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Learned Query Optimization (LQO) has emerged as a promising paradigm for improving database performance,
with reported speedups of 2× to over 10× on standard benchmarks. Existing evaluations, however, remain
largely latency-centric and leave the energy debt from data collection, model training, and online inference less
visible. This paper presents E-LQO, the first comprehensive framework for evaluating energy consumption
across the complete LQO lifecycle: data collection or preparation, model training, model inference, and plan
execution. We formalize two domain-specific metrics—Energy Return on Investment (EROI) and Energy Payback
Time (EPT)—to quantify both per-cycle efficiency and the amortization horizon of learned optimizers. Across
seven LQO methods on fixed-scale JOB and on TPC-H/TPC-DS up to 100 GB, we find that lifecycle energy is
governed less by whether an optimizer is learned than by how it obtains supervision. Execution-based systems
buy plan quality through active exploration and carry a large upfront energy debt; passive/log-driven systems
can repay much faster with reusable logs or labels, but this advantage depends on incremental-cost accounting
and often comes with weaker latency gains on light workloads. We further show that total online inference
energy, including candidate-plan generation, enables symmetric accounting, and that roughly 50% template
coverage is the energy-optimal exploration region for the execution-based methods we study. E-LQO provides
practitioners with actionable guidance for energy-conscious deployment decisions and exposes optimization
opportunities for sustainable learned query optimization.
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1 Introduction
Query optimization stands as one of the most critical components in modern database management
systems (DBMSs), directly determining the efficiency of query execution. In recent years, Learned
Query Optimization (LQO) has emerged as a promising paradigm that leverages machine learning to
enhance or replace traditional optimizer components. The field is heterogeneous: execution-based
designs such as Neo [37] and Bao [36] actively explore plans, while passive/log-driven designs such
as MSCN [20] learn from existing query-cardinality records. We evaluate Bao, Balsa, and LEON as
execution-based systems and compare them with passive representatives later. Subsequent research
has further explored learned cost models and reinforcement learning strategies. These approaches
have demonstrated substantial speedups, often ranging from 2× to over 10× on benchmarks such as
JOB [28] and TPC-H [2], fostering a growing consensus that learning-based optimization represents
the natural evolution toward more intelligent database systems.

Despite these achievements, recent benchmarking efforts have scrutinized the robustness of LQO
methods [48], revealing that learned optimizers may exhibit performance degradation under work-
load shifts, data distribution changes, or unseen query patterns [27]. Nevertheless, within standard
experimental settings, the efficacy of LQO remains well-established and broadly acknowledged.
A closer examination of existing benchmarks, however, uncovers a critical blind spot: nearly all
evaluations adopt time-centric metrics—such as query latency, model inference time, or end-to-end
execution time—as the primary, if not sole, measure of success. While latency is undoubtedly
important, this narrow focus overlooks a metric of growing significance in modern data centers:
energy consumption.
As cloud-based database services continue to scale, energy efficiency has become a first-class

concern for both economic and environmental reasons [22, 55]. Training machine learning models,
executing exploratory query plans for data collection, and performing repeated inference all impose
substantial computational overhead that translates directly into electricity consumption [57]. Yet, to
the best of our knowledge, no prior work has systematically quantified the energy footprint of LQO
across its full lifecycle. Execution-based and passive/log-driven LQO form distinct cost profiles with
different latency–energy tradeoffs [52]. This raises a fundamental question: when accounting for
energy costs, do the performance gains of learned query optimization justify the overhead introduced
by its machine learning components, and under which LQO paradigm? In this paper, we aim to bridge
this gap by proposing a comprehensive energy-aware evaluation framework for LQO, shifting
the lens from pure latency optimization to a more holistic cost-benefit analysis. Specifically, we
formulate and investigate three key Research Questions (RQs).
RQ1: Where does the energy go throughout the LQO lifecycle? To rigorously assess the

energy efficiency of LQO, we must first understand how energy is distributed across its operational
lifecycle. Unlike traditional query optimizers that incur costs solely during query compilation and
execution, LQO introduces additional energy-consuming phases: data collection, where execution-
based systems explore query plans beyond the default optimizer’s choices to gather training
samples (or, for passive methods, where reusable query logs and cardinality labels are prepared for
training); model training, where neural networks or other learnable components are updated based
on collected experiences;model inference, where the trained model predicts costs or selects plans for
incoming queries; and plan execution, where the chosen plans are physically executed. As illustrated
in Figure 1b, the LEON lifecycle breakdown [5] reveals a striking finding: data collection alone
accounts for 93–98% of the total energy investment across the evaluated benchmarks (IMDb, TPC-H,
and TPC-DS) for execution-based LQO. This disproportionate energy consumption stems from the
necessity of executing numerous suboptimal or exploratory plans to provide sufficient training
signals. For passive/log-driven methods, this cost shifts from active exploration to preparation and
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Fig. 1. An energy-centric perspective on Learned Query Optimization. Per-method measurements appear in

Section 5.2–5.6.

model training when reusable logs or labels are available. Identifying such energy bottlenecks is
essential for guiding future optimization efforts.
RQ2: When does LQO achieve energy break-even? From a conventional latency-centric

perspective, LQO methods demonstrate compelling benefits. As shown in Figure 1a, representative
approaches such as Bao, Balsa, and LEON achieve 14–30% online energy savings compared to the
PostgreSQL default optimizer under the unified 𝐸totalinfer accounting (Eq. 2). However, this optimistic
view considers only the operational (online) phase while neglecting the substantial offline energy
debt incurred before deployment. When we account for the full lifecycle costs, a different picture
emerges. Figure 1c presents a fixed-scale energy payback analysis on TPC-DS, where we plot
cumulative energy consumption against the number of test cycles (each cycle represents one
complete execution of the test query batch). Despite LEON’s lower learned-plan execution energy,
the 48.2 MJ offline energy debt creates an initial energy deficit that requires several hundred test
cycles to amortize—equivalent to executing the entire test workload several hundred times before
any net energy benefit materializes. Moreover, as illustrated in Figure 1d, the number of test cycles
required to reach energy break-even varies considerably across different datasets and workload
characteristics. Beyond this fixed-scale payback example, our 100 GB realistic-buffer analysis reports
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full online test-cycle energy including inference and CPU/DRAM effects: active methods still need
hundreds of cycles, while passive methods repay quickly with reusable supervision. These findings
underscore that energy-aware evaluation must encompass both training and inference phases, and
reveal that the energy benefits of LQO are highly workload-dependent and paradigm-dependent.
RQ3: Is LQO more economical than hardware scaling? The deployment of LQO often

uses additional computational resources—especially GPUs for model training, and either CPUs or
GPUs for inference—which introduce their own energy overhead beyond the baseline database
workload. In the era of cloud computing, an alternative strategy for improving query performance
is straightforward hardware scaling—provisioning more powerful CPUs, additional memory, or
faster storage. This raises a pragmatic question: from a pure energy perspective, does investing in
LQO yield better returns than simply allocating equivalent energy budgets to enhanced hardware?
We compare PostgreSQL, Bao, Balsa, and LEON under the same serial, 6-connection parallel, and
12-connection scaled configurations, and report CPU/GPU inference sensitivity.

To address these research questions, we design and implement E-LQO, the first comprehensive
energy evaluation framework specifically tailored for learned query optimization. Our framework
instruments the complete LQO lifecycle—spanning data collection, model training, model inference,
and plan execution—with fine-grained energy measurement capabilities. By decomposing energy
consumption across these four distinct phases, E-LQO enables practitioners and researchers to
pinpoint energy bottlenecks, quantify the true cost-benefit tradeoffs of adopting LQO, and make
informed decisions about when and where learned optimization is genuinely worthwhile. We
conduct extensive experiments on seven LQO methods across fixed-scale IMDb/JOB (3.6 GB)
and TPC-H/TPC-DS at 10–100 GB under memory-resident and realistic-buffer settings, revealing
insights that challenge the prevailing latency-centric narrative and offer practical guidance for
energy-conscious database system design.

