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Abstract
Cloud-based performance monitoring timeseries systems are
emerging due to their flexibility and pay-as-you-go capabili-
ties. However, these systems encounter a major bottleneck in
query performance, mainly attributed to the prolonged access
latency of cloud storage and metadata redundancy of large
number of timeseries. Thus, it is critical to optimize query
performance within cloud environment and reduce metadata
redundancy.

In this paper, we propose CloudTS, which is a novel time-
series data storage model with query optimization for cloud
storage. CloudTS separately manages metadata and data, and
introduces an efficient global metadata management for both
space saving and query speedup. CloudTS also transparently
supports the time-partitioned tag-based query model in per-
formance monitoring timeseries systems. For metadata, a
global tag dictionary is built to reduce metadata redundancy
and a novel timeseries-tag mapping technique with a two-
dimension bitmap is designed so the mapping of timeseries
and tags can be efficiently accomplished to support tag-based
queries. For data, the compressed data chunks are put into
objects by timeseries group. We have implemented a fully
functional prototype of CloudTS and evaluated it with pro-
duction timeseries data and synthetic workloads based on
Amazon S3. In comparison, Cortex, a cloud-based timeseries
system widely adopted by industries, and Apache Parquet and
JSON Time Series, two representative cloud storage formats,
are utilized in the evaluation. Experimental results show that
CloudTS can improve query performance by 1.37× on aver-
age compared with Cortex, and outperforms Apache Parquet
and JSON Time Series as well.

1 Introduction

Cloud-based performance monitoring timeseries systems are
emerging [5, 10, 26–28, 40, 44, 49] due to cloud’s flexibil-
ity and pay-as-you-go capabilities. For instance, existing
performance-monitoring systems, such as Prometheus [36]

via Cortex [12] or Thanos [47], InfluxDB [21], TimescaleDB
[42] and ModelarDB [22, 23], all provide a cloud-based ver-
sion by which timeseries data can be stored and queried via
cloud storage (e.g., Microsoft Azure [11], Amazon S3 [39]
and Google Cloud Storage [46]). Despite these advancements,
query performance with cloud storage significantly lags be-
hind that with local storage because of the prolonged access
latency of cloud storage [19, 24, 30, 33]. Thus, it is critical
for performance monitoring timeseries systems to optimize
query performance with cloud storage exploitation.

Existing storage models for performance monitoring time-
series systems are designed for local storage and cannot work
well in a cloud environment. Specifically, these models are
based on a time-partitioned approach, by which in a pre-
defined time period, all metadata (e.g. tags and inverted in-
dex for timeseries) and raw timeseries data are encompassed
into one file. Directly transforming files into cloud objects,
which is adopted by timeseries systems such as Cortex and
TimescaleDB, incurs substantial read amplification. Even if
we require only a small portion of data, we need to load back
the whole object from the cloud storage. While some sys-
tems adopt cloud-native file formats like Apache Parquet [35],
which compress data to reduce file sizes, this approach does
not fully address the challenges of read amplification. Par-
quet organizes data in a columnar format, where columns
are treated independently. Consequently, accessing data for a
specific timeseries within a given time range often requires
retrieving unnecessary rows, further exacerbating read ampli-
fication. JSON Time Series (JTS) [41], another cloud-oriented
approach, avoids this issue by organizing metadata and data of
each timeseries into distinct objects. However, JTS struggles
to scale effectively, as tag-based queries require scanning all
the objects, significantly impacting query performance.

With the rise of containers and micro-services, timeseries
databases face increasing demands to manage a large number
of timeseries with highly dynamic trends, making timeseries
management more complex. For example, the timeseries
database system for performance monitoring ByteDance’s in-
ternet services must handle over ten billion distinct timeseries



daily [32,45]. This includes a massive influx of new timeseries
generated by rapidly appearing and disappearing containers
and micro-services. These transient timeseries generate a
large volume of tags, which are utilized to describe timeseries,
accounting for more than 80% of the total metadata size, with
a high level of redundancy (e.g. approximately 73% of the
tags are repeated). Existing compression works [17, 25, 52]
are primarily designed for timeseries data and do not focus on
optimizing tags. Simply adopting existing file formats cannot
fundamentally solve the issue of metadata redundancy.

In this paper, we propose CloudTS (Cloud TimeSeries
Data Storage Model), a novel timeseries data storage model
designed for cloud storage. The primary objective of CloudTS
is to reduce query latencies and storage cost while transpar-
ently supporting existing time-partitioned tag-based query
model in performance monitoring timeseries systems. To
achieve this, our key idea is to separately manage metadata
and data with an efficient global metadata management, en-
abling space saving and query optimization. This separation
allows to eliminate unnecessary data access/fetching, reduce
metadata duplication and provide succinct index and provide
the opportunity to optimize metadata management.

Designing such a query and storage efficient cloud storage
model involves addressing three key challenges: 1) For model
design, how to preserve the connection between metadata and
data when converting an existing local storage model to a
cloud-based object model, ensuring effective metadata-data
separation? 2) For metadata optimization, how to manage
complex timeseries metadata succinctly and leverage it for
indexing to improve query efficiency, considering frequent
metadata access, a large volume of bidirectional timeseries-
tag mappings (inverted index and timeseries list), and repeated
tags? 3) For data object optimization, how to organize data
objects to reduce read amplification and fully exploit cloud
object storage bandwidth?

To overcome these challenges, CloudTS incorporates sev-
eral innovative designs as follows. First, CloudTS adopts a
dual-structure approach to manage timeseries data by sepa-
rating metadata and data. Metadata are maintained globally
with a Tag Dictionary (TagDict) and Tag-Timeseries Map-
ping (TTMapping), which maintain a compact and efficient
representation of metadata while preserving their linkage to
the corresponding data. By decoupling metadata from data,
this approach reduces read amplification and enables effi-
cient query execution. Meanwhile, timeseries data chunks are
stored in TSObjects, ensuring reduced storage costs and com-
parable performance. This design ensures that metadata and
data remain logically connected while leveraging the benefits
of cloud-based object storage.

Second, CloudTS introduces a global tag dictionary based
on a Patricia trie-like structure to efficiently handle a large
volume of highly redundant tags. This structure not only en-
ables efficient tag management but also supports tag encod-
ing, reducing the overhead of referencing tags. For each time

Table 1: List of terms utilized in this paper.
Term Description
TagDict A global dictionary that maps tag pairs (e.g.,

node=“node01”) to a unique IDs.
TTMapping A two-dimensional bitmap mapping time-

series and tag pairs within each time parti-
tion.

Tag Array A list organized by time partition, storing
only the tag pairs associated with that parti-
tion.

TSObject A data object that stores compressed chunks
of timeseries data, organized by timeseries
ID and ordered chronologically.

partition, a local sequence is maintained to exclude unused
tag information specific to that partition, further improving
query efficiency. Additionally, CloudTS implements a novel
timeseries-tag mapping technique using a two-dimensional
bitmap. The inverted index between tags and timeseries is
converted into this compact bitmap for each time partition, al-
lowing for efficient tag-based query lookups. These combined
strategies ensure succinct metadata management, reduced
overhead, and enhanced query efficiency.

