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Abstract—Stream processing prevails and SQL query on
streams has become one of the most popular application sce-
narios. For example, in 2021, the global number of active IoT
endpoints reaches 12.3 billion. Unfortunately, the increasing
scale of data and strict user requests place much pressure on
existing stream processing systems, requiring high processing
throughput with low latency. To further improve the performance
of current stream processing systems, we propose a compression-
based stream processing engine, called CompressStreamDB,
which enables adaptive fine-grained stream processing directly on
compressed streams, without decompression. Particularly, Com-
pressStreamDB involves eight compression methods targeting
various data types in streams, and it also provides a cost model for
dynamically selecting the appropriate compression methods. By
exploring data redundancy among streams, CompressStreamDB
not only saves space in data transmission between client and
server, but also achieves high throughput with low latency in
SQL query on stream processing. Our experimental results show
that compared to the state-of-the-art stream processing system
on uncompressed streams, CompressStreamDB achieves 3.24x
throughput improvement and 66.0% lower latency on average.
Besides, CompressStreamDB saves 66.8% space.

I. INTRODUCTION

Stream processing technology is becoming increasingly
prevalent in the current big data era [1, 2, 3, 4]. In 2021,
the global number of connected IoT devices grows 9% and
there are 12.3 billion active endpoints [5]. Stream processing
can perform analysis and queries on a large number of
continuously arriving tuples of data streams, such as sensor
data [6] and financial transactions [7], with low latency and
real-time requirements as main characteristics. However, as the
scale of data streams continues to increase, stream processing
systems are facing the pressure of increasing data volumes [8].
On the one hand, a large amount of stream data bring great
pressure to the transmission bandwidth. If an apparent delay
exists in network transmission, the real-time performance of
stream processing cannot be guaranteed. On the other hand,
stream processing systems often temporarily store data in
memory, which also puts huge pressure on the memory usage
of the server if the data arrival rate is high. Therefore, it
is both necessary and essential to explore new methods to
reduce the memory and bandwidth pressures faced by stream
processing systems. Data compression [9, 10, 11, 12, 13], as a
common method to reduce data size, can be applied to stream
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Fig. 1. Use case of linear road system.

processing situations to improve the performance of stream
systems and save time and space overhead.

The use of compression in stream processing is of great
importance, which can help improve the performance of
stream systems. It can bring three major benefits. First, in
stream processing, a large amount of continuously input data
with similar characteristics are being processed, such as times-
tamps [14, 15], transaction amounts [7], and sensor values [6].
Specifically, 30% data can be duplicated [16]. Due to the sim-
ilarity of input streams, data redundancy can be effectively re-
duced through data compression, thereby reducing the volume
of the stream data. Second, in stream processing scenarios,
a large part of the overhead is caused by memory access
and network transmission [17, 18] between nodes, instead
of computation. Our experiments show that with 500Mbps
network, the transmission time can occupy more than 70%.
Therefore, the reduction of data size by compression can
obviously improve the performance of stream systems. Third,
direct computing on compressed data has been proved to be
very useful in data science applications [19, 20, 21, 22, 23, 24],
which sheds light on applying compression in stream systems.
Overall, compression can bring performance gains.

We show a use case of linear road system [25] in Figure 1,
which uses the information from the sensors on vehicles to
generate data stream of traffic conditions and can determine
road tolls. At peak hours, millions of registered cars utilize
the expressways, and each is equipped with a sensor that
reports its position and speed every 30 seconds. Accord-
ingly, the volume of data is vast. With real-time changes,
the system must compute with minimal latency in order to
make toll decisions. Because traditional approaches cannot
meet the rigid requirement, compressed stream processing is
then urgently needed. Moreover, the stream data contain a



variety of attributes, and are changing dynamically. Because no
compression algorithm is suitable for all situations, we need to
consider comprehensive compression algorithms with different
characteristics.

