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Modern processors increasingly adopt heterogeneous core designs that com-
bine cores with different performance and efficiency characteristics, such
as Intel-style high-performance cores (P-cores) and energy-efficient cores
(E-cores). While prior work has explored heterogeneity-aware query ex-
ecution for performance, energy-aware core-type selection in DBMSs on
modern Intel-style P-core/E-core processors has received limited attention.
This paper studies energy-aware core-type selection for queries with a dom-
inant operator on a heterogeneous multi-core processor platform. As an
initial evaluation, we focus on hash aggregation, hash join, and sort, and
vary workload characteristics such as cardinality ratio, key skew, and input
distribution. We measure wall-plug system power using a high-precision
external power meter. Our results show that the energy-efficient core type is
not determined by operator type alone, but is strongly affected by workload
parameters and data distribution. Based on these observations, we design
a query-aware core-selection policy that selects P-cores or E-cores using
query-level characteristics. Compared with Linux default scheduling, the
policy reduces total above-idle system energy by 18.14% across the evalu-
ated workload set. These results show that database systems can actively
exploit heterogeneous cores by incorporating query semantics into core-type
selection.

CCS Concepts: » Information systems — Data management systems;
« Computer systems organization — Heterogeneous (hybrid) systems; «
Hardware — Power and energy.

Additional Key Words and Phrases: Heterogeneous Multi-core Processors,
Energy-Aware Query Processing, Query Scheduling, Hybrid Architectures,
Database Systems

1 Introduction

Energy consumption has become a central concern in modern com-
puting systems, and analytical database queries are an important
contributor because they continuously exercise CPUs, memory
hierarchies, and storage subsystems over large volumes of data
[1, 2, 7, 24]. Prior work has shown that database systems can reduce
energy by considering energy-performance trade-offs in query opti-
mization and execution-time decisions [8, 14, 25]. However, these
techniques mainly focus on what plan or execution strategy to use.

At the same time, processor vendors increasingly adopt hetero-
geneous core designs to improve energy efficiency. Recent Intel
processors, for example, integrate high-performance cores (P-cores)
and energy-efficient cores (E-cores) on the same chip, and similar
principles appear in Arm-based and other architectures [20, 21].
On such heterogeneous multi-core processors, energy-aware data-
base execution must also decide where a query should run. This
decision is non-trivial: lower-power E-cores may increase runtime,
while faster P-cores may finish soon enough to reduce total energy.
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This creates a new query-level core-selection problem for database
systems.

Recent studies have begun to explore heterogeneous-core exe-
cution in DBMSs[16, 18], but they primarily focus on performance
and do not address query-level energy-aware core-type selection on
P-core/E-core processors[4, 15]. Operating-system schedulers can
distinguish core types, but they rely on general-purpose scheduling
signals rather than database-level information such as operator type,
cardinality, skew, and input distribution. This suggests a database-
side approach, where much of this information is available from
query plans and database statistics.

As a first step toward this problem, we study query-level core-
type selection for simple analytical queries with a single dominant
operator. This controlled workload design preserves end-to-end exe-
cution inside DuckDB while isolating common analytical execution
patterns. Our study covers hash aggregation, hash join, and sort,
with workload characteristics such as cardinality ratio, key skew,
and input distribution varied systematically. We focus on above-idle
system energy, defined as system energy above the idle baseline dur-
ing query execution, because it isolates the query-induced energy
directly affected by core-type selection.

Across these workloads, no single core type consistently min-
imizes above-idle system energy. Core preference can change within
the same operator type, making fixed P-core/E-core policies, operator-
only rules, and default OS scheduling insufficient. Although our
paper uses queries with a dominant operator as a controlled starting
point, they provide an initial step toward database-managed exe-
cution on heterogeneous multi-core processors. The results show
that database-level query information can expose energy-saving
opportunities beyond general-purpose OS scheduling, suggesting a
promising direction for energy-aware query processing. We there-
fore prototype a query-aware policy that selects an energy-efficient
core type using query-level characteristics, without runtime instru-
mentation.