In summary, this paper makes the following contributions:

• We propose E-LQO, the first framework to systematically measure and analyze energy
consumption across the full lifecycle of learned query optimization, covering data collection,
model training, model inference, and query plan execution.

• We formalize the first set of domain-specific metrics for green query optimization: Energy ROI
(EROI) and Energy Payback Time (EPT). The metrics capture both online energy efficiency
and lifecycle amortization, allowing practitioners to identify when learned optimization
yields net energy benefits and when its overhead outweighs its gains. These metrics provide
a standard language for future research to benchmark sustainability.

• We characterize Bao, Balsa, and LEONundermemory-resident, realistic-buffer, and concurrent
settings, showing when scale helps and when hardware parallelism erodes the advantage.

• We extend E-LQO to NeuroCard, MSCN, Zero-shot, and DACE, quantifying passive/log-
driven lifecycle energy under incremental-cost deployment and comparing it directly with
execution-based exploration.

• We show that the payback-optimal training-template coverage ratio 𝛼∗—the fraction of query
templates used for exploration—lies near one half (𝛼∗ ∈ [0.46, 0.57]), model architecture
changes payback, and passive designs trade fast payback for weaker latency gains on light
workloads.

2 Background
This section introduces the representative learned query optimization methods (§2.1), surveys
learned cardinality and cost estimation techniques (§2.2), and reviews existing work on energy-
aware database systems (§2.3).
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Fig. 2. Framework Overview of E-LQO.

2.1 LearnedQuery Optimization
Learned Query Optimization (LQO) methods differ fundamentally in their plan exploration space
and integration strategy [5, 31, 36, 37, 41, 69, 73]. We focus on three representative execution-based
methods: Bao [36], Balsa [69], and LEON [5], while passive/log-driven LQO (§2.2) represents a
complementary class of methods.
Bao [36] operates within a constrained hint space. Rather than generating plans from scratch,

Bao learns to select optimizer hints (e.g., disabling hash joins, forcing index scans) that steer the
underlying optimizer toward better choices. The hint space is limited to 25 distinct configurations,
ensuring plan validity while sacrificing potential gains from plans outside the hint-reachable region.
Balsa [69] takes an ambitious stance by entirely replacing the traditional optimizer with a

reinforcement learning agent. The agent learns to construct query plans by selecting join orders [53]
and physical operators [38] without relying on expert demonstrations. The exploration space
encompasses all possible join orderings along with a customizable operator set, offering potential
for discovering novel strategies but requiring extensive training.

LEON [5] augments the traditional optimizer by training a pairwise ranking model that compares
candidate plans. Given a query, LEON leverages the traditional optimizer to generate a set of
candidate plans, then employs the learned ranker to correct the optimizer’s cost estimates and
identify plans that may outperform the default choice. Similarly, Lero [75] addresses the problem
using classification-based cost correction. The three methods span a clear exploration-breadth
ordering (LEON > Balsa > Bao) that directly determines the dominant data-collection energy term
we quantify in Section 5.2.

2.2 Learned Cardinality and Cost Estimation
Cardinality estimation has long been the Achilles’ heel of cost-based optimization: classical
histogram-based estimators [17] can deviate by orders of magnitude from actual cardinalities,
and even small errors propagate super-linearly into plan-cost predictions [43]. These limitations
motivated the family of learned estimators surveyed below. We distinguish cardinality estimators,
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plan-level cost models, and passive/log-driven LQO because they induce different E-LQO lifecycle
costs.
Learned cardinality estimators such as MSCN [20] and NeuroCard [70] (an autoregressive

joint distribution over table attributes [9]) feed learned cardinalities back into the traditional
optimizer. With reusable query–cardinality records or table samples, these methods avoid active
plan exploration and therefore induce a different lifecycle energy profile from execution-based
LQO.

Plan-level cost models include Tree-LSTM-based models [15, 58, 60], Transformer [62]-based
QueryFormer [72], Stage [65], Zero-shot [14], and DACE [33]. Some consume learned cardinalities,
so the upstream cardinality module is included; others bypass a separate cardinality module and
learn directly from plan-tree features or logged plan–latency records [13]. We evaluate these
methods under incremental-cost accounting when such logs or records are available.

Passive/log-driven LQO (e.g., JGMP [52]) learns from query logs instead of active exploration.
Section 5.6 uses NeuroCard, MSCN, Zero-shot, and DACE to quantify when this supervision makes
payback fast and when model cost still dominates; Section 5.5 reports backbone sensitivity within
the execution-based family.

2.3 Energy Efficiency in Database Systems
Energy consumption has emerged as a critical concern in computing, driven by economic pressures
and environmental sustainability. Data centers account for approximately 1–2% of global electricity
consumption [7, 39], with database systems representing significant energy consumers due to their
computationally intensive, continuous operations.
Foundational Work. Barroso and Hölzle [3] introduced energy proportionality—the princi-

ple that systems should consume power proportional to utilization—establishing the conceptual
foundation for subsequent research. Harizopoulos et al. [12] argued that software optimization is
essential for energy efficiency, articulating the database community’s green research agenda.

Energy-Aware Query Processing. Tsirogiannis et al. [61] conducted pioneering measurements
of query energy consumption, establishing that different operators exhibit distinct energy profiles—
CPU power varies by up to 60% across operators at identical utilization. Lang and Patel [25] first
treated energy as a query processing optimization goal, demonstrating 49% processor energy
reduction with minimal performance impact through DVFS techniques [26, 54]. Xu et al. [67]
proposed PET, integrating energy considerations directly into PostgreSQL’s query optimizer.

System-Level Design. Lang et al. [24] examined energy-efficient parallel DBMS cluster design,
comparing high-performance versus low-power node configurations. Korkmaz et al. [23] presented
POLARIS for DBMS-controlled DVFS [21, 50], achieving approximately 40W savings while meeting
latency targets. Concurrency-aware scheduling and cloud resource-management studies [6, 32,
47, 51, 63, 66, 71, 74] motivate our serial/parallel/scaled comparison against hardware scaling in
Section 5.4.
The Gap: AI Component Energy. Despite this body of work, a notable gap exists regarding

energy consumption of machine learning components within database systems. As surveyed by
Guo et al. [11], existing research focuses exclusively on traditional query processing. The energy
footprint of learned components—training data collection, model training, and inference—remains
largely unquantified. This gap is particularly consequential for LQO, where ML is integral to
query processing rather than a one-time preprocessing step. Our work addresses this gap by
providing the first comprehensive energy evaluation framework specifically designed for learned
query optimization, spanning both execution-based (Bao/Balsa/LEON) and passive/log-driven
(NeuroCard/MSCN/Zero-shot/DACE) families.
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3 Overview
This section formalizes the energy evaluation problem for learned query optimization (§3.1) and
presents an overview of the E-LQO framework (§3.2).

3.1 Problem Formulation
We formalize the energy consumption evaluation problem for Learned Query Optimization (LQO) by
decomposing the total energy footprint across distinct operational phases. Let Q = {𝑞1, 𝑞2, . . . , 𝑞𝑛}
denote a workload [34] consisting of 𝑛 queries. The total energy consumption of an LQO system
can be expressed as:

𝐸totalLQO = 𝐸collect + 𝐸train + 𝐸infer + 𝐸exec (1)

where each term corresponds to a distinct phase in the LQO lifecycle. For passive/log-driven
methods, the first term is denoted 𝐸prep in the experiments but occupies the same accounting slot
as 𝐸collect in Eq. 1.
We use two metrics, defined formally below: Energy Return on Investment (EROI) measures

per-cycle efficiency, while Energy Payback Time (EPT) measures the number of test-workload
cycles needed to amortize offline energy.

