses using GPT-5-mini with the Global+Logs context and compute the
nDCG of the three ranked hypotheses.

As shown in Figure 5.13, focusing on the high-priority user improves traffic surge nDCG
from 0.61 to 0.77 and read spike nDCG from 0.92 to 0.96. For read spikes, this focus more clearly
steers the agent towards offloading reads rather than attempting to build indexes on the single
primary. In the case of traffic surge, by using a prime directive that more directly focuses on the
VIP-Client, the agent focuses more on re-allocating pool resources rather than routing traffic to
a replica. The desirability of these more aggressive pool changes is a human-level judgement
that lies outside the scope of this work. We defer a more exhaustive study of the impact of the
prime directive and whether the range of user objectives (e.g., throughput, latency, resource
utilization) can be reduced into a set of canonical prime directives to future work.

5.7 Conclusion
Existing diagnostic systems for DBMS deployments can identify anomalies and propose root
causes, but they cannot autonomously translate that analysis into remedial action. The human
operator remains the critical bridge between diagnostics and deployment changes, slowing
response times. To address this, we present the AgenticOperator framework that autonomously
reasons about ongoing anomalies and orchestrates optimization tools to mitigate them. Agentic-
Operator uses diverse contextual perspectives to generate initial hypothesis branches and an
evolutionary algorithm to explore, refine, and cross-pollinate findings across branches before
selectively deploying high-confidence mitigations. We evaluate AgenticOperator against a
ReAct agent across two case studies (traffic surge and missing index), in which AgenticOperator
achieves lower latency and more stable mitigation trajectories. We further present sensitivity
studies demonstrating the importance of AgenticOperator’s multi-context, plug-and-play design.
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Chapter 6

Related Work

We now discuss related work on autonomous DBMS research that complements the background
in Chapter 2 and the individual chapters (Chapters 3 to 5). We organize the discussion into
tuning agents (Section 6.1), workload forecasting (Section 6.2), behavior modeling (Section 6.3),
learned representations (Section 6.4), natural language debugging (Section 6.5), and learned
components (Section 6.6).

6.1 Tuning Agents
The literature is rich in ML-based tuning agents. In Chapter 2, we described the broad categories
of DBMS optimization tools (i.e., knobs, physical design, and queries) and their interfaces. We
now survey the specific ML-based techniques proposed for each category.

Resource Tuning: These agents optimize the DBMS’s exposed system knobs, optionally
considering the system’s resource consumption. Existing approaches utilize either Bayesian opti-
mization [53, 109] or gradient-based techniques [130] to explore and exploit knob configurations.
Bayesian approaches model the unknown objective function with a surrogate (e.g., Gaussian
process) and use an acquisition function to balance exploration and exploitation. Gradient-based
methods instead differentiate through a learned performance model to directly optimize knob
values. Both families treat knobs as a standalone search problem and do not consider how knob
settings interact with other configuration spaces, such as indexes or query hints. For instance, a
knob tuner may disable index scans to improve performance on the current workload, preventing
a downstream index tuner from discovering beneficial indexes. Proto-X (Chapter 3) addresses
this by embedding knob alongside index and query hint actions in a unified latent space, allowing
the agent to reason about cross-space interactions through proto-action neighborhoods.

Capacity Planning: Other agents have focused on capacity planning [20]. These approaches
usually involve forecasting to identify future trends or resource requirements. Using forecasts
and behavior models to predict resource consumption, an agent allocates tasks or provisions
resources to satisfy user-specified constraints (e.g., latency SLOs, cost budgets). Although
capacity planning is upstream of the tuning process, its outputs (e.g., allocated hardware,
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expected load) directly influence the configuration that a tuner should target. For example, if
capacity planning predicts a workload spike, a tuner should proactively adapt the configuration,
as explored in the drift scenarios of Chapter 4. Furthermore, its outputs can be used to inform the
AgenticOperator about the expected workload and resource requirements, allowing it to reason
about potential tools to invoke from its toolbox (Chapter 5) that may also be capacity-related
(e.g., offloading reads, scaling up/down resources).