There is a large literature on stream processing systems,
but few studies have focused on the comprehensive compres-
sion methods in stream processing, especially for SQL-based
compressed stream processing. Supporting SQL in stream pro-
cessing helps users process data in a user-friendly manner, and
direct SQL processing on compressed data helps to further im-
prove the system performance [26]. Among the existing stream
engines, TerseCades [27] ensures the benefits of compressed
stream processing through optimizations in terms of hardware
architectures, but it uses only an simple integer compression
method and a floating-point compression method, without
comprehensive performance model for guidance. Scabbard [3]
targets fault-tolerance in stream processing engine. It aims at
single-node stream processing and complications like network-
ing are not its focus. TRACE [28] is a stream framework
that allows compression on traffic monitoring data, but it
considers only the special speed-based representation of data.
Different from these works, we study the fine-grained adaptive
compressed stream direct processing with comprehensive cost
model supporting diverse compression methods.

However, designing compressed stream direct processing
systems faces three major challenges. First, stream processing
systems requires low latency. Unfortunately, compression al-
gorithms often take time to encode, causing severe delays. For
example, in our experiments in Section II-B, when using Gzip
as a compression tool, compression can occupy 90.5% of the
total stream processing time, which is an intolerable overhead.
Second, in stream processing scenarios, the processing queries
and input data can change at any time according to different
user requirements. Moreover, part of compression algorithms
can achieve higher compression ratios, while other compres-
sion algorithms have less time overhead for compression and
decompression. For different input workloads, the compression
needs to be adaptive to achieve better performance. We need
to weigh the pros and cons of choosing the compression
algorithm. Third, the compressed data can require a decom-
pression process before the SQL query execution. In our
experiments, the time overhead of decompression compared to
query execution ranges from 2.09x to 31.37x. Decompression
can bring additional time and space overhead, which can bring
down the performance.

We develop a compression-based stream processing engine,
called CompressStreamDB, which can address the above
three challenges through the special designs of the system.
First, to ensure low latency and real-time requirements in
stream processing, the compression algorithms need to be
lightweight and fast. In CompressStreamDB, eight lightweight
compression algorithms are adopted in the stream system,
which can achieve significant performance improvements on
diverse input streams. Second, for input streams with different
characteristics, we design a fine-grained adaptive compression
algorithm selector, which can dynamically choose the com-

pression algorithm that can bring the greatest performance
improvement. In detail, as the workload changes, the selector
makes decisions based on the characteristics of the input
data (including the value range, the degree of repetition,
etc.) and given parameters, with the help of our system
cost model. The model can estimate the time consumed by
each compression algorithm, thus selecting the compression
algorithm that can achieve the optimal performance. Third,
to handle the decompression overhead, we propose a solution
that can directly query the compressed data if the data are
aligned in memory. In detail, if the data are still structured after
compression, query operation can be applied to the compressed
data with minimal modification. Moreover, we regard efficient
lightweight decompression-required methods as a special case,
which can also be integrated into CompressStreamDB.

We conduct experiments in a cloud environment, and use
three real-world datasets with different properties. The plat-
form is equipped with an Intel Xeon Platinum 8269CY 2.5
GHz CPU. Experiments show that compared to the state-
of-the-art stream processing method, CompressStreamDB can
achieve the highest system efficiency, with 3.24 x throughput
improvement and 66.0% lower latency on average. Besides,
CompressStreamDB can generate 66.8% space savings.

Overall, we make the following three major contributions.

« We develop a compressed stream processing engine, which
includes diverse lightweight compression methods, suitable
for different scenarios.

« We propose a system cost model to guide the compressed
stream processing, and design an adaptive compression
algorithm selector based on the cost model.

o We design a processing method of directly performing
SQL queries on compressed streams, which can avoid the
overhead caused by decompression.