• 𝐸collect: Data Collection Energy. The energy consumed during the exploration phase, where
the system executes diverse query plans beyond the default optimizer’s choices to gather
training samples. This phase typically dominates the training-phase energy consumption,
as it requires executing numerous suboptimal or exploratory plans. For passive/log-driven
methods (Section 5.6), this term is reinterpreted as 𝐸prep (data preparation), covering additional
feature-extraction or sample-scan energy over reusable query logs.

• 𝐸train:Model Training Energy. The energy consumed for updating the parameters of neural
networks or other learnable components based on the collected experiences. This includes
both CPU and GPU computational overhead during gradient computation and weight updates.

• 𝐸infer: Model Inference Energy. The energy consumed when the trained model predicts
costs or selects plans for incoming queries during the online serving phase. For both metrics,
this term is aggregated over the test workload: 𝐸infer =

∑
𝑞𝑖 ∈Qtest 𝑒

(𝑖 )
infer.

• 𝐸exec: Plan Execution Energy. The energy consumed during the physical execution of the
selected query plans. For LQO, this corresponds to executing the learned plans over the test
workload: 𝐸exec =

∑
𝑞𝑖 ∈Qtest 𝑒

(𝑖 )
exec, where 𝑒

(𝑖 )
exec denotes the execution energy for query 𝑞𝑖 .

Inference-energy accounting convention.When computing either metric for one complete
test-workload cycle, 𝐸infer denotes total online optimization overhead:

𝐸totalinfer = 𝐸
plan_gen
infer + 𝐸

feature_encode
infer + 𝐸

model_forward
infer , (2)

covering candidate enumeration, plan-tree encoding, and model evaluation. PostgreSQL planner
activity stays inside the baseline cycle; passive/log-driven methods are accounted for end to end
because their learned estimates are consumed by the conventional enumerator.
To assess whether LQO provides energy benefits, we compare against the baseline energy

consumption of a traditional query optimizer. The baseline energy is defined as:

𝐸baseline =
∑︁

𝑞𝑖 ∈Qtest

𝑒
(𝑖 )
baseline (3)
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where 𝑒 (𝑖 )baseline represents the energy consumed when executing query 𝑞𝑖 using the plan selected
by the traditional optimizer (e.g., PostgreSQL’s default planner). Unless otherwise stated, 𝐸baseline,
𝐸exec, and 𝐸infer in both metrics all refer to one complete test-workload cycle.

We further introduce two domain-specific metrics to quantify the energy efficiency of LQO:
Energy Return on Investment (EROI) [45]. This metric quantifies the energy conversion

efficiency during the inference phase by contrasting the execution energy savings against the
inference overhead:

EROI =
𝐸baseline − 𝐸exec

𝐸infer
(4)

An EROI greater than 1 indicates that the energy saved through improved plan selection exceeds
the inference overhead. Higher EROI values signify more efficient utilization of inference energy.

Energy Payback Time (EPT) [45]. This metric measures the amortization horizon, specifically
the number of query cycles 𝑘 required to offset the initial training energy debt:

EPT =min{𝑘 ∈ Z+ | 𝑘 · (𝐸baseline − 𝐸exec − 𝐸infer)
≥ 𝐸collect + 𝐸train}

(5)

EPT captures the break-even point: only after executing the workload EPT times does the cumulative
energy saving from LQO compensate for the one-time training investment. A lower EPT indicates
faster energy amortization and is preferable for deployment scenarios with limited workload
repetition.
Boundary case. If 𝐸baseline < 𝐸exec, EROI is negative. If 0 < 𝐸baseline − 𝐸exec < 𝐸infer, execution

saves energy but not enough to cover online optimization, so EPT is undefined. Experiments report
these no-payback regimes separately from aggregate averages.

3.2 Framework Architecture
Figure 2 illustrates the overall architecture of E-LQO. The framework is designed around two
parallel execution paths—the traditional query optimizer serving as a baseline, and the learned
query optimization pipeline—unified by a comprehensive energy measurement subsystem. Unlike
existing benchmarks that report only final latency improvements, E-LQO provides fine-grained,
phase-level energy profiling across the entire LQO lifecycle, enabling practitioners to understand
not merely whether LQO saves energy, but where energy is consumed and when the investment
becomes worthwhile.

Traditional Query Optimizer (Baseline). The left branch of the framework executes queries
using the database system’s default optimizer (e.g., PostgreSQL’s cost-based optimizer). This path
establishes the energy baseline 𝐸baseline against which LQO methods are compared. The energy
measurement subsystem continuously monitors this execution to capture per-query baseline energy
consumption.
Learned Query Optimization Pipeline. The right branch encompasses the four phases in-

troduced in Equation 1. Data Collection & Exploration actively executes diverse plans to generate
training samples (or, for passive methods, extracts features from existing logs); Model Training
updates the learned components using the collected data; Model Inference applies the trained model
to predict costs or select plans for incoming queries; and Query Execution physically executes
the learned plans. Each phase operates with independent energy instrumentation, allowing the
framework to attribute energy consumption to specific stages.

Energy Measurement & Profiling Subsystem. The foundation of E-LQO is a unified measure-
ment layer that spans both execution paths. This subsystem employs fine-grained power sensors
to capture energy consumption at the phase level, enabling the computation of metrics defined
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in Section 3.1. Crucially, the subsystem tracks energy throughout the entire lifecycle rather than
focusing solely on inference-time performance.

Outcome Analysis. The framework ultimately determines whether the LQO deployment results
in Outcome A: Energy Savings, where the learned optimizer discovers better plans that reduce
execution energy sufficiently to offset all overheads, or Outcome B: Extra Consumption, where
the cumulative overhead of data collection, training, and inference exceeds the execution energy
savings. By providing detailed phase-level breakdowns, E-LQO enables practitioners to diagnose
the root causes of either outcome and identify optimization opportunities.
In summary, E-LQO distinguishes itself from prior evaluation approaches by offering lifecycle-

wide energy transparency. Rather than delivering a binary verdict on energy efficiency, our frame-
work quantifies the energy contribution of each phase, computes domain-specific metrics (EROI
and EPT), and provides actionable insights for improving the energy efficiency of learned query
optimization systems.

4 Methodology
This section details the energy measurement methodology employed by E-LQO across each phase
of the LQO lifecycle. We describe the instrumentation techniques for data collection and exploration
(§4.1), model training (§4.2), model inference (§4.3), and learned plan execution (§4.4). We then
synthesize these measurements into lifecycle-wide energy metrics (§4.5) and discuss RAPL DRAM
measurement uncertainty (§4.6).

4.1 Data Collection and Exploration Energy
The data collection phase constitutes the foundation of LQO training, wherein the system executes
diverse query plans to gather training samples. To formalize energy measurement during this phase,
we first extend the workload definition from Section 3 by partitioning the query set into training
and test subsets.

Workload Partitioning. Let Q = {𝑞1, 𝑞2, . . . , 𝑞𝑛} denote the complete workload. We partition Q
into a training set Qtrain = {𝑞1, 𝑞2, . . . , 𝑞𝑚} and a test set Qtest = {𝑞𝑚+1, . . . , 𝑞𝑛}, where𝑚 < 𝑛. The
data collection energy 𝐸collect is measured exclusively over Qtrain, as LQO methods utilize training
queries to construct their experience pools and learn optimization strategies.