Parametric Query Optimization: Some work focuses on parametric query optimization,
identifying the best query plans to keep and reuse for different parameter bindings [108]. These
techniques precompute a set of plans that collectively cover the parameter space, switching
between them at runtime based on the observed parameter values. This is related to the query
hint tuning in Chapter 3, where Proto-X discovers per-query hints that steer the optimizer. By
combining these techniques with those in Chapter 3, we can potentially decompose each query
based on its set of interesting parameter values and provide targeted hints for each partition. This
would improve resilience to plan regressions caused by query hints when parameters change.

Query Tuning: Work on query tuning includes query rewriting [143], which uses a tree search
to balance exploring and exploiting known rewriting rules, and steering the query optimizer
with a hint set [12, 77] to alter the behavior of individual queries. These approaches tune queries
in isolation from other configuration spaces. In contrast, Proto-X (Chapter 3) jointly tunes query
hints alongside knobs and indexes, capturing cross-space interactions that isolated query tuners
miss. Furthermore, Booster (Chapter 4) exploits per-query historical configurations by enriching
LLM prompts with past tuning attempts, enabling more effective adaptation to workload drifts.

Physical Design: Other work has focused on applying machine learning or reinforcement
learning techniques to physical design problems. Existing agents are capable of recommending
partitioning schemes [129], materialized views [127], and indexes [96, 114, 116]. Despite each
tool’s sophistication, they consider these aspects in isolation from other system aspects (e.g.,
system knobs, query hints). As shown in Chapter 3, this isolation leads to suboptimal configu-
rations because the benefit of a physical design depends on system knobs (e.g., whether index
scans are enabled) and query hints (e.g., whether the optimizer is forced to ignore indexes).

Joint Configuration Space Tuning: HMAB [89] tunes indexes and materialized views by
treating the problem as a two-tiered bandit where the first tier independently selects views and
indexes, and the second selects their combination. However, HMAB does not consider system
knobs or query hints, limiting its ability to discover configurations that exploit cross-space
interactions. UDO [111] tunes indexes and knobs by decomposing the configuration space into
subspaces and iteratively optimizing each one while holding the others fixed, resembling the
sequential tuning paradigm. UniTune [134] extends this to additionally support query hints, but
still relies on round-robin scheduling across subspaces.

More recently, LLM-based approaches [39, 47, 123] have been proposed that instruct a
language model to directly generate multi-faceted configurations. These are complementary to
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the adaptation framework in Chapter 4, which can augment any tuner (including LLM-based
ones) with historical knowledge to accelerate adaptation.

6.2 Workload Forecasting

As noted in Section 2.1, a self-driving DBMS relies on forecasting to predict future workloads
and proactively prepare for changes. Existing literature focuses on predicting future queries and
loads for DBMS optimization. These techniques include using time-series models to forecast the
volume of query templates at different future horizons [71], using learned temporal models to
predict parameterized queries [45], and identifying ongoing workload drifts from telemetry [65].

These forecasting techniques are upstream of and complementary to the tuning and adapta-
tion frameworks in this thesis. Once a drift is detected, the human operator or a self-driving
DBMS must decide how to adapt. These drift detection mechanisms can be used to trigger the
AgenticOperator to intervene, analyze, and re-optimize the deployment if needed. These mecha-
nisms could also be used to proactively invoke Booster and Proto-X to identify the post-drift
optimal DBMS configuration.

6.3 Behavior Models

Behavior modeling aims to produce small and accurate models that can infer the DBMS’s
performance for a given configuration and workload [69, 73, 75]. These models range from
query performance predictors (QPP) that estimate the runtime of a single query plan to broader
workload-level models that predict aggregate metrics (e.g., total throughput, tail latency) under
different configurations. Graph-based models [141] encode the query plan structure and have
shown improved generalization across plan shapes, particularly for concurrent queries.