Third, CloudTS introduces TSObject as the fundamental
data unit for storing timeseries data. For each time partition,
the data within compressed chunks of a group of timeseries is
organized into a single TSObject. Each TSObject employs a
chunk-based storage strategy, where compressed data chunks
are sorted by timeseries ID and time order. This design tack-
les the trade-off between file size and storage efficiency and
minimizes read amplification by ensuring that related data
can be accessed sequentially, leveraging the high bandwidth
of cloud object storage.

We have implemented a fully functional prototype of
CloudTS. We evaluate CloudTS with production timeseries
data and synthetic workloads, and compare it with Cortex, a
cloud-based timeseries system widely adopted by industries,
and Apache Parquet and JSON Time Series, two represen-
tative cloud storage formats, based on Amazon S3. First, a
full-system evaluation under a real-world production environ-
ment has been conducted. Under this environment, CloudTS
can achieve 1.43× speedup on average compared with Cor-
tex. Second, with the TSBS benchmark [3], we evaluate query
performance with different query patterns and experimental
results show that CloudTS significantly outperforms Cortex,
Apache Parquet and JSON Time Series.

The remainder of this paper is organized as follows. Sec-
tion 2 provides the background of performance monitoring
timeseries system and motivation. Section 3 presents the de-
tailed design of CloudTS. Section 4 shows the evaluation. We
discuss the related work in Section 5 and then conclude the
paper in Section 6. The key terms used throughout this paper
are summarized in Table 1.
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Figure 1: (a) Data organization of Prometheus and Cortex. (b) Architecture of a typical cloud-based performance monitoring
timeseries system. (c) Average query durations for one-hour continuous query. “1-8-1” indicates querying data on 1 timeseries
from 8 targets, every 5 minutes window for 1 hour; “5-1-1” indicates querying data on 5 timeseries from 1 target, every 5 minutes
window for 1 hour; “high-1” represents all the readings where one metric is above a threshold for a particular host.

2 Background and Motivation

2.1 Performance Monitoring Timeseries Sys-
tem

Performance-monitoring timeseries systems like Prometheus
[36], Cortex [12] and InfluxDB [21] are used to collect real-
time performance metrics such as CPU utilization and mem-
ory usage. These systems, commonly referred to as Timeseries
Database (TSDB) systems, are essential for managing, stor-
ing, and querying timeseries data. Among them, Cortex is
a popular system that provides horizontally scalable, highly
available and long-term storage.

In these systems, timeseries data is a sequence of numerical
data points collected over time. A timestamp is associated
with each data point upon data generation. In a timeseries
system, the storage unit for timeseries data is chunk, which
contains a set of data points of one timeseries in a short time
period. Most timeseries systems provide a tag-based interface
to support flexible queries on timeseries data, by which each
timeseries is identified by a metric name and a set of tags.
Metric name represents the general topic of one timeseries.
tags represents the monitored machine’s information, such as
location, cluster information and etc. For instance, in a perfor-
mance monitoring system, a client may create a metric called
cpu_usage to keep track of the processor usage across the sys-
tem. The client may further specify timeseries based on tags
such as node=“node01” and cpu=“1”. So this timeseries can
be represented as cpu_usage{node=“node01”, cpu=“1”}. In
this paper, we treat both metric name and tags as tags and
manage them together.

2.2 Timeseries Data Organization
Existing performance monitoring timeseries systems man-
age data in a time partitioned approach, such as Prometheus,
Cortex and InfluxDB. Data blocks cover all the timeseries
chunks in a given time period and an index file for metadata

is maintained in each data block.
Figure 1(a) shows how Prometheus and Cortex organize

timeseries metadata and data in each data block [37]. As
illustrated, there are n data chunks in this data block, contain-
ing the data of timeseries T S1 to T Sm, and one index file to
maintain timeseries metadata. Series maintains the timeseries
id information and the corresponding tags and data chunk
information in the given time period. Symbol Table holds a
sorted list of deduplicated strings that occurred in label pairs
and metric names of the stored series. Label Index indexes
the existing (combined) values for one or more label names.
Posting store lists of timeseries references that contain a given
label pair. Working together, Symbol Table, Label Index and
Posting make up the inverted index [29, 51, 53], so it can uti-
lize the labels information to find targeted timeseries. In this
paper, we treat both label pairs and metric names as tags.

2.3 TSDBs in Cloud Environment
To catch up with the trend of services moving to the cloud,
cloud-based timeseries systems are required to collect a large
amount of monitoring metrics and do analysis. As shown in
Table 2, the size of data generated from 1 million timeseries
can be greater than 90 PB [45], which is not realizable to
maintain locally.

Table 2: Timeseries data size.
# of Monitored Services 10 Thousands
# of Timeseries 1 Million
TS Data Sample Rate 1 data point every 15 seconds
Data Size per Day 94 PB

Due to cloud’s flexibility and pay-as-you-go capabilities,
the current deployment choice is to migrate the whole perfor-
mance monitoring timeseries to cloud environment [31]. For
instance, Amazon Web Services (AWS) [43] is the world’s
most comprehensive and broadly adopted cloud, offering over



200 fully featured services from data centers globally. AWS
EC2 [14] provides computing service to support secure and re-
sizable computing capacity for virtually any workload, which
can be adopted as timeseries service server. AWS S3 [39] is
an object-based storage service to provide unlimited storage
space, high availability, and scalability, which can be utilized
to maintain timeseries data. A typical architecture for cloud-
based performance monitoring timeseries systems based on
Amazon cloud environment is shown in Figure 1(b) [7, 8].
Gateway handles queries and write requests from clients and
remote write services, and redirects them to querier or in-
gester accordingly. Ingester can maintain data in local storage
(e.g., Amazon EBS [13]) or remote storage (e.g., Amazon
S3 and Microsoft Azure). Querier accesses data from storage
and ingester. If there exists metadata cache and data cache,
querier can speed up queries by accessing cached data first.

However, migrating timeseries systems to the cloud intro-
duces new challenges. Cloud storage operates on an object-
based model, lacking direct file-level access. Existing systems
often fall short in achieving these goals, particularly as the
scale of tags and timeseries grows. This necessitates care-
ful organization of timeseries metadata and data to minimize
read amplification, reduce storage costs, and leverage the high
bandwidth of cloud storage.

2.4 Motivation

To underscore the limitations of existing timeseries systems in
cloud environments, we present preliminary experiments that
highlight key challenges and inefficiencies. We have evaluated
the performance of popular methods for querying timeseries
data in the cloud, including traditional TSDB systems (e.g.,
Cortex) and columnar storage formats (e.g., Apache Parquet
and JSON Time Series). We compare the query latency of
CloudTS and these methods under TSBS benchmark with
the same environment as shown in Section 4.3, where the
data are collected from one node exporter with 10 monitor-
ing servers and totally we have 10K timeseries. Figure 1(c)
shows the average query latency for one-hour continuous
query. Our findings reveal that without fundamentally solv-
ing the metadata redundancy issue and fully utilizing cloud
storage bandwidth, existing methods cannot provide efficient
query performance for monitoring timeseries systems.