Baseline Energy Measurement. For each training query 𝑞𝑖 ∈ Qtrain, we first execute the plan
selected by the traditional optimizer (PostgreSQL’s default planner) and record the corresponding
energy consumption 𝑒

(𝑖 )
baseline. The aggregate baseline energy over the training set is:

𝐸trainbaseline =

𝑚∑︁
𝑖=1

𝑒
(𝑖 )
baseline (6)

This measurement establishes the energy reference against which LQO exploration overhead is
quantified.
Exploration Energy Measurement. The exploration energy 𝐸collect captures the additional

energy1 consumed by LQO methods when executing plans beyond the default optimizer’s choices.
This overhead varies substantially across different LQO approaches due to their distinct exploration
strategies:
1SSD/device power is not reported as a separate energy rail. Device-level flash/SSD energy is difficult to isolate robustly
because vendors expose only coarse power specifications and operation-level behavior depends on hidden device state and
garbage collection [10, 19, 68]. In our setup, direct SSD-device power is small (about 3% of measured CPU+DRAM energy).
Disk-I/O effects are captured through full query-window RAPL CPU-package and DRAM measurements: realistic-buffer
runs in Section 5.3 lower buffer-hit ratios, lengthen execution/exploration windows, and change CPU/DRAM activity, all of
which enter 𝐸baseline, 𝐸collect, and 𝐸exec.
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Per-method exploration energy. The three execution-based methods differ primarily in explo-
ration breadth. Bao invokes the traditional optimizer under each of |H | ≈ 25 hint configurations,
so 𝐸Baocollect =

∑𝑚
𝑖=1

∑
ℎ∈H 𝑒

(𝑖,ℎ)
exec . Balsa runs 𝑇 RL-training iterations that execute the generated plan

for each 𝑞𝑖 , yielding 𝐸Balsacollect =
∑𝑚

𝑖=1
∑𝑇

𝑡=1 𝑒
(𝑖,𝑡 )
exec . LEON integrates with PostgreSQL’s DP [42] and ex-

plores candidate plans for each equivalent set 𝑆 ∈ S𝑖 , giving 𝐸LEONcollect =
∑𝑚

𝑖=1
∑

𝑆∈S𝑖

∑
𝑝∈Explore(𝑆 ) 𝑒

(𝑝 )
exec.

Exploration-space cardinality: LEON > Balsa > Bao.
Energy Attribution. During the data collection phase, energy consumption is predominantly at-

tributed to CPU andmemory subsystems. Query plan execution involves intensive CPU computation
for operator evaluation (e.g., hash computations, sorting, join processing) and substantial memory
access for intermediate result materialization and buffer management. We employ hardware-level
power monitoring through Intel’s Running Average Power Limit (RAPL) interface [16, 18] to capture
fine-grained energy measurements for CPU cores and DRAM modules throughout the exploration
process. This full-window CPU+DRAM accounting captures I/O-induced stalls, buffer misses, and
buffer-management work in the measured query window.

4.2 Model Training Energy
The model training phase encompasses the computational overhead of updating neural network
parameters based on collected experiences. Unlike data collection, which is dominated by database
execution, model training primarily consumes energy through gradient computation and weight
updates on CPU and GPU resources.
Training Energy Components. The total training energy 𝐸train comprises three hardware

components:
𝐸train = 𝐸CPUtrain + 𝐸MEM

train + 𝐸GPUtrain (7)
where 𝐸CPUtrain and 𝐸

MEM
train capture the host-side computation for data preprocessing, batch construction,

and gradient aggregation, while 𝐸GPUtrain measures the accelerator energy for forward and backward
passes through the neural network.
Handling Interleaved Exploration and Training. Reinforcement learning-based methods

such as Balsa interleave plan explorationwithmodel updates [40], executing queries and training the
policy network within the same iteration loop. This interleaved paradigm presents a measurement
challenge, as the two phases are temporally coupled. In E-LQO, we maintain phase separation by
attributing energy to the appropriate lifecycle component based on the operation type:

• Energy consumed during query plan execution (regardless of whether it occurs within a
training loop) is attributed to 𝐸collect.

• Energy consumed during neural network forward/backward passes and parameter updates
is attributed to 𝐸train.

This decomposition is achieved by instrumenting the LQO codebase with phase-specific energy
checkpoints, enabling precise attribution evenwhen operations are temporally interleaved. Formally,
for methods with interleaved execution, we decompose the joint energy measurement 𝐸joint as:

𝐸joint = 𝐸collect + 𝐸train (8)
where each component is measured by aggregating energy samples during the corresponding
operation types.
Shared TreeCNN Backbone. TreeCNN [44] is the cost-model backbone adopted by all three

execution-based optimizers in their original designs. Bao inherits the TreeCNN design fromNeo [37],
an end-to-end reinforcement-learning plan generator [59]; Balsa reuses the same TreeCNN topology
in its bootstrap phase [69]; LEON employs a pairwise-ranking TreeCNN head in its bottom-up
DP-integrated pipeline [5]. This shared design choice across the execution-based LQO family is
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also documented in the comparative study of Lehmann et al. [27]. Each optimizer is evaluated
under its own published architecture with hardware/software configurations held constant, and
alternative cost-model architectures (QueryFormer [72], Zero-shot [14], DACE [33]) are evaluated
in Section 5.5 to quantify the sensitivity of our lifecycle conclusions to this backbone choice.

4.3 Model Inference Energy
The model inference phase occurs during online query processing, where the trained model predicts
costs or selects plans for incoming queries. Although Bao, Balsa, and LEON all employ TreeCNN-
based models with comparable architectural complexity, their inference energy profiles differ
substantially due to variations in the inference scope—the number and type of candidate plans
evaluated per query.

Inference device and accounting scope. E-LQO supports both GPU-accelerated and CPU-only
inference deployments. By default, learned-model forward passes execute on an NVIDIA Tesla T4
with energy measured via NVML; when forward passes are dispatched to the host CPU instead, they
are profiled with the same RAPL instrumentation used elsewhere in the lifecycle. Candidate-plan
generation and feature encoding always run on the CPU and are tracked via RAPL. Lifecycle metrics
(EROI/EPT) are computed from the total 𝐸infer defined in Eq. 2, which sums these three components;
the per-method formulas below isolate the model-forward term 𝑒forward because inference scope
directly governs how often it is invoked.
Inference Scope Variations. The inference scope directly determines the number of forward

passes through the cost model, and consequently, the inference energy overhead:
Per-method inference energy. Bao: 𝑒Bao,(𝑖 )infer = |H | ·𝑒forward (evaluates all 25 hint configurations).

Balsa: 𝑒Balsa,(𝑖 )infer = 𝑂 ( |𝑅𝑖 |) · 𝑒forward · 𝑏 where |𝑅𝑖 | is relation count and 𝑏 is beam width (beam
search [8]). LEON: 𝑒LEON,(𝑖 )infer =

∑
𝑆∈S𝑖

|𝑃𝑆 | · 𝑒forward, invoking intra- and inter-equivalent-set models
during DP enumeration; pruning via𝑀𝑂

𝜃
mitigates combinatorial growth.

Inference EnergyMeasurement.Wemeasure online optimization energy by separately record-
ing candidate-plan generation, feature encoding, and learned-model forward passes, then summing
them into the total 𝐸infer used in EROI/EPT. For each test query 𝑞𝑖 ∈ Qtest, we record:

𝐸infer =

𝑛∑︁
𝑖=𝑚+1

𝑒
(𝑖 )
infer (9)

where 𝑒 (𝑖 )infer is the per-query total online optimization overhead. This measurement employs GPU
energy monitoring (via NVIDIA Management Library for GPU-based inference [49]) and CPU
energy monitoring (via RAPL).

Planning and Candidate-Plan Generation Attribution. PostgreSQL planning energy is small
(0.010–0.082 kJ per test-workload cycle, < 0.1% of 𝐸baseline) and remains inside the baseline RAPL
window. For execution-based LQO, we separately measure CPU-side candidate-plan generation
(0.18–2.54 kJ across datasets) and GPU-side model forward, then sum them per Eq. 2; for passive/log-
driven methods, plan generation and model evaluation are measured together in the end-to-end
optimization path.

4.4 Learned Plan Execution Energy
The final phase of the LQO lifecycle is the execution of learned plans—the query plans selected by
the trained model for test queries. This phase determines whether the energy invested in training
yields runtime benefits.
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Fig. 3. Phase-level energy breakdown across the LQO lifecycle.