The contributions of this paper are summarized as follows:

e We characterize P-core/E-core time-energy behavior for ba-
sic analytical queries with a dominant operator on a hetero-
geneous multi-core processor, showing that energy-efficient
core-type selection is workload-sensitive and cannot be de-
termined by fixed policies or operator type alone.

e We prototype and evaluate query-aware core selection using
a runtime-instrumentation-free energy prediction policy.
The policy reduces total above-idle system energy by 18.14%
compared with Linux default scheduling.

e We highlight database-managed heterogeneous execution
as a promising direction for energy-aware query processing
on modern heterogeneous multi-core processors.
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2 Background and Related Work

Energy-aware query processing. Prior work has studied database
energy efficiency through energy-performance trade-offs, query
optimization, and execution-time decisions [8, 13, 14, 25], with re-
cent extensions to proactive energy management, join reordering,
and cloud analytics [3, 9, 19]. These studies show that query-level
decisions can reduce energy, but they do not address P-core/E-core
selection on heterogeneous multicore processors.

Operator-aware query processing. Analytical operators interact
differently with modern hardware, including scans and access-path
selection [5, 10], hash joins [6], hash aggregation [11, 17], and sort-
ing [12]. These studies motivate operator-aware analysis, but focus
mainly on performance rather than energy-aware core-type selec-
tion.

Heterogeneous-core scheduling and database workloads. Hetero-
geneous multicore processors introduce scheduling choices across
cores with different performance and efficiency characteristics. Prior
work has studied Intel hybrid-processor energy behavior [22], OS
support such as Intel Thread Director [21], and P-core/E-core data-
base workload behavior [23]. Our work focuses on query-level
energy-aware core-type selection for analytical SQL using workload
characteristics such as cardinality, skew, and input distribution.

Top-Down Microarchitectural Analysis. We use Top-Down Mi-
croarchitectural Analysis (TMA) to interpret execution-time dif-
ferences [26]. TMA attributes CPU pipeline slots to useful work
or major bottlenecks: Retiring denotes completed work, while Bad
Speculation, Frontend Bound, Memory Bound, and Core Bound denote
losses from incorrect speculation, frontend supply limits, memory-
hierarchy stalls, and non-memory backend limits, respectively. In
our figures, Backend Bound is decomposed into Memory Bound and
Core Bound.

3 Problem Statement and Approach

We study query-level core type selection for analytical database
execution on heterogeneous multi-core processors. Given a query
before execution, the system chooses whether to run it on one P-core
or one E-core. We define the decision problem as follows:

e Input: pre-execution query features, including operator
type, cardinality ratio, and distribution-related features such
as key skew or sort-key generation pattern. These features
can be obtained or approximated from the query template,
database statistics, or workload metadata.

e Output: the selected core type, either P-core or E-core.

o Objective: minimize above-idle system energy for the query.

Our hypothesis is that operator type alone is insufficient for this
decision. The underlying trade-off is that P-cores generally shorten
execution time, whereas E-cores usually lower instantaneous system
power. The lower above-idle system energy therefore depends on
the runtime-power trade-off, which can change within the same op-
erator as cardinality, skew, or input distribution changes. Although
hash aggregation, hash join, and sort exhibit different hardware
behavior, their energy-efficient core type cannot be captured by a
fixed operator-to-core mapping. Therefore, energy-aware core-type
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selection should use query-level workload characteristics rather
than fixed P-core/E-core choices or operator-only rules.
We evaluate this hypothesis in two stages:

o First, Section 4 systematically characterizes P-core/E-core
time and above-idle energy behavior using queries with a
dominant hash aggregation, hash join, or sort operator.

e Second, Section 5 uses these observations to implement and
evaluate a query-aware policy as a proof of concept without
runtime instrumentation.

This evaluation tests whether database-level query information
provides useful signals for energy-aware core-type selection.