II. BACKGROUND
A. Stream Processing and Streaming SQL

Stream processing. Stream processing is a terminology
in data science that focuses on the real-time processing of
continuous streams of data, events, and messages. In detail,
stream processing generically refers to the study of a number
of disparate systems, including dataflow systems, reactive sys-
tems, and certain classes of real-time systems [29]. The query
is the SQL statement used for data processing, which can be
further subdivided into different operators. In the context of
stream processing, a stream consists of a sequence of tuples,
and a tuple is a record that represents an event including
elements such as timestamp, amounts, and values. The tuples
constitute batches. A batch represents the processing block that
contains a certain number of tuples. In a batch, we use column
to represent the elements of different tuples in the same field.
Unlike database processing referring to relatively more com-
plex and time-consuming analysis of enormous data that have
already been stored over a period of time, stream processing
emphasizes micro-batch, dynamic, and continuous processing.
Stream processing is an ideal method to promptly obtain
approximate or speculative results from unbounded streams



of data. Therefore, stream processing has been widely applied
in particular scenarios that requires minimal latency, real-time
response with tiny overhead (e.g., risk management [30] and
credit fraud detection [14]), and predictable and approximate
results (e.g., SOL queries on data streams [15] and click stream
analytics [31]).

Streaming SQL. Among various fields of stream process-
ing, Streaming SQL is one of the emerging hot research
topics. Streaming SQL can be perceived as the streaming
version of SQL processing on streams of data, instead of the
database. Traditional SQL queries process the complete set
of available data in the database and generate definite results.
In contrast, streaming SQL needs to continuously process the
arriving data, and the result is non-determined and constantly
changing. As a result, this can raise a number of issues, such
as how to reduce the response time. Streaming SQL owns
declarative nature similar to SQL, and provides an effective
stream processing technology, which largely saves the time
and elevates the productivity in stream data analysis. Besides,
many stream systems have been proposed, such as Apache
Storm [32] and Apache Flink [33], whose relational API is
suitable for stream analysis, providing a solid development
foundation and productive tools.

B. Compression Algorithms

Various compression algorithms have been proposed. To
ensure that the query results in stream processing are accu-
rate, only lossless compression algorithms are considered in
our system. Lossless compression algorithms can be divided
into heavyweight compression and lightweight compression.
Popular heavyweight compression algorithms include Lempel-
Ziv algorithms [10, 12] and Huffman encoding [9, 34], etc.
Although their compression ratio is relatively high, the encod-
ing and decoding processes are too complicated, which brings
serious time overhead. Stream processing has the requirements
of real-time and low latency. It cannot tolerate long delays
during processing. After exploring heavyweight compression
algorithms in stream processing systems, we find that they
can lead to a higher compression ratio together with longer
(de)compression time, which does not significantly improve
the performance and stability of the stream system. In our
preliminary experiment, we apply a commonly used compres-
sion tool Gzip in stream processing systems. The compressed
processing system with Gzip spends 90.5% of the total time in
compression, and less than 10% time in transmission. Though
it can provide high compression ratio and low transmission
time, the compression time overhead can cause the system
delay or even pause. Hence, we use lightweight compression
algorithms to accelerate stream processing.

Lightweight compression. The lightweight compression is
a trade-off scheme between compression ratio and perfor-
mance. The encoding methods of the lightweight compression
are relatively simple. Compared to heavyweight compression
algorithms, they trade a lower compression ratio for faster
compression and decompression time. We have investigated
a series of works [11, 13, 35, 36, 37, 38, 39, 40, 41] on

lightweight compression algorithms, including most of the
commonly used lightweight compression algorithms. Each
compression algorithm has its own advantages and disadvan-
tages, and they are suitable for data streams with different
characteristics. For example, Elias Gamma encoding and Elias
Delta encoding [11] are respectively suitable for small num-
bers and large numbers. Run Length Encoding [37] is suitable
for data with more repetition. The compression effect of Null
Suppression [13] depends on the redundant leading zeros in
the element. Bitmap and its extensions [39, 40, 41] are suitable
for data compression with few values.