Behavior models serve two primary roles in autonomous DBMS optimization. First, they can
substitute for actual DBMS evaluations during tuning, allowing agents to speculatively evaluate
candidate configurations without the overhead of running the workload [95]. For instance, an
index tuner can use a behavior model to estimate a index’s benefit without materializing it.
Second, behavior models can prune the action space by filtering out configurations that are
predicted to perform poorly [97], reducing the number of expensive evaluations.

These models are complementary to the techniques presented in this thesis. Proto-X (Chap-
ter 3) uses the DBMS’s query optimizer cost estimates as a lightweight behavior model during
Phase I to estimate the benefit of candidate actions when constructing the latent space. More
sophisticated behavior models could replace these cost estimates to improve the quality of the la-
tent space’s structure. The Booster framework (Chapter 4) generates substantial DBMS telemetry
during its operation (e.g., per-query runtimes under different configurations), which an operator
can use to train and refine behavior models for future tuning sessions. The AgenticOperator
framework (Chapter 5) could also leverage behavior models to speculatively evaluate the impact
of proposed mitigations before deploying them to the production environment, rather than
relying on replica-based evaluation.
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6.4 Workload andQuery Representations
This area focuses on deriving a query [138] or workload [96] representation that is conducive to
downstream tasks (e.g., behavior models, tuning). Query-level representations typically encode
the query plan tree into a fixed-dimensional vector by learning from plan structure, operator
types, and estimated cardinalities. Workload-level representations aggregate individual query
representations into a single vector that captures the workload’s overall characteristics (e.g.,
access patterns, resource intensity). Creating discriminative representations allows tuning agents
to generalize across workloads by providing a compact summary of the workload’s properties
that is independent of schema-specific details.

These learned representations represent a step towards a universal “foundation model” for
database [115] and are directly applicable to techniques discussed in this thesis. Discriminative
learned representations that capture workload semantics and obey the similarity principle (e.g.,
similar workloads have similar representations) would allow us to condition Proto-X’s latent
space based on the workload itself (Chapter 3). Alternatively, they could be used as an alternative
retrieval mechanism within Booster’s pipeline, potentially improving the quality of retrieved
historical contexts by better capturing query semantics beyond plan structure.

6.5 Natural Language Debugging
With advances in large language models (LLMs), recent work has focused on debugging SQL
issues through a natural language interface. This work ranges from natural language to SQL
techniques [35, 137], root cause analysis [84], and debugging user problems with their de-
ployments [112, 144]. These techniques primarily focus on designing retrieval mechanisms
(e.g., ranking functions, fine-tuned embedders) for selecting the top-k relevant chunks from a
knowledge base to provide to the LLM based on the user’s question.

Natural language to SQL techniques [35, 137] translate a user’s natural language question
into executable SQL, often leveraging schema retrieval and few-shot examples. Root cause
analysis frameworks [84] use LLMs to reason about anomaly symptoms and DBMS telemetry to
produce ranked lists of possible causes. Multi-agent diagnostic systems [112, 144] decompose
the diagnosis problem into sub-problems, with specialized sub-agents analyzing different DBMS
aspects (e.g., host metrics, query plans, locks) before a coordinator synthesizes the findings.
However, these systems terminate after producing a diagnosis or recommendation, relying on a
human operator to evaluate and apply corrective actions. The techniques in Chapter 5 address
this limitation by enabling direct action based on the diagnosis.

6.6 Learned Components
These are traditional DBMS components augmented with machine learning. Existing work has
focused on instance-optimized layouts [33], learned data structures (e.g., learned trees [41]),
learned algorithms (e.g., join [94]), and learned query optimization [8, 76, 77, 120].

Learned query optimizers [76, 120] aim to produce better plans directly, which is comple-
mentary to the hint-based or feedback-driven approaches [8, 77]. Both techniques are necessary
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to achieve optimal plan quality. Learned query optimization can produce near-optimal or better
plans but requires substantial training data and may regress on unseen query patterns. By
contrast, hint-based approaches provide a more controlled mechanism for steering plan selection
but are constrained by the optimizer’s existing plan space. As learned query optimizers mature,
they will form another key tool in the DBMS’s optimization toolbox (Chapter 5) alongside
hint-driven approaches.