Fig. 4. Fine-grained decomposition of data collection energy.

Execution Energy Measurement. For each test query 𝑞𝑖 ∈ Qtest, we execute the plan 𝑝∗𝑖
selected by the LQO method and record the execution energy 𝑒 (𝑖 )exec:

𝐸exec =

𝑛∑︁
𝑖=𝑚+1

𝑒
(𝑖 )
exec (10)

The execution energy is measured using RAPL-based power monitoring throughout the query
execution window, capturing CPU and memory energy consumption.
Baseline Comparison. To quantify the execution-phase benefits of LQO, we compare 𝐸exec

against the baseline execution energy on test queries:

𝐸testbaseline =

𝑛∑︁
𝑖=𝑚+1

𝑒
(𝑖 )
baseline (11)

where 𝑒 (𝑖 )baseline is the execution energy when using the traditional optimizer’s plan for query 𝑞𝑖 . The
difference Δ𝐸exec = 𝐸testbaseline−𝐸exec represents the per-cycle energy savings attributable to improved
plan quality.
Joint Latency and Energy Recording. E-LQO records both latency and energy metrics for

each query execution; specifically, the per-query execution latency ℓ
(𝑖 )
exec is recorded alongside 𝑒 (𝑖 )exec

for each test query, enabling correlation analysis between performance improvements and energy
savings. This dual measurement reveals whether latency reductions translate proportionally to
energy reductions, or whether certain plan optimizations (e.g., trading CPU for memory) exhibit
different energy characteristics despite similar latency profiles.
Unified field convention. Across Section 5.2–5.6, 𝐸collect / 𝐸prep denotes active exploration or

passive preparation, and 𝐸infer follows Eq. 2.
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4.5 Lifecycle Energy Synthesis and Metrics
Having established measurement methodologies for each phase, we now synthesize these mea-
surements into actionable insights by analyzing phase interdependencies and characterizing the
tradeoff landscape.

Phase Interdependencies. The four lifecycle phases exhibit fundamental tradeoffs rather than
independent optimization targets. Exploration-Accuracy Tradeoff : Constraining the exploration
space (as Bao does) reduces 𝐸collect but degrades model accuracy, potentially increasing 𝐸exec. Let 𝛼
denote the exploration coverage ratio; the expected execution energy exhibits diminishing returns:

E[𝐸exec (𝛼)] ≈ 𝐸∗exec +
𝛽

1 + 𝛾 · 𝛼 (12)

where 𝐸∗exec is the optimal achievable execution energy, and 𝛽,𝛾 > 0 are workload-dependent
constants. This implies an energy-optimal exploration budget beyond which marginal gains dimin-
ish. Online-Offline Tradeoff : Methods like LEON incur higher per-query inference overhead but
achieve superior plan quality, representing a tension between offline investment and online cost.
The optimal balance depends on expected query volume: high-volume deployments favor lower
inference overhead even at increased training cost.
Interpretation of 𝛽 and 𝛾 .We interpret the two workload-dependent constants in Eq. 12 as

follows: 𝛽 = 𝐸exec (𝛼=0) − 𝐸∗
exec measures the per-cycle excess execution energy at zero template

coverage, and 𝛾 controls the diminishing-returns rate; its half-saturation coverage 𝛼1/2 = 1/𝛾
quantifies how quickly additional templates stop helping. This phenomenological fit is estimated
from 18 per-subset measurement points per configuration and reported later in Section 5.5; across
all six (dataset, method) combinations we find 𝛾 ∈ [6, 16] (𝛼1/2 ≈ 6%–16.5%), showing that a small
fraction of templates captures most of the attainable execution-energy reduction.

Metric Interrelationships. EROI and EPT capture complementary aspects of energy efficiency
with a precise mathematical relationship:

EPT =

⌈
𝐸collect + 𝐸train

(𝐸testbaseline − 𝐸exec) · (1 − EROI−1)

⌉
(13)

For positive per-cycle net saving, 𝐸testbaseline − 𝐸exec − 𝐸infer > 0, this expression is equivalent to
Eq. 5; non-positive net saving leaves EPT undefined as described in Section 3.1. This reveals
that high EROI does not guarantee low EPT—if absolute savings (𝐸testbaseline − 𝐸exec) are small on
already well-optimized workloads, even efficient inference cannot rapidly amortize training costs.
Under this positive-net-saving condition, for deployment with expected query volume 𝑉 , LQO is
energy-beneficial if and only if 𝑉 > EPT, defining a decision boundary where workloads with high
repetition and substantial optimization potential favor LQO adoption.
Sensitivity to workload drift. EPT assumes stable workload characteristics, yet production

environments exhibit distribution shift. Grounding in domain-adaptation theory [4, 35, 76], the
target-domain error 𝜖𝑇 (ℎ) ≤ 𝜖𝑆 (ℎ) + 𝑑HΔH (𝑆,𝑇 ) + 𝜆∗; prior work on learned DB components [29,
30, 48] has confirmed such degradation under workload drift. Distribution shift affects EPT through
two compounding mechanisms: per-cycle savings diminish as learned plans become suboptimal,
and inference overhead yields diminishing returns as predictions lose accuracy. Let 𝜌 ∈ [0, 1]
be the distributional similarity between training and deployment; following multiplicative error
propagation,

EPTeff ≈ EPT/𝜌2, (14)
with quadratic dependence because 𝜌 affects both execution savings and amortisation rate. Sec-
tion 5.5 validates this empirically.
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4.6 RAPL DRAM Limitations and Confidence Intervals
DRAM energy is sampled from Intel RAPL’s DRAM domain, for which prior work reports up to
±20% deviation under high-bandwidth memory traffic [18]. Because DRAM contributes only 8–14%
of total measured energy in our TPC-DS workloads, this uncertainty translates to at most ±2.74%
in total energy. This is smaller than the active–passive and scale-study gaps in Section 5.2–5.6, so
our qualitative conclusions remain unchanged.

Fig. 5. Energy attribution during model training on TPC-DS 10 GB.

5 Experiment
5.1 Experimental Setup
Benchmarks andWorkloads.We evaluate E-LQO on three widely-adopted benchmarks spanning
diverse query complexities and data characteristics:

• JOB (Join Order Benchmark) [28]: Derived from the IMDb dataset, JOB comprises 113
queries across 33 templates with complex multi-way joins. We use 80 queries for training
and 33 for testing (one per template).

• TPC-H [2]: From the 22 standard templates, we select 16 compatible with all LQO methods,
excluding queries with nested subqueries unsupported by LEON and Balsa. Each template
generates 10 instances with varying parameters, yielding 128 training and 32 test queries at
10 GB. For the scale study (Section 5.3), we additionally generate 30, 50, and 100 GB instances
using dbgen to isolate the effect of larger data footprints and buffer pressure.

• TPC-DS [46]: We select 60 of 99 templates using the same compatibility criteria. Each
template generates 10 instances, resulting in 480 training and 120 test queries at 10 GB.
The same dsgen-based progressive scaling (30/50/100 GB) is used in Section 5.3, making
TPC-H/TPC-DS the controlled scale-study workloads.

IMDb/JOB is substantially smaller (∼3.6 GB) than the 10 GB TPC-H/TPC-DS instances and
is kept at its standard scale to preserve JOB’s commonly used semantics. Thus, IMDb reflects
a light, memory-resident LQO deployment point, while TPC-H/TPC-DS provide the controlled
30/50/100 GB scale-study workloads. This distinction matters for EPT: smaller footprints shorten
both useful execution savings and costly exploratory plans.

Hardware Configuration. All experiments are conducted on a server equipped with a 48-core
Intel Xeon Platinum 8163 CPU (2.50GHz), 384GB of main memory, and a 2TB SSD. GPU-accelerated
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training and inference utilize an NVIDIA Tesla T4. Energy measurements are collected via Intel
RAPL for CPU and memory components, and NVIDIA Management Library (NVML) for GPU
power consumption. Model inference hardware: NVIDIA Tesla T4 (GPU) by default; Intel Xeon
Platinum 8163 (CPU) is used for the CPU-vs-GPU sensitivity study in Section 5.2.