4 Operator-Level Energy Characterization
4.1 Experimental Setup

We run experiments on an Intel Core i5-14400F heterogeneous multi-
core processor with Hyper-Threading disabled, 16 GiB DDR5 mem-
ory, Ubuntu 24.04.4 LTS, Linux 6.8.0-101-generic, and DuckDB 1.1.3.
All data resides in main memory. To isolate core-type effects, we pin
each query to the target core type and use one DuckDB execution
thread to compare single-core P-core and E-core execution. We mea-
sure system power using a high-precision Yokogawa WT1800 power
meter with a basic power accuracy of +0.1%. Each configuration
is executed three times, and we report mean execution time and
above-idle system energy, Eapove-idle = Esys — PidieT> Where Egys is
integrated system energy, Py is idle power, and T is execution time.
We also collect TMA metrics with Linux perf stat over the same
query interval and report them in the per-operator figures.

We use complete DuckDB queries dominated by one target op-
erator rather than isolated operators. All inputs are generated de-
terministically from a synthetic row_id. Aggregation and sort use
N = 108 input tuples; hash join uses N = 108 probe tuples and a
build relation whose size is controlled by the build-side cardinality
ratio. For cardinality ratio r, the key-domain size is K = round(rN).

For hash aggregation, we vary group cardinality ratio and key
distribution over uniform, heavy50, and heavy90. For hash join, we
vary build-side cardinality ratio and probe-key distribution over
uniform, skew50, and skew90. For sort, we vary sort-key cardinality
ratio and key-generation pattern over modulo-repeated and pseudo-
random. The heavy/skewed distributions assign 50% or 90% of tuples
to one hot key, while modulo-repeated and pseudo-random use
deterministic modulo and multiplicative mappings, respectively.

4.2 Queries Dominated by Hash Aggregation

Figure 1 reports execution time and above-idle system energy for
queries dominated by Hash Aggregation. We compare three key
distributions: uniform, heavy50, and heavy90. Across all distribu-
tions, P-cores execute faster than E-cores, with the gap increasing
at higher cardinalities as more active groups are maintained in the
hash table.

Energy behavior is more workload-dependent. Although P-cores
are consistently faster, the above-idle system energy gap between
P-cores and E-cores is often small under heavy50 and, for some
cardinalities, under uniform. At high cardinalities, however, P-cores
become more favorable because their runtime advantage offsets
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Fig. 1. Hash aggregation performance and above-idle energy under three key
distributions. P-cores consistently reduce execution time, while the energy
gap varies with group cardinality and key distributions.

their higher power. These results show that both group cardinality
and key skew affect the P-core/E-core energy trade-off.

Figure 2 reports the Top-Down Microarchitecture Analysis results
for the aggregation workload. At higher cardinalities, especially
under the uniform distribution, a larger fraction of pipeline slots is
attributed to memory-related stalls and a smaller fraction to retiring
work. These measurements provide microarchitectural context for
the increase in execution time at high group cardinalities.

Overall, hash aggregation shows that operator name alone is
insufficient for energy-aware core-type selection. Even within one
operator type, group cardinality and key skew substantially change
the P-core/E-core energy trade-off.

4.3 Queries Dominated by Hash Join

Figure 3 reports execution time and above-idle system energy for
queries dominated by hash join. The workload value denotes the
build-side cardinality ratio, and we compare three probe-key distri-
butions: uniform, skew50, and skew90. P-cores are faster across all
settings, but the energy-efficient core type depends strongly on the
probe-key distribution.

Under uniform probes, P-cores are consistently more energy-
efficient. Uniform probes spread accesses over many build-side keys.
As the build side grows, this access pattern creates more memory-
hierarchy pressure, which appears more prominently on E-cores
in the TMA results. Under skew50 and skew90, E-cores consume
less above-idle system energy despite longer execution time. This
is likely because repeated probes to hot keys improve locality in
the build-side hash table, reducing the E-core memory-stall penalty
and allowing its lower power to dominate the remaining runtime
overhead. Thus, uniform probes favor P-cores, while skewed probes
favor E-cores in our experiments.

Figure 4 provides microarchitectural context for the runtime be-
havior. Under uniform probes, increasing the build-side cardinal-
ity substantially increases the memory-bound fraction on E-cores,
while the P-core profile changes only modestly. This suggests that
uniform probes expose E-core execution more strongly to memory-
hierarchy stalls as the build-side key domain grows, increasing the
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Fig. 2. TMA breakdown for hash aggregation. Higher group cardinality
increases memory-bound behavior, especially for uniform keys, indicating
growing hash-table pressure on the memory hierarchy.