Other research has focused on learned cardinality estimation, due to its high impact on
query optimizer plan quality [61]. Recent work targets correctly answering cardinality-related
queries with techniques resilient to workload and data changes [80]. Accurate cardinality
estimation directly reduces the frequency of suboptimal plans caused by the optimizer’s reliance
on stale or inaccurate statistics. For the techniques in this thesis, improved cardinality estimation
would reduce the number of cases where query hints or index recommendations are needed to
compensate for poor optimizer decisions. Co-adapting learned components (e.g., cardinality
estimators, learned optimizers) and external tuning agents remains an open area for future work.
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Chapter 7

Future Work

In the preceding chapters we presented three systems that exploit similarity along different
axes to holistically optimize DBMS deployments: actions (Proto-X, Chapter 3), workloads and
configurations (Booster, Chapter 4), and scenarios (AgenticOperator, Chapter 5). Each system
relies on offline or replica-based evaluation and uses hand-crafted strategies for constructing the
information (i.e., context) provided to its reasoning components. We now discuss several open
directions, along with the challenges and limitations involved: (1) online operation without
replica-based verification (Section 7.1), (2) dynamic specialized context construction (Section 7.2),
(3) expanding the tuning boundary (Section 7.3), and (4) explainability (Section 7.4).

7.1 Online Without Replica-Based Verification
A common thread across Proto-X, Booster, and AgenticOperator is their reliance on read
replicas or isolated sandboxes to safely evaluate candidate configurations and mitigations before
deploying them to production. Proto-X trains and evaluates on a dedicated replica to measure
workload performance after each configuration change. Booster similarly evaluates composed
configurations on a replica before recommending them to the operator. AgenticOperator executes
optimization tools and obtains each tool’s impacts on an isolated replica, comparing performance
against a workload snapshot before deploying those changes live.

While replicas provide a reliable safety net, maintaining synchronized replicas for the sole
purpose of tuning is expensive and operationally burdensome. In many deployments, replicas
serve live read traffic and cannot be freely repurposed for experimentation. In other cases, read
replicas impose infrastructure overhead that makes them impractical. An appealing alternative
is to perform all tuning online, without a mandatory replica-based verification step. We outline
the key challenges that such a shift would entail.

Conservative Guardrails for Disruptive Changes: Not all configuration changes are equal
in their impact on a running system. Lightweight knob adjustments (e.g., changing an optimizer
flag) can take effect within a session with negligible overhead, whereas other changes require a
full server restart (e.g., buffer pool) or trigger expensive I/O (e.g., building a large B-tree index). An
online system must classify changes by their disruptiveness and enforce guardrails accordingly.
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For instance, it may reject unsafe actions (e.g., setting buffer pool size larger than the available
memory), defer restart-requiring changes to a scheduled maintenance window, or rate-limit
I/O-intensive operations (e.g., concurrent index builds) to avoid saturating disk bandwidth during
peak hours. This information may also be propagated down to AgenticOperator to proactively
constrain the tools invoked. For instance, AgenticOperator may limit Proto-X to optimize only
knobs while the system is under high load before switching it into a more aggressive holistic
mode after the load subsides. Alternatively, it can constrain the maximal size of the changes
proposed in a given optimization step (e.g., can only increase the buffer pool up to 10%).

Accounting for LiveQuery Load: On a replica, the tuner controls the workload and observes
it in isolation, so any change in performance metrics can be attributed directly to the tuner’s
actions. Since production workloads are externally driven and fluctuate over time, the system
requires additional mechanisms for attribution. For instance, if a query hint tuner suggests a
change, the system cannot provide feedback unless that query recurs within the observation
window. A simple workaround is to extend the observation window; alternatively, the system
can reject changes targeting queries that have not been observed recently. Recent research has
also proposed mechanisms to incorporate delayed feedback into the tuning process [111].