To further indicate the metadata redundancy issue, we an-
alyze a large-scale timeseries dataset (described in Section
4.3), which reveals significant redundancy in tag information.
Among tens of time partitions, over 70% of tags were repeated
across multiple timeseries, with some tags (e.g., region and
cluster) shared by more than 90% of the data. This redun-
dancy inflates metadata size and hampers query efficiency,
because these tags are repeatedly stored in each time partition,
implying that they will also be repeatedly accessed for queries
across time partitions.
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Figure 2: CloudTS-based timeseries system design.

3 Design

In this section, we introduce the overview of CloudTS design
first. Then, we describe the timeseries metadata and data orga-
nization, respectively. Finally, query processing for CloudTS
is introduced.

3.1 Design Overview
The overall design of the proposed timeseries storage model,
as depicted in Figure 2, serves as the backbone for seamless
operation within existing performance monitoring timeseries
systems. We propose a lightweight timeseries storage model
designed for cloud storage, which separately manages meta-
data and data objects. The tags managed in TagDict contain
metric names, tag labels and tag values from established sys-
tems such as Cortex and Prometheus, as detailed in Section
2.1. The core of this design is the TTMapping, a metadata ob-
ject serving as the index for timeseries data objects known as
TSObjects. The process of uploading timeseries data blocks
to remote storage and converting data from local formats into
TTMapping and TSObjects is facilitated by a dedicated Cloud-
Writer. Additionally, data retrieval from remote storage is
orchestrated by a CloudQuerier.

Figure 2 illustrates the three fundamental steps for a
CloudTS-integrated timeseries system to handle data inges-
tion and queries:

1. Data Transformation and Upload: Processing begins
once the data block is immutable. The CloudWriter takes
charge of updating TagDict and transforming the data
block into TTMapping and TSObjects, subsequently up-
loading them into the cloud storage.

2. Query Issuance: The CloudQuerier is employed to is-
sue object requests to the cloud storage, initiating the
retrieval process.

3. Data Retrieval: In response to the queries, the corre-
sponding data objects are retrieved from the cloud stor-
age, completing the lifecycle of data query within the
CloudTS-integrated timeseries system.



The explicit separation of metadata and data, coupled with
the use of cloud storage, makes CloudTS a compelling solu-
tion for scalable and effective timeseries data management.

3.2 Tag Management

Efficient metadata management is crucial in cloud-based time-
series systems, where tags form the basis for indexing, query-
ing, and organizing vast amounts of data. To address chal-
lenges posed by high tag redundancy and frequent metadata
access, TagDict leverages a Patricia Trie-like structure en-
hanced with encoding strategies and bidirectional lookup
mechanisms, providing both storage efficiency and rapid ac-
cess.

TagDict hierarchically organizes tag names and values,
collectively referred to as tag pairs, as illustrated in Figure 3.
Shared prefixes are stored only once, reducing redundancy and
conserving storage. For example, tag pairs such as cpu=core1
and cpu=coren share the prefix cpu, stored as a single node
in the trie, while the distinct values core1 and coren extend
as separate branches. This hierarchical design ensures effi-
cient use of memory, especially in scenarios with numerous
overlapping tag prefixes.

Each unique tag pair is assigned a globally unique encod-
ing stored at the leaf nodes of the trie. To enable efficient
access, TagDict introduces bidirectional lookup functionality,
supported by bidirectional pointers between encodings and
their corresponding tag pairs. This design allows for seamless
transitions between human-readable tag pairs and compact
encodings. For instance, consider a query for the tag pair
app=Test. TagDict is traversed to quickly resolve its encod-
ing, such as “2”. Conversely, if the encoding “2” is provided
(e.g., during a query execution step), the system directly re-
trieves the tag pair app=Test by following the reverse pointer.
This bidirectional mapping avoids repeated trie traversal, sig-
nificantly improving lookup performance.

To optimize performance further, TagDict is designed with
a time partition-aware mechanism. Within each time partition,
irrelevant tags — those not present in the given time partition
— are excluded. Only relevant tag pairs are maintained in
a time partition tag array, as shown in Figure 3. The order
of time partition tag array is decided by the frequency of
each tag pair in this time partition, as discussed in Section
3.3. When uploading a new immutable data block, it goes
through TagDict to check whether it exists or not for each tag
pair. If it already exists, a local encoding with time partition
number will be added to the corresponding leaf node and
the local tag array with bidirectional pointer. Otherwise, new
nodes will be created for the tag pair and the above operation
will be performed. By maintaining only relevant tag pairs in
each time partition, the system minimizes search space and
memory consumption while enhancing query efficiency.

An example illustrates the processing procedure of this
mechanism. Imagine a query seeking timeseries associ-
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Figure 3: Tag management in local memory and cloud objects.

ated with the tag pair cpu=core1. Using TagDict, the string
cpu=core1 is resolved to an encoding like “2” in time parti-
tion 1 (TP1) and “0” in TP2, which is then used to access data
structures such as the Tag-Timeseries Mapping (TTMapping).
Conversely, when presenting query results, where encoded
tags like “0” in TP1 and “3” in TP2 are part of the metadata,
the system retrieves the original tag pair app=Test using the
reverse lookup. This bidirectional capability ensures both hu-
man readability and computational efficiency throughout the
query lifecycle.

Through the combination of a compact Patricia Trie-like
structure, bidirectional lookup, and time partition-aware op-
timization, TagDict provides a robust and scalable approach
to tag management in cloud-based timeseries systems. This
design efficiently handles large-scale tags with high redun-
dancy, ensuring rapid lookup and low storage overhead while
supporting the demanding query requirements of modern
timeseries applications.

3.3 Timeseries Index Management
We consider both timeseries ID information and inverted in-
dex as essential metadata. Specifically, when dealing with
Cortex data in cloud storage, it becomes crucial to preserve
all relevant details of Series, Labels and Posting, as discussed
in Section 2.2. To maintain metadata for efficiency and sim-
plicity, we have designed a two-dimensional bitmap capa-
ble of directly representing timeseries-tag mappings, called
TTMapping. This structured approach enables a clear and
concise representation of timeseries metadata information. In
this bitmap, each row corresponds to a specific timeseries,
with individual bits indicating the presence of associated tags
by setting them as 1.

A new TTMapping is generated when a new block is up-
loaded and it is designed to work locally for each time period.
For the new data block, both tag and timeseries information
should be maintained so that the data can be indexed. Tags are
handled by TagDict and TTMapping can utilize the generated
local tag array for tag pair reference. For timeseries informa-
tion, we directly append new rows for each timeseries based
on the order in the index file of the block and make the row
number to be timeseries ID. Then we set corresponding bits of
the tag columns to migrate the information in Series and Post-
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Figure 4: (a) A TTMapping example illustrating TMMC effect. (b) An ideal timeseries group example based on CPU-related and
Memory-related tags. (c) A timeseries group example based on general tag pairs.

ing to TTMapping. In this way, TTMapping always maintains
all the information within corresponding data block.