Software Environment.We deploy PostgreSQL 17.5 [1, 56] as the underlying DBMS. The source
code is publicly available.2 Section 5.2 and the fixed-scale EROI/EPT summaries use a memory-
resident 32 GB buffer configuration aligned with prior LQO evaluations. The progressive scale
study in Section 5.3 uses realistic-buffer settings: 8/16/24/48 GB buffers for the 10/30/50/100 GB
scale points, with the effective cache set to 3× the buffer size. PostgreSQL intra-query parallelism
is enabled with 8 workers per gather. The RQ3 Parallel/Scaled protocol below is inter-query
concurrency (multiple client connections), orthogonal to this operator-level PostgreSQL setting. All
LQO methods (Bao, Balsa, LEON) follow their original specifications with TreeCNN as the shared
cost-model backbone (Section 4.2).
Exploration Protocol. During data collection, we impose a timeout of 3× the default plan’s

latency for each query to prevent runaway exploratory plans. Plans exceeding this threshold are
terminated and excluded from training. Reported executed-plan counts include only valid, de-
duplicated exploratory executions that complete within the timeout, whereas the energy consumed
by timed-out attempts is still charged to 𝐸collect up to termination.

Fig. 6. EROI across methods and benchmarks under the fixed-scale memory-resident setting.

5.2 Energy Breakdown Analysis (RQ1)
To understand where energy is consumed throughout the LQO lifecycle, we conduct a comprehen-
sive phase-level energy decomposition across all evaluated methods and benchmarks.

Lifecycle EnergyDistribution. Figure 3 presents the energy consumption breakdown across the
four lifecycle phases. The results reveal a striking pattern: for execution-based LQO, data collection

2https://github.com/liang-zibo/energy_lqo
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Fig. 7. Distribution of per-query energy benefits.

overwhelmingly dominates the total energy investment, accounting for 93% on IMDb, 98% on TPC-
H, and 97–98% on TPC-DS across all three execution-based LQO methods. This disproportionate
distribution stems from the fundamental requirement of executing numerous exploratory plans to
generate sufficient training signals. In contrast, model training, model inference, and plan execution
collectively contribute less than 7% of the total energy budget. Notably, the dominance of data
collection energy is consistent across methods despite their vastly different exploration strategies—
Bao’s constrained hint space, Balsa’s RL-based search, and LEON’s white-box DP integration all
exhibit similar phase-level distributions. Section 5.6 contrasts this execution-based pattern with
passive/log-driven LQO.

Data Collection Phase Decomposition. Figure 4 provides a fine-grained analysis of the data
collection phase by decomposing exploration energy into its constituent factors. As shown in
Figure 4a, the total number of executed plans varies substantially across methods, with LEON
exploring the most plans (2.6k, 4.9k, and 21.1k on IMDb, TPC-H, and TPC-DS, respectively) due
to its integration with the optimizer’s complete DP search space. Despite this larger exploration
volume, Figure 4b reveals that per-plan energy decreases slightly from Bao to LEON (e.g., 2.92 kJ
vs. 2.24 kJ on TPC-DS), attributable to LEON’s pruning mechanisms. The net effect, in Figure 4c, is
that total exploration energy scales proportionally with the number of explored plans.
Hardware Resource Attribution. Figure 5 shows training-phase energy across hardware

components. CPU computation constitutes the dominant energy consumer (61.3–68.9% across
methods), attributed to CPU-intensive plan tree encoding and CPU-GPU coordination overhead.
GPU energy is second (22.3–30.1%); DRAM contributes only 8.4–8.8%.

Trainingmicro-breakdown and inference memory. Table 1 reports TPC-DS training activity
shares: CPU plan encoding (Enc, 40–48%) and GPU compute (22–30%) are the largest compo-
nents, followed by GPU synchronization (Sync), CPU→GPU host-to-device transfer (H2D), and
DRAM/other host activity (DRAM+). The entries are normalized activity shares rather than a
mutually exclusive energy decomposition, so rows need not sum to 100%. Per-query GPU memory
(Mem p95) remains modest (119–480 MB, far below the T4’s 16 GB), so online inference is bounded
by repeated model-forward invocations rather than capacity.
CPU vs. GPU model-forward energy. Table 2 contrasts model-forward inference on TPC-

DS between the default Tesla T4 GPU and the Xeon Platinum 8163 CPU deployment. Switching
from GPU to CPU increases per-query forward-pass energy by 22–44% across Bao/Balsa/LEON
because runtime grows by 77–98%; LEON suffers most due to its dense pairwise scoring inside
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Table 1. TPC-DS training/inference micro-breakdown. Enc/H2D/GPU/Sync/DRAM+ are non-exclusive nor-

malized activity shares; Mem p95 is the 95th-percentile per-query GPU memory footprint.

Method Enc H2D GPU Sync DRAM+ Mem p95

Bao 40.6 6.4 26.5 14.6 8.3 119 MB
Balsa 44.1 7.8 30.1 13.1 8.5 302 MB
LEON 47.8 8.7 22.3 11.2 10.0 480 MB

Table 2. CPU-vs-GPU model-forward inference on TPC-DS. CPU forward-pass energy is 20–44% higher

because runtime grows by 76–98%.

Bao Balsa LEON
kJ s kJ s kJ s

GPU (T4) 17.62 229 25.78 336 33.59 437
CPU (Xeon) 21.50 405 33.40 615 48.30 865
Δ +22% +77% +30% +83% +44% +98%

Table 3. EPT across methods under the fixed-scale memory-resident setting. Values use unified 𝐸total
infer

account-

ing; lower is better.

Dataset Bao Balsa LEON

IMDb 144 204 291
TPC-H 443 468 577
TPC-DS 483 476 547

DP enumeration. The Tesla T4 numbers are used elsewhere in the paper as the default inference
configuration, but CPU-only deployments retain a positive EROI on long-running workloads at the
cost of longer payback. The complementary backbone sensitivity (TreeCNN/QueryFormer/Zero-
shot/DACE) is reported later in Section 5.5.

5.3 Energy Break-even Analysis (RQ2)
We now investigate when data-collection investment yields net energy benefits during deployment.
Two complementary metrics: EROI, the per-cycle efficiency of inference, and EPT, the amortization
horizon.
Inference-Phase Energy Efficiency. Figure 6 presents EROI across all method–benchmark

combinations. All configurations achieve EROI > 1, i.e., per-cycle savings exceed inference overhead.
Bao consistently leads (lightweight 25-hint inference); LEON’s deeper DP integration incurs higher
per-query overhead.

Training Cost Amortization. Table 3 quantifies EPT under the unified 𝐸totalinfer accounting: break-
even ranges from 144 (Bao on IMDb) to 577 (LEON on TPC-H). EPT is shaped by benchmark
complexity (TPC-H/DS 443–577 vs. IMDb 144–291), exploration breadth, and per-cycle net saving;
larger savings can offset higher exploration cost, as Balsa slightly outpays Bao on TPC-DS.

Query-Level Benefit Distribution. Figure 7 shows that 9–16% of queries have negative energy
benefit. Bao’s distribution is tighter; LEON/Balsa have wider spread.
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Table 4. Per-class net saving (%) by baseline-latency quantiles (S: lower 40%; M: middle 40%; L: upper 20%).

Negative values mean LQO uses more energy than baseline.

Bao Balsa LEON
S M L S M L S M L

IMDb −21 +6 +28 −26 +3 +28 −33 −4 +27
TPC-H −11 +19 +29 −17 +22 +38 −22 +24 +40
TPC-DS −9 +13 +27 −14 +17 +35 −21 +19 +41

Table 5. Progressive scale study (realistic buffer). Buf. is shared_buffers in GB. Cells report EROI/EPT; 𝐸base
is in kJ.