Furthermore, sampling the live workload risks producing skewed traces that omit infrequent
yet important queries [29]. To guard against regressions on high-value templates, the system
may need to run sanity queries against the modified configuration. Designing a minimal yet
sufficient set of such queries [96] and executing them without materially affecting production
remains an open problem.

Rapid Rollback and Regression Detection: Without a replica to fall back to, the system
needs a fast rollback mechanism. For knob changes, this can be as simple as restoring the
previous value. For physical design changes (e.g., dropping an index), rollback is more expensive
and may require rebuilding the original structure, during which the deployment operates in a
degraded state. The system must therefore maintain fine-grained checkpoints of its configuration
state, keep shadow copies of critical objects (e.g., indexes) [29], and continuously monitor
performance against a baseline. A regression detector must be sensitive enough to catch
meaningful degradations promptly while tolerating the natural variance of production workloads.

7.2 Dynamic Specialized Context Construction
Both Booster and AgenticOperator construct the information provided to their LLM-based rea-
soning components through pre-defined strategies. Booster structures historical tuning artifacts
into fixed templates of query-level insights (e.g., plan similarities, configuration fragments)
that are retrieved based on structural matching. AgenticOperator defines a fixed set of contex-
tual perspectives (e.g., Traffic, Buffers/WAL, Schema, Global; see Section 5.3.2) that emphasize
different subsystems of the deployment. In both cases, the context construction strategy is
determined by domain knowledge and does not adapt to individual situations. Inspired by
memory management approaches for LLMs [85], a future direction is to dynamically construct
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specialized contexts based on higher-order elements (e.g., alert type, metric profile, workload
characteristics) to determine which information blocks are most relevant.

Instead of pre-defined contexts, the system would maintain a library of context blocks that
are modular, self-contained descriptions of different deployment aspects (e.g., lock contention
statistics, index usage, checkpoint frequency, proxy routing tables). A higher-order controller
would then select and compose blocks into a context based on the signals and a policy learned
from historical sessions. For example, if the alert indicates a p99 latency spike and the met-
ric profile shows elevated WAL write rates, the controller would prioritize WAL-related and
checkpoint-related blocks over replication or proxy blocks. This would also allow the controller
to swap blocks over mutation steps (Section 5.4.1) to adapt to the evolving situation. For instance,
if early rounds reveal that the anomaly is query-related rather than traffic-related, subsequent
rounds could swap in more detailed query-level blocks (e.g., per-query plan analyses, index
suggestions) while dropping coarse system-level blocks. This adaptive refinement would help the
reasoning agent focus on increasingly relevant information as the diagnosis narrows, reducing
noise from irrelevant context that can mislead the LLM [70].

However, dynamic context construction introduces its own risks. First, incorrect signal
interpretation can lead to systematically excluding relevant information, causing the system
to miss the true root cause. For example, if a p99 spike is caused by lock contention during an
index build but the controller attributes it to a traffic surge, the assembled context may omit
schema and DDL information entirely. Second, the controller overhead must be small relative to
the reasoning time it saves. An expensive controller that selects marginally better contexts may
not justify the overhead in situations where time is critical.

7.3 Expanding the Tuning Boundary
The systems presented in this thesis optimize within the DBMS itself: knobs, indexes, query
hints, and their compositions. In practice, a DBMS deployment is embedded in a larger stack
that includes the application above, a middleware proxy alongside, and the operating system
and hardware below. Expanding the tuning boundary to encompass these layers opens new
optimization opportunities.

Tuning Upwards to Application-Level: Existing tuners treat the application as external
and do not attempt to influence how those queries arrive at the DBMS. With visibility into the
application’s data access layer, tuners could re-order queries within transactions or identify
query rewriting opportunities (e.g., filter pushdown). However, application-level changes require
understanding application semantics (e.g., which columns are consumed downstream) and
respecting correctness constraints (e.g., data freshness) that current tuners cannot reason about.