TTMapping provides a bidirectional index, facilitating easy
retrieval of information based on both timeseries ID and tags.
Given a timeseries ID, the corresponding tag information can
be extracted using the row information. Conversely, when
provided with several tags, a search by column allows us to
identify the timeseries associated with them. For example, as
shown in Figure 4(a), there are three timeseries and eight tags
in the system. To determine the tags defining TS0, we inspect
the first row and find that Tag0 and Tag1 contribute to TS0
since the first two bits are set to 1. Similarly, a query seeking
data for timeseries defined with Tag7 can be directly answered
by searching the corresponding column and identifying TS2.
This design ensures efficient mapping and retrieval of infor-
mation, making TTMapping a robust solution for managing
timeseries and associated tags in cloud storage scenarios.

While the original bitmap is functional, it introduces un-
necessary space overhead. Viewing the bitmap as a matrix,
TTMapping can be characterized as a sparse matrix. For in-
stance, the Prometheus Node Exporter [16] employed in Sec-
tion 4 generates 691 timeseries with a total of 452 tags, av-
eraging three tags per timeseries. In such cases, only 0.7%
of the bits are set to 1. Given the importance of metadata for
querying timeseries data and the frequent access required for
TTMapping, optimizing its design is crucial to improve query
efficiency. To address this, we propose a two-fold optimiza-
tion approach. First, we aim to reduce the overall size of the
bitmap, thereby minimizing storage overhead and read ampli-
fication. Second, we leverage the distribution characteristics
of tags and timeseries to further enhance efficiency, tailoring
the design to the inherent patterns in their relationships.

3.3.1 Compression

Recognizing the sparse nature of TTMapping and its critical
role, it is important to ensure that the compression process
does not compromise the integrity of the maintained infor-
mation. To achieve this, we enhance the conventional com-
pressed sparse row (CSR) format by introducing a tailored
scheme called Timeseries Metadata Mapping Compression

(TMMC) for encoding TTMapping. Since TTMapping con-
sists exclusively of binary values (‘0’ and ‘1’), the standard
“value” array is excluded. TMMC maintains only the “index”
and “pointer” arrays, enabling efficient detection of ‘1’ bit po-
sitions within the compressed format while reducing storage
overhead. This compression is crucial for optimizing space
utilization without sacrificing the accuracy and accessibility
of the metadata during queries.

TMMC operates in two steps, each resulting in the genera-
tion of an array to record the information. In the initial step,
the algorithm traverses the matrix to identify the locations
where bits are settled. An array, denoted as ind, is employed
to record these settled bit locations within each row. This
approach enables efficient retrieval of the corresponding bit
using the offset and size of the matrix. After gathering all the
settled bit locations, the algorithm advances to analyze and
record statistical information regarding the number of settled
bits in each row. These statistics serve as offsets within the ind
array. The second array, referred to as ptr, is generated during
this step. The elements in the ptr array denote the cumulative
sum of settled bits in the preceding rows. Consequently, the
ptr array encapsulates vital information about the distribution
of settled bits across the rows of the matrix, facilitating the
compression and decompression processes.

Assume that there are M timeseries, N tags and a bitmap B,
we can represent the compression result as following:

ind = { j|Bi j = 1,0 ≤ i ≤ M,0 ≤ j ≤ N} (1)

ptrk =

{
0, if k = 0

∑
i=k
i=0 ∑

j=N
j=0 Bi j, if 1 ≤ k ≤ M

(2)

For instance, as shown in Figure 4(a), to find which tags
are used to define TS2, we first check ptr2 = 8 and ptr3 =
12 to get location range of tags. Then we get values from
ind9 to ind12 to get tags information. If given tag1 to find
corresponding timeseries, we can go through ind array to find
value “1” and record locations (ind1 and ind3) to compare
with elements in ptr to get timeseries ids (TS1 and TS2).

Space Overhead Analysis. Finally, we conduct a com-
prehensive analysis of the space overhead associated with
TTMapping. In the case of the pure bitmap representation,



tasked with maintaining information for M timeseries and N
tags, the space complexity is O(M×N). However, the intro-
duction of our compression mechanism results in a significant
reduction in space complexity, making it O(M +N). It is
particularly evident when scaling up the system to handle
substantial volumes of timeseries, as discussed in Section 2.3.
With the potential maintenance of metadata for well over 1
million timeseries, the impact of the compression mechanism
becomes increasingly pronounced. The compressed TTMap-
ping not only ensures the preservation of vital information but
also significantly mitigates the space overhead, allowing for
more efficient storage and retrieval of metadata in cloud envi-
ronments. This optimization in space complexity emphasizes
the scalability and resource efficiency of TTMapping, making
it a well-suited solution for cloud environments where effec-
tive space utilization is paramount. The compressed repre-
sentation proves to be especially advantageous when dealing
with large-scale datasets, showing the practical implications
and benefits of adopting TTMapping in diverse and resource-
intensive scenarios.

3.3.2 Timeseries Group

TTMapping plays a central role in connecting tags and time-
series, but its efficiency can be further improved by leveraging
the inherent relationships between tags and timeseries. In par-
ticular, we observe two key patterns: (1) some tag names are
mutually exclusive, meaning the presence of one implies the
absence of another; and (2) some tag names are generic and
appear across many timeseries with varying tag values. These
patterns enable us to optimize TTMapping by exploiting the
correlations between tags and timeseries.

An ideal scenario would allow all timeseries to be parti-
tioned into distinct groups based on specific tags. For example,
as illustrated in Figure 4(b), one group of timeseries may ex-
clusively record CPU metrics, while another focuses entirely
on memory metrics. Each group is associated with a mutually
exclusive set of tag pairs. This allows the original large matrix
representing TTMapping to be divided into smaller, diago-
nal submatrices. Such a design significantly reduces storage
size while enhancing query efficiency, as irrelevant timeseries
groups can be directly filtered out during query execution.

However, in practice, performance monitoring data from
diverse sources rarely aligns neatly into such well-defined
partitions. To address this, we analyzed the frequency distri-
bution of tag pairs within timeseries information. Based on
this analysis, we categorized tag pairs into groups according
to their occurrence frequencies, as illustrated in Figure 4(c).
Tags on the left have the lowest frequency, providing high
selectivity during queries, while those in the middle appear
more commonly, offering moderate selectivity. Tags on the
right are shared across the majority of timeseries and cannot
effectively filter timeseries during queries.

For these frequently shared tag pairs, timeseries cannot be

cleanly divided into independent groups due to the presence
of differing tag pairs. However, we introduced a finer-grained
grouping approach based on tag pairs with the same tag name
that covers all timeseries. These tag pairs, while not useful
for filtering during queries, enable an alternative optimization:
grouping timeseries based on shared tag names. By organiz-
ing timeseries into such groups, queries can access multiple
groups in parallel, increasing query throughput and improving
overall efficiency.

This optimization not only reduces the size of TTMapping
by dividing the structure into smaller, more manageable com-
ponents but also enhances query performance by enabling
selective filtering and parallel access. Different from other
grouping methods, this method is not designed for specific
TS storage files, but for timeseries management with data
generation patterns. These improvements make TTMapping
a more robust and efficient metadata structure for large-scale
timeseries management in cloud environments.