DB GB Buf. Hit 𝐸base Bao Balsa LEON

TPC-H

10 8 0.98 62 4.4/467 4.1/442 3.5/509
30 16 0.73 244 18.2/279 14.4/307 12.2/349
50 24 0.60 509 37.3/274 31.9/273 24.9/320
100 48 0.47 1253 79.0/280 67.5/292 53.0/326

TPC-DS

10 8 0.95 359 4.6/437 4.0/445 3.5/540
30 16 0.69 1603 19.2/325 17.4/337 16.1/366
50 24 0.54 3392 37.0/351 33.7/356 28.7/422
100 48 0.43 8615 78.0/376 76.0/364 65.9/420

Query-stratified net saving. Table 4 stratifies per-class net saving by baseline-latency quantile.
The Long class is uniformly positive, whereas the Short class is uniformly negative because the fixed
𝐸totalinfer exceeds the achievable execution savings on short queries; the Middle class lies in between
and is workload-dependent. LQO is therefore clearly more valuable on long-running queries, which
alone reliably amortize the per-query inference overhead.
Progressive scale study. Under realistic buffers, lower hit ratios make TPC-H/TPC-DS more

I/O bound and raise the per-cycle value of improved plans (Table 5). Yet active exploration also
becomes costlier, so EPT remains in the hundreds even as EROI rises with scale.

5.4 LQO vs. Hardware Scaling (RQ3)
We compare PostgreSQL, Bao, Balsa, and LEON under the same inter-query concurrency protocol:
Serial (1 conn), Parallel (6 conn, 1 socket), and Scaled (12 conn, 2 sockets). Table 6 reports total
energy and latency.

Concurrency effects. Under inter-query concurrency, LQO’s per-query optimization contends
for the same resources: candidate enumeration and plan-tree encoding occupy the CPU sockets
serving execution, and model-forward inference is serialized through the single shared T4. With
6–12 connections these stages queue both against each other and against query workers, inflating
per-query optimization latency. The effect is workload-dependent: on IMDb (short memory-resident
queries), this overhead exceeds the plan-quality benefit, flipping both metrics against PostgreSQL
(+3–14% energy and +19–56% latency across Bao–LEON in Parallel/Scaled). On TPC-H/TPC-DS,
longer per-query execution dilutes the overhead and LQO improves both metrics simultaneously:
up to 17% energy and 8% latency saving across (method, mode) cells.
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Table 6. Symmetric concurrency evaluation: total online energy (kJ) / total latency (s) under Serial (1 conn),

Parallel (6 conn, 1 socket), and Scaled (12 conn, 2 sockets).

Dataset Method Serial Parallel Scaled

IMDb

PG 24.5/263.0 11.3/75.3 12.6/45.4
Bao 20.0/226.7 11.6/89.6 13.8/69.2
Balsa 20.5/234.4 12.9/93.5 13.2/64.0
LEON 20.9/241.4 12.7/95.6 14.0/70.8

TPC-H

PG 46.4/491.3 20.9/132.8 23.5/78.7
Bao 35.6/390.9 18.9/129.6 21.4/76.2
Balsa 33.0/364.7 17.3/122.3 19.5/74.5
LEON 32.3/358.4 18.8/125.7 22.8/79.1

TPC-DS

PG 292/3098 131/815 147/483
Bao 233/2471 119/776 134/451
Balsa 214/2290 125/783 141/469
LEON 204/2198 127/799 137/459

The energy–latency co-improvement on TPC-H/TPC-DS reflects a double dividend: shorter
wall-clock and lower time-integrated socket power. PG sustains ∼157–161 W (Parallel) and ∼299–
304 W (Scaled), close to single/dual-socket TDP; the best LQO reaches ∼142–153 W and ∼262–
297 W because T4 serialization leaves CPU sockets partially idle. LEON has the deepest Serial
gains (−30%/−27% on TPC-H and −30%/−29% on TPC-DS), but its dense pairwise scoring drives
the heaviest model-forward workload and competes most under concurrency, so the lead shifts:
Balsa wins TPC-H Parallel/Scaled with lighter MCTS expansion, Bao’s 25-hint path leads TPC-DS
Parallel/Scaled, and LEON’s margin shrinks to the smallest in those modes.

5.5 Sensitivity Analysis
Impact of Cost Estimation Models. Table 7 compares cost-model backbones
(TreeCNN/QueryFormer/Zero-shot/DACE) for Bao on TPC-DS 10 GB under unified 𝐸totalinfer
accounting. Because this sensitivity keeps Bao’s active exploration protocol fixed, 𝐸off always
includes Bao’s TPC-DS data-collection energy. DACE attains the lowest EPT (312) and highest
EROI (6.18), even though TreeCNN saves slightly more latency (20.2% vs. 19.7%): its lightweight
architecture simultaneously cuts 𝐸exec (182.8 vs. 210–214 kJ) and 𝐸infer (17.7 vs. up to 25.2 kJ).
Heavier backbones (QueryFormer, Zero-shot) raise inference cost beyond their marginal execution
gains, pushing payback to 505–527 cycles. Section 5.6 evaluates DACE again as a passive/log-driven
optimizer under incremental-cost accounting. Model complexity therefore does not monotonically
improve energy efficiency—the latency-to-energy ratio matters more than latency alone.

Impact of Training Data Volume and Distribution Shift. Figure 8 shows that EPT and EROI
both rise monotonically with the training-data fraction [64], but with markedly different slope
profiles. EPT grows near-linearly across 10%–100% because offline debt scales with the training
fraction, and the slope is only mildly attenuated by improving plan quality. EROI, in contrast,
rises steeply at low fractions and saturates above ∼70% as additional exploration yields rapidly
diminishing per-cycle execution savings. Across this range, Bao is the most stable while LEON’s
EPT varies by more than 400 cycles between the 10% and 80% configurations. The 100% endpoint
matches Table 3 under the unified 𝐸totalinfer accounting. This experiment varies the fraction of training
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Table 7. Bao backbone sensitivity on TPC-DS 10 GB memory-resident. 𝐸off is in MJ; 𝐸exec and 𝐸infer are in kJ;

L% is latency saving vs. PostgreSQL.

Backbone 𝐸off 𝐸exec 𝐸infer L% EROI EPT

TreeCNN 28.6 214.0 19.04 20.2 4.11 483
QueryFormer 29.5 211.5 22.31 19.6 3.62 505
Zero-shot 30.0 210.1 25.20 18.9 3.26 527
DACE 28.6 182.8 17.72 19.7 6.18 312

instances under a fixed template set; the template-coverage experiment below separately studies
template-count sensitivity.

Fig. 8. Impact of training data volume on EPT and EROI.

Under controlled distribution shift (random inserts/deletes), Figure 9 shows that deletion yields
lower EPT than equal-magnitude insertion; EPT rises super-linearly, consistent with the 𝜌−2

dependence in Eq. 14. The measured curves usually remain below the conservative bound, with
improvement varying by method and shift magnitude (0–62% across the plotted points, averaging
about 26–30%), so the bound should be read as an upper envelope rather than a fixed gap.