TuningMiddleware for EngineRouting: The middleware proxy (e.g., pgcat [6]) sits between
the application and the DBMS and mediates every query. Although Chapter 5 presented cases for
adjusting proxy pool sizes and read traffic routing, it does not perform engine-level routing. For
instance, a tuned proxy could route OLAP queries to an engine optimized for analytical workloads.
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Alternatively, the proxy could maintain synchronized replicas with different configurations,
each optimized for a distinct workload fragment.

Tuning Down to OS and Hardware: Extending the configuration space to include OS-level
knobs (e.g., I/O scheduler selection) and hardware settings (e.g., CPU frequency governor)
would enable co-optimization across the full stack. This could also unlock opportunities from
heterogeneous hardware (e.g., GPU-accelerated query engines, tiered storage devices). Deeper
hardware visibility would also help AgenticOperator make more informed decisions. For instance,
mitigations depend on whether the hardware is degraded (e.g., disk failure) and on overall system
stability (i.e., how trustworthy the observations are).

7.4 Explainability
As these systems make increasingly autonomous decisions, operators need to understand why a
particular configuration or mitigation was chosen. For post-mortems, specific telemetry evi-
dence can justify why a configuration was chosen or proved suboptimal. The harder problem
is explaining why a configuration may be beneficial before deploying it and observing feed-
back. Although Proto-X’s latent space provides a geometric interpretation (e.g., nearby points
correspond to similar configurations), translating distances into human-readable explanations
remains non-trivial. Similarly, AgenticOperator’s hypothesis branches offer a natural audit trail,
but they can be long and interleaved with irrelevant information-gathering steps. Developing
concise, actionable summaries that highlight key evidence and decision points would improve
operator trust and facilitate debugging when the system makes suboptimal choices.
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Chapter 8

Concluding Remarks

In this dissertation, we presented techniques to holistically optimize a database management
system over its lifetime. Existing tuning pipelines employ specialized tools that each target
a narrow slice of the DBMS’s configuration space (e.g., knobs, indexes, query hints) and rely
on human operators to orchestrate these tools, interpret their recommendations, and decide
when and how to act. Although this workflow can improve performance to a limited degree, it
cannot achieve fully autonomous optimization for three reasons. First, because individual tuners
cannot reason over the entire configuration space, they produce suboptimal configurations for
point-in-time snapshots of the deployment. Second, because tuners cannot transfer experience
from prior tuning sessions, they struggle to adapt the DBMS when environment changes happen.
Third, when deployment anomalies occur, the workflow relies on a human operator to evaluate
root cause analyses from diagnostics and then manually orchestrate tools to mitigate them.
Consequently, this workflow cannot directly intervene with mitigations.

This dissertation addresses these limitations through distinct notions of similarity. In Chap-
ter 3, we presented Proto-X, a holistic tuner that simultaneously optimizes system knobs, indexes,
and query hints for a point-in-time snapshot. Proto-X leverages action similarity to organize
the combined configuration space into a learned latent space where similar actions form neigh-
borhoods and synthesizes proto-actions to navigate those neighborhoods efficiently. Then,
in Chapter 4, we presented Booster, a framework that assists existing tuners in adapting to
environment changes. Booster leverages workload-configuration similarity to structure historical
tuning artifacts into query-level insights, prompts large language models with the most relevant
experiences, and composes per-query suggestions into a holistic configuration via beam search.
Lastly, in Chapter 5, we presented AgenticOperator, a system that transforms the human-centric
workflow into an agentic process capable of directly intervening in response to anomalies.
AgenticOperator incrementally evolves a pool of diverse hypothesis branches and mitigation
strategies by leveraging scenario similarity to contextualize and relate the deployment’s context
to specific tools from a plug-and-play toolbox.

Taken together, the contributions of this dissertation provide evidence that identifying and
exploiting similarity across actions, workloads, configurations, and scenarios enables holistic
DBMS optimization throughout a deployment’s lifetime that improves performance and reduces
adaptation time to environment changes.
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