E-core runtime penalty. Under skew50 and skew90, repeated probes
to hot keys improve locality in the build-side hash table, which
is reflected by lower memory-bound fractions and higher retiring
fractions on E-cores. The reduced E-core stall pressure lowers the
runtime penalty relative to P-cores; combined with lower E-core
power, this leads to lower above-idle system energy under skewed
probe distributions.

Overall, hash-join core selection is primarily shaped by probe-key
distribution, while build-side cardinality mainly changes the size of
the P-core/E-core performance—energy gap.

4.4  Queries Dominated by Sort

Figure 5 reports execution time and above-idle system energy for
queries dominated by Sort. The cardinality ratio denotes the sort-
key cardinality ratio, and we compare two key-generation patterns:
modulo-repeated and pseudo-random. Across all tested configura-
tions, P-cores execute sort queries faster than E-cores. However,
the energy benefit of P-core execution depends on the input pat-
tern: P-cores are clearly favorable for pseudo-random inputs, while
the two core types are often close in above-idle system energy for
modulo-repeated inputs.

The input pattern also affects above-idle system energy. The
pseudo-random pattern generally consumes more above-idle sys-
tem energy than modulo-repeated, particularly at medium-to-high
cardinality ratios. Although both patterns use the same sort-key do-
main, the less regular input order of pseudo-random leads to longer
execution time and higher above-idle system energy.

Figure 6 reports the Top-Down Microarchitecture Analysis results
for the sort workload. As the sort-key cardinality ratio increases, E-
core execution shows a lower retiring fraction and a larger fraction
of memory-bound pipeline slots, while P-core execution remains
more stable across the tested configurations. This suggests that E-
core execution becomes more sensitive to memory-hierarchy stalls
as the sort-key domain grows, helping account for the larger runtime
advantage of P-cores for sort queries. Overall, energy behavior for
sort queries is input-dependent. P-cores are more energy-efficient
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Fig. 3. Hash join performance and above-idle energy under three probe-
key distributions. P-cores consistently reduce execution time, while energy
preference shifts from P-cores under uniform probes to E-cores under skewed
probes.

for pseudo-random inputs, while modulo-repeated inputs show a
smaller P-core/E-core above-idle system energy gap.

4.5 Implications for Core-Type Selection

The operator-level results show that energy-efficient core-type se-
lection is not an operator-only decision. Although P-cores consis-
tently reduce execution time, their higher power does not always
lead to lower above-idle system energy. Instead, the preferred core
type changes with query-level workload characteristics, including
aggregation cardinality and skew, join build-side cardinality and
probe-key distribution, and sort-key cardinality and input pattern.

This workload dependence explains why a database system can
provide useful information beyond what is visible to a general-
purpose OS scheduler. Query features such as operator type, esti-
mated cardinality, key-distribution statistics, and input-order prop-
erties can be obtained or approximated from query plans, optimizer
estimates, and workload metadata before execution. The hypothesis
stated in Section 3—that operator type alone does not determine
the energy-efficient core type—is supported by the observations
in Sections 4.2—4.4. We therefore implement and evaluate a query-
feature-based core-selection policy in Section 5.

5 Query-Aware Core-Type Selection Policy
5.1 Policy Implementation and Features

We prototype the policy with a learned energy model that uses only
pre-execution query features and requires no runtime instrumenta-
tion. Each training sample represents a candidate execution of one
query configuration on a specific core type. In this study, the two
candidates are single-core P-core execution and single-core E-core
execution. The model predicts the above-idle system energy of each
candidate, and the policy selects the core type with lower predicted
energy.

The input features include operator type, candidate core type,
workload-specific cardinality ratio, and distribution category, such
as aggregation-key skew, probe-key skew, or sort-key generation
pattern. Although the implementation retains input size and core
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Fig. 4. TMA breakdown for hash join. Uniform joins become more memory-
bound as build-side cardinality increases, especially on E-cores, while skewed
joins show more stable pipeline behavior.

count as generic fields, both are fixed in this study and therefore
do not drive the reported core-selection results. These features
are available before execution from the query template, optimizer
statistics, or workload metadata.