3.4 Data Organization and Transformation
In this section, we introduce how to organize timeseries data
and convert local timeseries data to CloudTS format. The
CloudWriter is responsible for converting and uploading data
to remote storage.

3.4.1 TSObject
The TSObject is a fundamental building block in CloudTS,
designed to optimize the storage and retrieval of timeseries
data in a cloud environment. It organizes and manages the
data for a group of timeseries within a specific time partition,
offering an efficient and scalable solution for timeseries stor-
age, which can address critical challenges such as balancing
file size, storage efficiency, and query performance.

Each TSObject employs a chunk-based storage strategy,
where compressed data chunks are arranged based on their
timeseries ID and chronological order. By keeping related
timeseries data contiguous, the system minimizes query la-
tency and eliminates unnecessary scanning of irrelevant data.
Unlike Apache Parquet’s rowgroup mechanism, which simply
divides data into chunks, our TSObject not only orders com-
pressed data chunks chronologically but also groups related
timeseries based on tag similarity. This grouping reduces read
amplification in cloud storage.

TSObject balances file size and access efficiency. Small
files increase metadata lookup overhead, while large files
cause read amplification. TSObjects address this trade-off
by grouping timeseries into appropriately sized units. This
ensures file sizes are neither too small to introduce inefficien-
cies nor too large to hinder fast access. The grouping strategy
reduces storage costs while maintaining the efficient retrieval
necessary for large-scale cloud-based timeseries systems.

The design of TSObjects significantly enhances query per-
formance by optimizing data organization for efficient fil-
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Figure 5: (a) CloudTS data block transformation. (b) Data
flow of CloudTS.

tering and retrieval. When processing a query, it can target
specific TSObjects, accessing only the relevant chunks of data
without scanning unrelated timeseries. This targeted approach
minimizes read amplification and improves query speed.

3.4.2 CloudWriter

The important role between local data and CloudTS format is
the CloudWriter, a specialized entity designed to convert and
upload data to cloud storage seamlessly. To ensure minimal
impact on the normal performance monitoring service, the
CloudWriter is designed as a daemon process, which remains
inactive during most intervals, only springing into action when
a data block is ready to be persisted within the system.

The daemonized nature of the CloudWriter is a deliberate
choice to safeguard the continuous functionality of the nor-
mal performance monitoring service. Its dormancy during
inactive periods preserves system resources, allowing the pri-
mary function of performance monitoring to operate without
disruption. Activation only occurs when necessary, precisely
when a data block is ready for persistence.

Upon activation, the CloudWriter orchestrates an efficient
workflow for uploading timeseries data to cloud storage, as
illustrated in Figure 5(a). The process starts by acquiring the
index file and fetching the most recent tags, followed by up-
dating TTMapping accordingly. Tag-Timeseries relationship
analysis is executed during the procedure to decide the tag
and timeseries group utilized in TTMapping. This step en-
sures that the metadata is up-to-date before organizing and
uploading data. Subsequently, the CloudWriter fetches data
chunks one by one, adhering to their chronological order.
CloudWriter dynamically organizes TSObjects for each time-
series group. As it fetches data chunks in chronological order,
each TSObject encapsulates a distinct timeseries group with
ordered data chunks. The key, generated based on timeseries
group, serves as the unique identifier for each TSObject.

Throughout the entire procedure, the primary function of
the performance monitoring system remains uninterrupted.
The data conversion and upload procedure ensures that the
local system can effortlessly manage queries for the latest

data without any disruption. This elegant integration of data
management allows for a harmonious coexistence of the per-
formance monitoring system and the CloudTS upload process.

Once all data chunks from one block are successfully up-
loaded to cloud storage, the responsibility of handling queries
transitions to the CloudQuerier. This separation of duties
ensures a smooth handover, allowing the CloudQuerier to
efficiently respond to queries related to the uploaded data.

3.5 Query Processing
As we modify the data maintenance format, the original
query procedure does not work. In traditional perfor-
mance monitoring systems, queries for timeseries data
typically involve specified tags and time range infor-
mation. For example, a typical Cortex query, “GET
/api/v1/query_range?query=cpu_usage&start=2015-07-01
T20:10:30.781Z&end=2015-07-01T20:11:00.781Z,” seeks
timeseries data with “cpu” tags within a given time range.

Existing systems conventionally fetch the entire data
block(s) covering the designated time range. Once the data
block(s) are obtained, they load the index files to identify a
group of involved timeseries defined by the given tags in each
data block. Subsequently, unnecessary data is filtered out in
data chunks, and only eligible data is returned. However, this
approach, with one thread per query request accessing data
chunks sequentially, introduces substantial read amplification
and underutilizes network bandwidth.

To overcome these challenges, we introduce a novel query
strategy for CloudTS and employ a specialized query worker,
the CloudQuerier. The strategy unfolds in three distinct steps:

1. TagDict Lookup: CloudQuerier initiates the query by
checking if the local tag arrays of the time partitions
covering the specified time range are cached in local
memory. If not, it retrieves the corresponding arrays and
TTMappings of the time partitions from cloud storage.

2. Tag-Based Timeseries Identification: Once the tag arrays
and TTMappings are acquired, CloudQuerier performs
an efficient search within TagDict and TTMapping to
identify the corresponding timeseries IDs based on the
provided tags. This step minimizes the need for fetching
unnecessary data, focusing on the specific timeseries
relevant to the query.

3. TSObject Retrieval: Armed with the identified timeseries
groups and IDs, CloudQuerier issues get operations in
parallel, specifically targeting the required timeseries
and the given time range.

With the query strategy, CloudTS avoids frequent remote
storage access. By maintaining a local shortcut of TTMap-
ping as a metadata cache, CloudQuerier efficiently operates
without the need for repetitive network-intensive tasks.



4 Evaluation
In this section, we first introduce how we setup the evalua-
tion environment. Then, we introduce evaluation for different
cloud storage formats with TSBS workloads.

4.1 Environment Setup
Our experiments are conducted under the Amazon cloud
environment with an Amazon EC2 Ubuntu 22.04 server
(2.5GHz Intel Xeon Platinum 8259CL CPU,64 GB RAM
and a 100Gbps network connection) and Amazon S3 storage.
We install Cortex 1.16.0 on the server. We implement a fully-
functional prototype of CloudTS in Go language and integrate
it into Cortex [12]. In Cortex, all data are stored in Amazon
S3, so different cloud timeseries formats (i.e. CloudTS, the
Original Cortex) can be configured and evaluated accordingly.

We choose 10 Debian servers with Linux kernel 3.2.0.5
as the performance monitoring targets. On these targets, we
run Prometheus Node Exporter [16], which is a program that
can collect and export the metrics (CPU, memory, network,
etc.) of the host periodically to a web page, so we can collect
timeseries data from those targets.

