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Abstract A time series database (TSDB) is a specialized database management system designed for
storing, managing, and processing large volumes of time-stamped data generated continuously over
time. TSDBs are widely applied in domains such as Internet of Things monitoring, industrial au-
tomation, financial analytics, cloud infrastructure management, and smart city systems. These
scenarios are characterized by high data ingestion rates, long-term data retention, and diverse an-
alytical requirements, imposing stringent demands on database performance and scalability. Effi-

cient query processing has long been a fundamental challenge in data management, which is par-
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ticularly pronounced in time series databases due to the massive scale and continuous growth of
time-stamped data.

Among various query types, aggregation queries play a central role in time series analysis.
They are commonly used to compute summary statistics, including averages, sums, and extre-
ma, over specified time intervals and dimensions, forming the basis for monitoring, reporting,
and decision-making. However, as data volumes grow, executing aggregation queries directly o-
ver raw time series data becomes increasingly costly. Frequent scans of large datasets and on-the-
fly computation of aggregates often result in high query latency, adversely affecting system
throughput, scalability, and user experience, especially under high-concurrency workloads.

Precomputation is an effective optimization technique to mitigate the performance overhead
of aggregation queries. By precomputing and materializing aggregated results during data ingest-
ion or offline processing. a database system can significantly reduce query execution cost, as que-
ries can be answered using precomputed summaries instead of raw data. Despite its effectiveness,
existing precomputation mechanisms in TSDBs are often difficult to configure and maintain.
They usually require database administrators to manually analyze query workloads, select appro-
priate aggregation dimensions and time granularities, and tune system parameters. This process
is labor-intensive, heavily reliant on expert knowledge, and lacks adaptability to evolving work-
loads, thereby limiting the practical adoption of precomputation strategies.

To address these limitations, this paper proposes an automated precomputation recommen-
dation system for time series databases, aiming to reduce manual configuration effort while dy-
namically adapting to changing query workloads. The system continuously collects and analyzes
historical workload information, including query patterns, aggregation types, accessed time ran-
ges, and execution frequencies. Based on this analysis, it automatically generates candidate pre-
computations expected to improve future query performance. To accurately estimate the effec-
tiveness of each candidate, the system employs a deep learning-based prediction model to predict
potential query benefits, such as latency reduction and overall performance improvement. Practi-
cal constraints, including storage space and maintenance overhead, are explicitly considered. The
selection of precomputations is formulated as an integer programming problem, with the objec-
tive of maximizing query benefits under a user-defined cost upper bound. This approach enables
systematic balancing of performance gains against resource consumption, identifying an optimal
set of precomputations that satisfies both efficiency and cost constraints.

Extensive experiments demonstrate the effectiveness of the proposed system. Results indicate that it
can derive precomputation schemes from historical workload characteristics, reducing average query la-
tency by approximately 44. 3%. Furthermore, compared with existing recommendation algorithms, the
proposed approach supports flexible cost upper bounds and achieves superior query benefits under identi-

cal cost budgets, with improvements ranging from 2. 3% to 32. 18 %.

Keywords time-series database; precomputation; aggregate query optimization; deep learning;

integer programming
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ge_sy [[max,usage_user ],

. FROM cpu
max, usage_system
Bt 5 WHERE device = [max, usage_system]]
. . I, 160
device 1”7 /

Interval(‘60s’); b1

TE 58 R IE SR U %5 X AR IE AT g . XF T
A oA R, e B A5 R R B L R ] One-Hot
I 45k 2t B 5 1% 30 AT 7 4, One-Hot 4 % & — FivRE 43
S ik B 0 Ay B R R Y 5 3k 3l i O A 26 1)

B — AN S A PR R R R R IZ R B . XTI
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differences in data patterns and query structures.

This paper proposes an innovative precomputation rec-
ommendation system for time-series databases, leveraging
deep learning and integer programming to automate the se-
lection of optimal precomputation sets. Our system analyzes
historical workloads, estimates the benefits of precomputa-
tion candidates, and selects the most cost-effective solutions
under storage constraints. Experimental results demonstrate
significant reductions in query latency, outperforming tradi-
tional rule-based and greedy algorithms.

This work is part of a larger project aimed at enhancing
the performance and usability of KaiwuDB, a leading domes-
tic database system developed to bridge the gap with interna-
tional counterparts. Our study builds on prior achievements
in query optimization and extends them to the unique de-
mands of time-series data. The outcomes contribute to the
broader goal of making advanced database technologies more

accessible and efficient for real-world applications.