Categorical features are encoded with one-hot encoding. We
implement the energy predictor as a random forest regression model
with 500 trees and a minimum leaf size of 2 using scikit-learn.
The model predicts above-idle system energy per tuple. This design
does not require runtime hardware counters or online profiling;
learning is used only as a compact implementation of the core-
selection policy.

5.2 Evaluation Workload Set and Metrics

Each sample in the evaluation set is a query configuration defined
by its operator type, cardinality ratio, and distribution setting, rather
than a random sample of rows from a fixed table. All workloads use
deterministic synthetic data with base input size N = 108 tuples. The
full set contains 800 configurations: 300 hash aggregation configura-
tions from 100 group cardinality ratios and three key distributions,
300 hash join configurations from 100 build-side cardinality ratios
and three probe-key distributions, and 200 sort configurations from
100 sort-key cardinality ratios and two key-generation patterns.

For each configuration, we measure single-core P-core and E-
core execution in DuckDB with one execution thread, repeating
each query three times and averaging execution time and above-idle
system energy. We use Linux default scheduling as the non-database-
aware baseline and report held-out energy saving as Saving =
(ELinux - EModel)/ELinux X 100%, where ELinux and Enodel are total
above-idle system energy under the baseline and model-selected
policy.

5.3 Core-Type Selection Results

Figure 7 compares the learned core-selection policy with Linux
default scheduling. Across all 800 query configurations, the pol-
icy reduces total above-idle system energy by 18.14%. The largest
benefit comes from hash join, with a 22.23% total saving. Hash
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aggregation and sort also improve, reducing total energy by 6.87%
and 9.78%, respectively.
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Fig. 7. Model-guided core-type selection compared with Linux default

scheduling. (a) The policy reduces total above-idle system energy by 18.14%

across 800 configurations, with the largest gain on hash join. (b) The policy

selects mostly E-cores but still assigns 148 configurations to P-cores, show-

ing that it is workload-aware rather than an all-E-core rule.

Figure 7(b) shows that the policy selects E-cores for most con-
figurations overall, 652 out of 800, but it is not equivalent to an
all-E-core rule. It still assigns 148 configurations to P-cores when
the predicted runtime advantage is large enough to offset higher
power. This mixed allocation appears across all operators: hash
aggregation is mostly assigned to E-cores, with 28 P-core and 272
E-core selections; hash join has the largest number of P-core selec-
tions, with 87 P-core and 213 E-core selections; and sort also favors
E-cores, with 33 P-core and 167 E-core selections. These results
show that the policy uses workload characteristics to distinguish
cases where lower-power E-core execution is sufficient from cases
where faster P-core execution is more energy-efficient.

6 Conclusion

This paper studied energy-aware core-type selection for analytical
database queries on a heterogeneous multi-core processor platform.
Using queries whose dominant operators are hash aggregation,
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Fig. 6. TMA breakdown for sort. Higher sort-key cardinality increases E-core
memory-bound behavior, especially for pseudo-random inputs.

hash join, or sort, we showed that the energy-efficient core type
is not determined by operator type alone. Instead, it depends on
query-level characteristics such as cardinality ratio, key skew, and
input distribution. These results show that database systems can
provide useful core-selection signals that are not directly available
to general-purpose operating-system schedulers.

We further evaluated an implementation of query-aware core-
type selection that uses only pre-execution query features and re-
quires no runtime instrumentation. Across the evaluated workloads,
the policy reduced total above-idle system energy by 18.14% com-
pared with Linux default scheduling. Although our evaluation is
limited to single-threaded queries with a dominant operator on a
heterogeneous multi-core processor platform, the results provide
initial evidence that database-managed heterogeneous execution is
a promising direction for energy-aware query processing.

This work explores an initial step toward database-managed exe-
cution on heterogeneous multi-core processors. Future work will
study multi-operator plans, parallel execution, and cross-platform
calibration on heterogeneous processors.
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