To evaluate the practicality and performance of CloudTS,
we have conducted a series of production environment and
synthetic workload evaluations. For the production environ-
ment evaluation, we aim to evaluate the query performance
of CloudTS with real-world performance monitoring work-
loads. For synthetic workload evaluation, we compare the
performance of CloudTS, Parquet- and JSON Time Series-
integrated Cortex and the original Configuration of Cortex
(baseline). For Parquet and JTS-integrated Cortex, we modify
the cloud storage engine to transform the original data block
of Cortex into the corresponding format. For Parquet, the data
of timeseries sharing the same metric_name is maintained in
the same file with different timeseries as columns. For JTS,
each specific timeseries is maintained in one single file with
the timeseries metadata in the file header, for which the query
always needs to load the whole file to check whether it is the
targeted timeseries. We select Parquet, JTS, and Cortex as
baseline systems representing key paradigms in cloud-based
time-series storage. Parquet typifies columnar storage widely
adopted in cloud platforms; JTS embodies row-oriented JSON
storage tailored for time-series workloads; and native Cortex
serves as the production benchmark. Together, these systems
span the principal architectural approaches to cloud-based
time-series storage, enabling a fair and comprehensive evalu-
ation of CloudTS’s performance.

4.2 Production Environment Evaluation
4.2.1 Performance Monitoring Targets
To evaluate end-to-end query latency performance, Cortex is
deployed on the EC2 server to collect performance monitoring
data of the 10 Debian servers, where we have a total of 100
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Figure 6: CloudTS performance evaluation under production
environment: (a) Query latency comparison for CloudTS and
Baseline. (b) Network throughput for uploading and querying
in CloudTS.

targets (on each Debian server, 10 Prometheus Node Exporter
programs are operated). The system is initialized without data
and then data are collected from the targets and inserted into
the system every 5 seconds. Queries will be processed after
the system runs over 48 hours. We evaluate real-time end-
to-end query latency performance through the HTTP query
interface [6] that is commonly used in real-world applications.

4.2.2 Performance Comparison
In this experiment, we execute queries with typical timeseries
analysis workloads [9,15,38,48,50], which are sensitive to the
query latency. For instance, anomaly detection is important to
guarantee the system availability and should be accomplished
to satisfy both effectiveness and real-time requirement, which
means that the system should access corresponding timeseries
in real time and get the data points as soon as possible. We
represent this workload by queries that queries that request the
latest 10-minute data and 5-minute data before one hour for
one specified metric (“cpu_avg” or “memory_usage_avg”).
We capture a four-hour time range after the system warms up.

End-to-End Query Latency. In Figure 6, each polyline
represents the query latency or throughput at every minute.
Time statistic starts when the system has collected data for
48 hours. Compared with the baseline, CloudTS has lower
query latency as illustrated in Figure 6(a). Specifically, it can
achieve 1.43× speedups compared with the baseline. With the
help of the new timeseries data format and tag management
optimization, the data access latency is significantly reduced.

Data Transferring Throughput. During recording the
query latency every minute, we also focus on the throughput
of the whole system to upload and query data. As shown in
Figure 6(b), the query throughput varies around 130 MB/s and
has an amplitude of around 200 MB/s, which is because the
query only accesses a small amount of data. The pattern of up-



load throughput is shown clearly. Every two hours, when one
data block is persisted, CloudWriter is activated to converse
and upload the data to cloud storage.

Query Latency During Data Uploading. As an extra
component, CloudWriter should guarantee that it will not
break the normal service provided by performance monitoring
timeseries systems when uploading data to cloud storage.
Figure 6 can show the query latency during data uploading.
The result shows that the daemon thread CloudWriter will not
affect the concurrent query performance.

4.3 Synthetic Workload Evaluation
4.3.1 Dataset and Queries

To collect data, we run 50 node exporters on each of the
10 monitoring servers and totally we have 500K timeseries.
We scrape the targets every 5 seconds for 24 hours to make
sure that the data time span in the dataset is large enough
and we can randomly select a period for queries. To fairly
and comprehensively compare the performance of different
configurations, we adopt eight TSBS query patterns shown in
Table 3 to generate queries.

4.3.2 Comparison with Existing File Formats

In the set of experiments, we examine the query performance
of CloudTS and compare it with Cortex, Apache Parquet, and
JSON Time Series.

Table 3: TSBS query patterns.
TSBS
Query

Description

1-8-1 Query interval data on 1 timeseries from 8 tar-
gets, every 5 minutes window for 1 hour.

5-1-1 Query interval data on 5 timeseries from 1 target,
every 5 minutes window for 1 hour.

5-1-12 Query interval data on 5 timeseries from 1 target,
every 5 minutes window for 12 hours.

5-8-1 Query interval data on 5 timeseries from 8 tar-
gets, every 5 minutes window for 1 hour.

high-all All the readings where one metric is above a
threshold across all hosts.

high-1 All the readings where one metric is above a
threshold for a particular host.

cpu-all-1 Aggregate across all CPU metrics per hour over
1 hour for 1 host.

cpu-all-8 Aggregate across all CPU metrics per hour over
1 hour for 8 hosts.

Query Latency. To measure query latency, we insert all
the data into Cortex first and utilize the CloudWriter to upload
data to AWS S3. Then, the corresponding queries are sent to
retrieve the data. For every TSBS query pattern listed in Table
3, we run this step to avoid possible influence. Table 4 shows

the average query latency. We divide 8 query patterns into
4 groups according to their characteristic. Group A (“1-8-1”
and “5-8-1”) focuses on the query from multiple targets, while
group B (“5-1-1” and “5-1-12”) shows the impact of query
duration. Both groups C (“high-1” and “high-all”) and D
(“cpu-all-1” and “cpu-all-8”) query large amounts of data; the
difference is that the latter one generates aggregation result.

As shown in Table 4, it can be observed that CloudTS
achieves lower query latency compared to the original Cortex
mechanism. This is because CloudTS issues least cloud data
access requests. For Parquet, it manages timeseries metadata
and data mixed in columnar format, which exhibits read am-
plification. It requires more time to retrieve metadata and
introduce extra overhead. For JTS, the mixed metadata and
data in each single data object make the locate for targeted
timeseries difficult and the employed extra metadata increases
the round trip number. The performance gap is even more sig-
nificant when the corresponding data size and metadata size
are larger, as shown for the last four query patterns. Because
the data size is small in group A or B and CloudTS can handle
the semantics of both metadata and data, the performance of
CloudTS is much better than other strategies. On average,
CloudTS has 36% improvements over the baseline original
Cortex mechanism.

First Data Arriving Time. For performance monitoring
systems, the time utilized to get the first data record is impor-
tant, because it decides whether the corresponding analysis
workload using the data can start. To evaluate the first data
arriving time, we conduct experiments for query pattern “high-
all” as mentioned above and record the time when the first
piece of result is returned.

As shown in Figure 7(a), we compare the first data arriving
time for baseline, Parquet, JTS, CloudTS with single request
and CloudTS with 8 requests. Among all of them, JTS has
the worst performance, because it needs to search the time-
series metadata for many objects to get the data of targeted
timeseries. The average value of the first data arriving time
of baseline is close to the query latency, because the baseline
method needs to load the corresponding data blocks back first
and then filter out unneeded data. Parquet needs to load the
corresponding block timeseries metadata first and then locate
the timeseries data column. However, CloudTS can directly
access TSObjects on cloud storage with at most one extra
roundtrip for TTMapping, so the first data arriving time is
significantly shorter.