Eager and lazy compression. We divide these lightweight
compression algorithms into two categories: eager compres-
sion and lazy compression [42]. We summarize eight common
lightweight compression algorithms of the two categories in
Table 1. The eager compression algorithms compress as soon
as a subset of input tuples arrives. In contrast, the lazy
compression algorithms wait for the entire data batch to enter
before compressing. The advantage of the eager algorithms is
that they can process each tuple in time without waiting, and
the advantage of the lazy algorithms is that they can better
utilize the similar redundancy of a large amount of data to
achieve a higher compression ratio.

TABLE I
EAGER AND LAZY COMPRESSION METHODS IN LIGHTWEIGHT
COMPRESSION
Compression Method Description
Elias Gamma Encoding [11] Encode each value with unary and binary bits.
E) Elias Delta Encoding [11] Encode each value with unary and binary bits.
5] Null Suppression with Fixed | Delete leading zeros of each value with fixed
Length [36] bits.
Null Suppression with Vari- | Delete leading zeros of each value with vari-
able Length [36] able bits.
Base-Delta Encoding [35] Encode values as their delta values from base
< value.
3 Run Length Encoding [37] Encode values with their run lengths.
Dictionary [38] Maintain a dictionary of the distinct values.
Bitmap [13, 39, 40, 41] Encode each distinct value as a bit-string.

III. MOTIVATION

In this section, we analyze the necessities in compressed
stream processing, and show examples of its widespread use.

A. Problem Definition and Basic Idea

Problem definition. We show the problem definition of pro-
cessing compressed stream as follows. The input data streams
are unbounded sequences of tuples, which are generated from
the data source. The data block to be processed in the stream
is referred to as window w, containing a sequence of tuples
of a preset size. We use SQL queries to handle these streams.
Each query contains different operators, including projection,
aggregation, groupby, etc. Given a chosen compression
algorithm 7, the stream is compressed at source, and the
compressed stream is denoted as R’. Finally, compressed
streams and queries are transmitted to the processor. The result
of compressed stream processing consists of tuples in stream
after a series of queries. Our optimization aims at minimizing
latency while increasing throughput.

Basic idea of compressed stream direct prcocessing. To
solve the problem, our basic idea is compressed stream direct
prcocessing. In detail, we develop a fine-grained adaptive



model to select appropriate compression schemes and perform
mapping between compressed data and operators. For each
streaming SQL operator, we modify the number of bytes it
reads and compress the values it uses. In this way, data can
be queried without decompression, thus saving both time and
space. Note that efficient lightweight decompression-required
methods, which can bring significant benefits, should also be
considered. In our scenario, we treat it as a special case.

B. Dynamic Characteristics in Stream Processing

Special dynamism in stream processing. The dynamic
characteristics of stream data are mainly reflected in the
following three aspects. First, the properties of the stream
data can change at any time, including the value range, the
degree of repetition, etc. As the data attributes change, the
compression ratio that different compression algorithms can
achieve also varies. Second, affected by factors such as the data
generation speed and network delay, the rate at which stream
data comes can change at any time, affecting the system’s
waiting time. Third, it is impossible to predict how frequently
data properties can change. Thus, the re-decision frequency
for dynamic processing needs to be considered, which is a
balance between efficiency and overhead.

Differences from column compression in databases. The
characteristics of stream processing are significantly different
from those of traditional databases, which require novel com-
pression designs. In traditional database processing, holistic
operations can be conducted after scanning all the data, so
the compression algorithms can be selected according to the
overall data characteristics. Also, compression in databases
focuses more on compression ratios rather than low-latency
real-time processing. In contrast, in stream processing, an
unbounded stream of data arrives in real-time changes. The
compression method needs to be updated dynamically to adapt
to changes in stream data.

C. Case Study

We show a motivation example in Figure 2 to illustrate
the comparison between the static processing in traditional
databases and the dynamic processing in stream situation.
In Figure 2, we study the case from smart grids [43]. The
smart home market is expected to reach a market volume
of 51.23 billion by 2026, with an estimated 84.9 million
active homes and an annual growth rate of 11.7% [44]. The
dataset of smart grids is collected from smart plugs deployed
in private households, which contains over 4,055 millions of
energy consumption measurements for 2,125 plugs distributed
across 40 houses in a period of one month [43]. Seven
attributes are contained in the dataset, including timestamps,
the measurement value, the ids of the plug and house, etc.