Template-Count Sensitivity. We fit template-coverage sensitivity using six coverage levels on
TPC-H/TPC-DS with three stratified subsets per point. Figure 10 plots the EPT/EROI surface across
the swept 𝛼 values and Table 8 reports four representative TPC-DS operating points. With fixed
𝐸infer per method/dataset, the key pattern is diminishing returns: very low coverage under-trains
the model, while coverage beyond 𝛼 ≈ 0.5 increases 𝐸collect faster than it lowers 𝐸exec. The shaded
band in Figure 10 (𝛼∗ ∈ [0.46, 0.57]) marks the payback-optimal region empirically observed across
all three execution-based methods.
Template-Coverage Fit. Fitting Eq. 12 on 18 stratified points per configuration gives 𝑅2 ∈

[0.986, 0.993] with residuals matching RAPL noise. We define 𝛼undef as the coverage at which
per-cycle net saving vanishes, i.e., 𝐸testbaseline − 𝐸exec (𝛼undef) − 𝐸infer = 0; substituting Eq. 12 yields

the closed form 𝛼undef =
1
𝛾

(
𝛽

𝐸test
baseline−𝐸infer−𝐸∗

exec
− 1

)
, so any 𝛼 < 𝛼undef leaves EPT undefined per the

boundary case in Section 3.1. Table 9 reports the resulting deployment boundaries: 𝛼∗ ∈ [0.46, 0.57]
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Fig. 9. EPT sensitivity to workload distribution shift. Negative shift denotes deletions; positive shift denotes

insertions.

Fig. 10. Template-coverage sensitivity on TPC-DS 10 GB; shaded band marks 𝛼∗ ∈ [0.46, 0.57].

Table 8. TPC-DS template sensitivity: 𝐸collect (MJ), 𝐸exec (kJ), and EPT.

Bao Balsa LEON
𝛼 𝐸c 𝐸e EPT 𝐸c 𝐸e EPT 𝐸c 𝐸e EPT

0.25 7.6 269 1857 9.8 259 1944 12.9 252 3278
0.50 15.3 231 370 19.7 206 342 25.6 191 400
0.75 21.6 216 386 28.3 194 408 37.0 175 466
1.00 28.1 214 483 36.4 187 476 47.3 168 547

is payback-optimal, while 𝛼undef ∈ [0.201, 0.255] marks where online overhead exhausts per-cycle
savings.

5.6 Passive / Log-driven Methods: Lifecycle Evaluation
Bao, Balsa, and LEON are execution-based; passive/log-driven LQO reuses supervision such as
logs, labels, samples, or plan-latency records [52]. We evaluate NeuroCard [70], MSCN [20], Zero-
shot [14], and DACE [33] under incremental-cost accounting: 𝐸prep charges the additional feature
extraction or sample scans needed to consume available supervision, and EPT reflects deployment
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Table 9. Fitted parameters for 𝐸exec (𝛼) = 𝐸∗
exec

+ 𝛽/(1 + 𝛾𝛼). 𝐸∗
exec

and 𝛽 are in kJ.

Dataset Method 𝐸∗exec 𝛽 𝛾 𝑅2 𝛼∗ 𝛼undef

TPC-H
Bao 29.58 40.60 9.73 0.9892 0.46 0.201
Balsa 21.63 46.91 6.08 0.9932 0.54 0.220
LEON 18.65 65.96 8.99 0.9923 0.55 0.236

TPC-DS
Bao 184.1 330.9 10.64 0.9920 0.57 0.255
Balsa 148.6 444.7 12.92 0.9914 0.49 0.219
LEON 137.2 535.2 15.68 0.9862 0.49 0.223

with reusable logs or labels. Figure 11 contrasts the lifecycle composition of active and passive
methods at TPC-DS 100 GB under this accounting, highlighting that exploration debt no longer
dominates once supervision can be reused.

Fig. 11. Lifecycle energy at TPC-DS 100 GB: active vs passive methods under incremental-cost accounting.

Table 10. Passive/log-driven metrics at 10 GB memory-resident scale. 𝐸off and 𝐸on are in kJ.

DB Method 𝐸off 𝐸on EROI EPT

IMDb

NeuroCard 265.3 23.76 1.37 374
MSCN 150.6 23.80 1.50 225
Zero-shot 1712.6 23.33 1.23 1503
DACE 572.3 22.10 1.77 242

TPC-H

NeuroCard 522.6 42.41 2.38 131
MSCN 195.7 42.55 2.84 51
Zero-shot 1858.0 37.57 2.98 211
DACE 747.9 37.89 3.80 88

TPC-DS

NeuroCard 1330.7 249.15 4.26 31
MSCN 369.4 260.07 4.11 12
Zero-shot 2604.1 217.84 4.44 35
DACE 1163.6 220.81 5.71 17
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10 GB memory-resident configuration. Passive payback varies widely: Table 10 ranges from
225–1503 cycles on IMDb, 51–211 on TPC-H, and 12–35 on TPC-DS. Heavy passive models are
less suitable for light workloads: MSCN usually has the lowest EPT, followed by DACE, while
NeuroCard and Zero-shot vary by workload, with Zero-shot particularly costly on IMDb/TPC-H.
This ranking differs from the latency-save ranking (Zero-shot ≳ DACE > NeuroCard > MSCN).

Scale study under realistic buffer. We re-run passive methods on TPC-H/TPC-DS at 10–
100 GB with shared_buffers ∈ {8, 16, 24, 48} GB for the 10/30/50/100 GB scale points. Table 10
reports the separate 10 GB memory-resident passive setting, whereas Fig. 12 and Table 11 use
the realistic-buffer scale-study setting throughout. TPC-H follows the same trend as the TPC-DS
summary in Fig. 12 and Table 11. At 100 GB, passive EPT falls to 2–6 cycles while active EPT
remains 364–420, separating execution-based exploration debt from passive preparation cost.

Fig. 12. Passive vs active at TPC-DS scale: EPT (log), energy-save, and latency-save.

Table 11. Active vs. passive on TPC-DS realistic-buffer settings. 𝐸𝑡 is offline energy (MJ); E% is net online

energy saving vs PG including total inference overhead; L% is latency saving vs PG.

TPC-DS 10 GB TPC-DS 100 GB
Method 𝐸𝑡 E% L% EPT 𝐸𝑡 E% L% EPT

Bao 34.5 22.0 20.2 437 977.9 30.2 32.2 376
Balsa 43.5 27.2 26.1 445 1278.9 40.9 38.5 364
LEON 56.4 29.1 29.1 540 1635.5 45.2 42.0 420

NeuroCard 1.42 5.8 9.2 68 5.68 10.4 16.4 6
MSCN 0.34 2.6 6.3 36 0.74 4.9 12.1 2
Zero-shot 2.46 13.5 14.5 51 4.44 21.0 22.5 2
DACE 1.00 10.2 11.7 27 2.38 16.3 18.7 2

Interpretation of Table 11.Under realistic buffers, active methods give stronger latency gains at
10 GB (20–29%) and 100 GB (32–42%) but require hundreds-cycle payback. Passive methods amortize
an order of magnitude faster under existing-log accounting (27–68 cycles at 10 GB; 2–6 at 100 GB)
yet trail active latency at both scales: passive L% is 6.3–14.5% vs. 20.2–29.1% (10 GB) and 12.1–22.5%
vs. 32.2–42.0% (100 GB), a 15–30 pp gap. Within passive methods, plan-level Zero-shot/DACE retain
the strongest latency saving and lowest EPT (DACE leads at 10 GB; MSCN/Zero-shot/DACE tie at
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2 cycles at 100 GB), while MSCN’s tiny training cost keeps its EPT competitive despite the smallest
latency gain. All numbers are averaged over three repeats with total inference energy (including
planning), and RAPL DRAM uncertainty changes total energy by only ±1.65–2.74%.

6 Conclusion
We presented E-LQO, a lifecycle energy-evaluation framework spanning data collection/preparation,
training, total online inference, and plan execution. Across seven optimizers, LQO’s energy value is
conditional: execution-based methods deliver better plans but carry hard-to-amortize exploration
debt, while passive/log-driven methods amortize quickly with reusable supervision yet may un-
derperform on light workloads. Practical deployment should stop exploration near diminishing
returns, reuse passive supervision when available, and favor PostgreSQL with hardware parallelism
for short or highly concurrent workloads.
Future work should reduce plan-encoding cost, lower the cost of obtaining training logs, and

cut the fixed per-query inference overhead and its contention with concurrent workers, so LQO’s
advantage holds under inter-query concurrency.
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