Accessed Data Volume. We evaluate the average volume
of data accessed during query execution. As shown in Table 5,
CloudTS consistently demonstrates superior efficiency across
all query patterns, accessing significantly less data compared
to alternative approaches. In various scenarios, CloudTS re-
duces data volume by 36–61%. This performance edge is
most evident in complex queries—such as “high-all” and
“cpu-all-8”—where CloudTS accesses nearly 50% less data
than Cortex. This performance gain is driven by CloudTS’s



Table 4: Query durations with different queries.
Query Patterns

1-8-1 5-8-1 5-1-1 5-1-12 high-1 high-all cpu-all-1 cpu-all-8
Baseline 0.1452s 0.1492s 0.1429s 0.1551s 0.1949s 0.2351s 0.2159s 0.2549s
Parquet 0.1393s 0.1414s 0.1380s 0.1505s 0.1836s 0.2407s 0.2296s 0.2630s

JTS 0.1782s 0.1628s 0.1651s 0.1781s 0.2437s 0.3215s 0.2923s 0.3039s
CloudTS 0.1258s 0.1282s 0.1244s 0.1303s 0.1501s 0.1884s 0.1870s 0.2331s
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Figure 7: (a) First data arriving time comparison for query pattern “high-all”. (b) Average query latency with different number of
threads. (c) Network throughput during query for query pattern “high-all”; dash lines represent the average throughput.

optimized storage architecture, which includes TagDict’s com-
pressed metadata representation and TTMapping’s precise
data selection capability—working together to eliminate un-
necessary reads while maintaining high query performance.

Table 5: Comparison of data volume accessed (MB) across
different queries.

Query Patterns
5-8-1 5-1-1 high-all cpu-all-8

Baseline 154.05 152.76 626.29 695.65
Parquet 107.35 106.90 476.51 494.83

JTS 194.87 197.55 785.06 804.67
CloudTS 65.02 64.80 305.73 352.49

4.3.3 CloudTS Configuration Analysis

In this section, we show the scalability of CloudTS and the
effectiveness when computation push-down functions are
employed by CloudTS.

Query Latency and Threads Number. An important fac-
tor impacting query latency is the number of threads used
to serve each query (the number of AWS S3 Select requests
issued concurrently). To evaluate the effectiveness, we con-
ducted experiments with varying maximum thread number
thresholds with query patterns “5-1-1” and “high-all”.

As shown in Figures 7(a) and 7(b), the results highlight
the significant improvement in query performance when mul-
tiple requests are issued concurrently. The improvement of
query pattern “high-all” is better than “5-1-1”, which can be
attributed to the fact that “high-all” involves accessing a larger
number of TSObjects, and parallelism intuitively contributes
to improved performance in such scenarios. Increasing the

number of concurrent requests provides a finer division of the
query workload. This allows the sub-queries to be processed
in parallel, effectively reducing tail latency and enhancing the
overall responsiveness of the system.

Network Utilization. Cloud-based environments provide
sufficient network bandwidth which can be utilized by perfor-
mance monitoring timeseries systems to transfer data between
the cloud storage and the database servers. With higher utiliza-
tion, it is more impossible for the network to be the bottleneck,
because it can transfer messages/data in shorter time. To eval-
uate the network utilization rate, we conduct experiments for
query patterns “high-all” to analyze the query performance
and network utilization. We record the network throughput
during the query procedure and calculate the average value
finally. As shown in Figure 7(c), the average network through-
put of CloudTS with 8 threads is 230.735MB/s, while the
value of baseline is just 102.472MB/s. The result shows that
CloudTS can make more use of network bandwidth to avoid
it becoming the bottleneck of query performance.

4.3.4 Overall Overhead

CPU Utilization. To illustrate the CPU utilization of differ-
ent systems, we record CPU Utilization when it is processing
queries and calculate average values. As shown in Table 6,
the CPU utilization for Baseline is 60.4%, which is higher
than CloudTS. Compared with CloudTS, baseline system
has more complicated operations, such as getting the whole
data blocks back and searching inside the data blocks locally,
which require more CPU resources.

Memory Overhead. To compare the memory usage, we
measure the memory footprints of baseline, Parquet, JTS and



Table 6: Overhead analysis.
Compared
Systems

CPU
Utilization

Memory
Usage
“high-all”

Memory
Usage
“cpu-all-8”

Cortex 60.4% 5.21 GB 4.92 GB
Parquet 53.8% 4.73 GB 4.49 GB
JTS 78.3% 5.92 GB 5.82 GB
CloudTS 45.7% 3.35 GB 3.26 GB

CloudTS when conducting experiments for query patterns
“high-all” and “cpu-all-8”. We record the memory footprint
for each query that accesses a new block and then utilize the
average value as the memory usage. Table 6 shows the results.
It can be observed that the overall memory usage of CloudTS
is smaller than that of Cortex, because CloudTS only accesses
necessary data and can reduce read amplification.

4.3.5 State-of-the-Art System Comparison

To further evaluate the effectiveness of CloudTS, we bench-
mark it against InfluxDB 3.x (InfluxDB), a state-of-the-art
cloud-native time series database. InfluxDB utilizes Parquet-
based storage alongside aggressive caching mechanisms,
which offer strong performance for querying recent data. How-
ever, its efficiency diminishes in large-scale historical work-
loads due to substantial read amplification, as the system must
scan and load extensive volumes of Parquet files to retrieve
relevant information.

Figure 8(a) illustrates the average query latency for eight
distinct query patterns, spanning from low-cardinality filters
(e.g., “1-8-1”, “5-8-1”) to high-cardinality and all-series scans
(e.g., “high-all”, “cpu-all-8”). CloudTS consistently delivers
lower or comparable latency across all query patterns. In
complex workloads such as “high-all” and “cpu-all-8”, it re-
duces latency by 15.5% and 6.8%, respectively, compared
to InfluxDB. This advantage is attributed to CloudTS’s hi-
erarchical metadata layout and partition-aware filtering. For
lightweight queries like “5-1-1” and “5-8-1”, both systems
benefit from metadata caching, resulting in comparable perfor-
mance. These findings affirm that CloudTS not only matches
InfluxDB in simpler scenarios, but also offers significant im-
provements in challenging workloads featuring wide label
diversity or extensive metadata filtering.

4.3.6 Metadata Memory Usage Under Long-Term Re-
tention

To evaluate CloudTS metadata memory usage—specifically
for TagDict, TTMapping, and Tag Arrays—under long-term
retention conditions, we expand our synthetic dataset to simu-
late a workload spanning 200 partitions (200×2=400 hours)
and 1.36 million unique timeseries. Figure 8(b)(1) presents
aggregate metadata memory consumption across four pro-
gressively complex query patterns: “5-1-1”, “5-8-1”, “high-

all”, and “cpu-all-8”. Thanks to global deduplication, TagDict
shows consistent memory usage across all patterns. In con-
trast, TTMapping and Tag Arrays demonstrate notable growth
as label complexity and partition count increase. However,
as shown in Figure 8(b)(2), the average memory consump-
tion per partition for TTMapping and Tag Arrays—reflecting
actual usage during partition-based processing—is approx-
imately 21 MB across all query patterns. This indicates
that metadata-related memory overhead is consistently well-
managed. These findings highlight CloudTS’s scalability in
supporting high cardinality, deep temporal partitioning, and
intricate label-driven queries—achieving this by localizing
metadata expansion to partition-specific structures while pre-
serving compact global components.