Dynamic characteristics. For the real-time generated elec-
tricity consumption data, the characteristics of the stream data
are constantly changing. The peaks and troughs of electricity
consumption, as well as the different electricity habits of
diverse households, can lead to constant changes in the data
stream. When a family generates a large amount of electrical
power consumption data within a short period of time, the
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Fig. 2. Example of smart grids.

data can appear in the stream as continuously repeated house
ids, and changing plug ids and values. When many families
consume electricity at the same time, such as the peak hours at
night, the house ids can vary frequently, while the timestamps
remain unchanged.

Opportunity. Traditional processing in databases can an-
alyze the content to be processed in advance, so as to pre-
determine the processing method. In contrast, in stream sce-
nario, its data come in a streaming fashion, so the stream
system needs to process as the events appear. For stream
processing methods, it is not available to know all the infor-
mation to be processed in advance. As the input data stream
changes dynamically, its real-time processing method needs to
change adaptively. We in Section VII show that our solution,
CompressStreamDB, can achieve much better performance
over the static processing.

D. Widespread Use of Compressed Stream Direct Processing

A large number of stream applications can benefit from our
solution of compressed stream direct processing. We provide
some examples to illustrate that our engine can be applied to
multiple scenarios.

o IoT sensor data from the smart grid domain [43] is an
underlying scenario, which involves the analysis of energy
consumption measurements. The goal is to provide short-
term load predictions and load data for real-time demand
management. However, workloads fluctuate dynamically in
real time. If we enable compressed stream direct processing,
we can increase throughput and process large amounts of
data in short time.

« Real-time decision in linear road benchmark [25] specifies
an expressway variable tolling system. Every automobile on
the highway has a sensor that reports its location. These data
are used to calculate tolls for the specific section of road
that the vehicle is on. Reduced tolls can encourage people
to utilize less crowded roadways. With our solution, the
system can process large volumes of stream data of vehicle
locations more efficiently and provide decision effectively.

o Cluster management [45] can monitor the execution of
computation tasks. The coming data relate to the status of
the cluster, including task submission, state of success or
failure, etc. The anomaly detection with unexpected failures
should emit as soon as possible. Our solution can provide
more rapid response for anomaly detection.



Moreover, other stream applications, such as manufacturing
equipment detection [46], ship behavior prediction [47], and
temporal event sequence detecting [48], all need real-time
stream processing. We demonstrate the time breakdown for
these applications in Figure 3. The whole bar represents the
total duration of uncompressed stream processing, while the
white part represents the time percentage taken by the network
transmission. With 500Mbps bandwidth network, the network
transmission time occupies over 70% of the total time. Even
with 1Gbps bandwidth network, the transmission time still
occupies about 50% of the total time. Thus, transmission time
is the bottleneck of stream applications, which significantly
needs the benefits of compressed stream direct processing.
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Fig. 3. Total time breakdown.
IV. COMPRESSSTREAMDB FRAMEWORK

We propose a fine-grained compressed stream processing
framework, called CompressStreamDB, and we show our
system design in this section.

A. Overview

CompressStreamDB solves the challenges mentioned in
Section I, and can effectively reduce the time and space over-
head in stream processing. It can adaptively select compression
algorithms and apply them to stream processing.

Structure. The CompressStreamDB framework consists of
two parts: client and server, as shown in Figure 4. The
client has a compression algorithm selector based on the cost
model. The selector is responsible for collecting the data to
be processed and selecting the optimal compression algorithm.
Note that the term “client” refers to a device that requires
compressed stream processing with the server. It can be a data
source, such as a sensor or smart phone, or an intermediate
node that collects data. Because our compression algorithms
are lightweight, compression can be performed on resource-
constraint devices like data sources. As a result, our system can
be expanded to a multi-layer architecture with multiple layers
of compression clients, while the client-server architecture
represents a simplified model. Compression are deployed on
the client, and the server is responsible for query processing
of compressed stream data. The server includes the kernel
functions of queries. Note that although CompressStreamDB is
designed for the direct processing of compressed stream data,
we do not exclude efficient compression algorithms that need
decompression. They can also be integrated into the system
and should not be ignored.