4.3.7 Scalability Assessment under Heavy Label Churn

High-frequency label churn—where short-lived timeseries are
rapidly created and retired—is a common challenge in cloud-
native monitoring environments. To assess CloudTS under
such demanding conditions, we build a synthetic dataset sim-
ulating a high-churn workload across 200 partitions over 400
hours, maintaining 125,000 long-lived timeseries while inject-
ing up to 3 million short-lived timeseries per partition, each
lasting under 15 minutes. This setup yields a total of 273.8
million short-lived timeseries, averaging 1.37 million per par-
tition. In response to the intense memory pressure, CloudTS
employs a finer-grained partitioning strategy with 15-minute
intervals and performs frequent data flushing—optimizations
designed to maintain stable performance and reduce memory
consumption.

To evaluate system behavior under high-frequency la-
bel churn, we perform experiments using two query
patterns—“high-all” and “cpu-all-8”—both featuring high
cardinality and full-series scans. CloudTS performance is
evaluated using two principal metrics—query duration and
metadata memory usage—that effectively characterize sys-
tem behavior under stress conditions. For comparison, we
also include results from CloudTS operating on the original
dataset (500K timeseries), configured with a 2-hour parti-
tioning scheme—comprising 12 partitions over a 24-hour
span—which is referred to as “Baseline” in Figure 8(c).

Figure 8(c)(1) illustrates a marked increase in query latency
under high label churn, attributed to more frequent reads of
time-partitioned data and metadata. This overhead is expected,
given the average need to scan 1.37 million short-lived and
125K long-lived time series—compared to just 500K within
a two-hour window in the baseline scenario. Figure 8(c)(2)
shows elevated memory usage for TTMappings and Tag Ar-
rays, driven by denser metadata per partition and finer-grained
partitioning. Meanwhile, TagDict memory remains stable,
since the original vocabulary is retained despite the churn.
Figure 8(c)(3) confirms that per-partition memory consump-
tion remains within acceptable bounds (below 30MB), un-



1-8-1
5-8-1

5-1-1
5-1-12

high-1
high-all

cpu-all-1
cpu-all-8

 

0.00

0.05

0.10

0.15

0.20

0.25

D
ur

at
io

n 
(s

)

InfluxDB 3.x
CloudTS

(a) CloudTS vs. InfluxDB: query duration.

5-1-1
5-8-1

high-all

cpu-all-8

(1) Aggregate

0

1

2

3

M
em

or
y 

Si
ze

 (G
B)

TagDict
TTMapping
Tag Array

5-1-1
5-8-1

high-all

cpu-all-8

(2) Per-partition

0

5

10

15

20

25

30

M
em

or
y 

Si
ze

 (M
B)

TTMapping
Tag Array

(b) Metadata memory during long-term retention.

high-all

cpu-all-1

(1) Query Duration

0.00

0.25

0.50

0.75

1.00

1.25

La
te

nc
y 

(s
)

Baseline
High Label Churn

Baseline 
TTM 

high-all

cpu-all-8

(2) Aggregate

0.0

0.5

1.0

1.5

2.0

2.5

M
em

or
y 

Si
ze

 (G
B)

TagDict

high-all

cpu-all-8

(3) Per-partition

0

10

20

30

M
em

or
y 

Si
ze

 (M
B)

High Label Churn
Tag Array TTMapping 

(c) CloudTS performance under heavy label churn.

Figure 8: (a) Query duration comparison between CloudTS and InfluxDB 3.x. (b) Metadata memory during long-term retention.
(c) Evaluation of CloudTS performance under heavy label churn, compared to its operation on the original dataset (referred
to as “Baseline”): (1) query duration; (2) aggregate metadata memory consumption; and (3) per-partition metadata memory
consumption.

derscoring CloudTS’s ability to localize churn effects within
partition-level structures while preserving compact global
metadata and scalable query performance.

5 Related Work
OpenTSDB. OpenTSDB [34] is a distributed timeseries

database based on HBase [18]. It stores all the metadata and
data in HBase table, and the query performance is decided by
backend HBase. CloudTS separately manages metadata and
data and significantly reduces metadata access amplification.

ModelarDB. ModelarDB [22, 23] proposes a category
of model-based compressions methods for timeseries and
groups timeseries data for storage. Different from ModelarDB,
CloudTS globally manages timeseries metadata and aims to
distinguish timeseries by frequency to speed up query proce-
dure with timeseries groups.

TVStore TVStore [4] introduces an adaptive timeseries
ID management strategy using Time-Varying Compression
(TVC), dynamically compressing older data based on its age
while preserving consistent IDs. This approach balances stor-
age efficiency with query accuracy, avoiding abrupt data loss.
Unlike TVStore, which focuses on compression-based storage
optimization, our method targets to reduce metadata redun-
dancy and enhance query performance.

InfluxDB. InfluxDB 2 [1] leverages Time-Structured
Merge (TSM) Tree [20] to maintain all data. Similar to Cor-
tex, each TSM file will store all the data in a period of time.
CloudTS can also cooperate with InfluxDB 2 to improve
timeseries metadata query performance. InfluxDB 3.x [2] pri-
oritizes low-latency access to recent data via ingesters and
caches. However, large-scale historical queries may require
scanning many Parquet files and loading column chunks, re-
sulting in longer query paths. In contrast, CloudTS optimizes
large-scale cold-data queries by reading only relevant ob-
ject chunks using compacted metadata, significantly reducing
read amplification. Although initial access may incur latency,

CloudTS maintains a local cache of recently ingested and
accessed data chunks to support low-latency access to hot
data at fine granularity.

ByteSeries. ByteSeries [45] is an in-memory timeseries
database that efficiently compresses both timeseries metadata
and data points. It proposes to utilize a trie-based structure
for compressed inverted index in querying. Different from
ByteSeries, the trie-based structure of CloudTS is designed to
handle unified tag pairs index globally and can be utilized for
all timeseries directly to avoid unnecessary metadata access.

TimescaleDB. TimescaleDB [42] is a timeseries SQL
database providing fast analytics and scalability, with auto-
mated data management on a proven storage engine. Different
from relational database, CloudTS separately manages time-
series metadata.

6 Conclusion
In this paper, we introduce CloudTS, a novel timeseries data
management scheme designed specifically for cloud storage
environments. CloudTS separately manages timeseries meta-
data and data and minimizes metadata redundancy, leverag-
ing the inherent characteristics of object-based cloud storage.
CloudTS demonstrates its ability to substantially reduce query
latency by efficiently decreasing the volume of data transmis-
sion during query processing. A prototype of CloudTS is
integrated with Cortex, exhibiting significant query speedup
and minimum network bandwidth waste.
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