Stream
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Fig. 4. CompressStreamDB framework.

Scenario. In stream situation, given a series of parameters,
such as network throughput and performance metrics of clients
and servers, as input, CompressStreamDB can adaptively se-
lect the compressions and perform fine-grained compression-
based stream processing according to the characteristics of the
data stream. The principle of compression algorithm selection
is to optimize the performance of the entire system, that is, to
minimize the total processing time of the system.

Workflow. After the data are generated in the client of
CompressStreamDB, the data mainly undergo a series of pro-
cesses including compression, transmission, decompression,
and query, which is also the basis of our proposed system
cost model. Before compression, the selector preloads the data
and provides the compression algorithm that can achieve the
optimal performance. The decision process is based on our
cost model. A wide range of factors are taken into considera-
tion in building our model, from machine metrics to network
conditions, as well as the effectiveness and cost of compression
algorithms, detailed in Section IV-C. We process the input data
at batch granularity, and use different compression algorithms
for each column of data, as mentioned in Section II. The
compressed data are transmitted to the server, and the server
handles the compressed data with corresponding SQL queries.

Batch. In CompressStreamDB, stream data are processed at
batch granularity. Batch size setting is a double-edged sword,
since the growth of batch size can increase both the latency and
the compression ratio. We determine the batch size through
dynamic sampling, where its overhead can be amortized during
stream processing. Furthermore, it can be specified by users
and adjusted according to the actual needs. More experimental
details can be found in Section VII.

B. Compressed Stream Processing

Compression. The compression module in
CompressStreamDB involves eight different compression
algorithms with diverse characteristics. Among the eight
compression algorithms, four belong to fixed-length encoding,
while the others belong to variable-length encoding. However,
variable length coding can bring additional difficulties to
transmission and processing. Because for variable length
coding, flag bits need to be added to determine the
division between elements, and the input stream data need
decompression before processing, or at least, segmentation.
This greatly affects the efficiency of processing. Therefore,
for the compression algorithms in CompressStreamDB, we



use a certain degree of alignment to ensure that the final data
is transmitted in whole bytes, which brings convenience for
processing.

Adaptive processing for dynamic workload. We use
our selector to dynamically process the input data stream in
CompressStreamDB. As mentioned in Section II, we use SQL
to process stream data, and regard a batch as the minimum
processing block. We mainly consider common relational
operators, including projection, selection, aggregation, group-
by, and join. Stream processing is performed through query
statements composed of these operators with a given size of
the sliding window. After a preset number of batches, the
compression algorithms for data columns are reselected with
the system cost model. CompressStreamDB then scans the
next five batches to predict the data properties of the follow-
up stream, uses the system cost model to calculate latency
with the properties, and finally identifies the new processing
method with the lowest total processing time. Considering that
the compression algorithms we use are all lightweight, the
overhead of dynamic reselection can be negligible.

Query without decompression. Decompression is used to
restore the original data. Regarding the cost of decompres-
sion, CompressStreamDB avoids decompression as much as
possible, thus reducing the decompression time and memory
access overhead, and accelerates the query process. In our
design, we can directly query the compressed data when
the compressed stream meets the following three conditions.
First, the compressed data are similar to the data before
compression, and are still structured. Second, the compressed
stream data should be aligned. Third, the compression does
not affect the order of the stream and the process of kernel
operation. This universal design avoids the complexity of
developing separate operator kernels for different compression
methods.

Example. Assume that the stream data includes three
columns: coll is 8 bytes, col2 is 4 bytes, and col3 is 4 bytes.
After compression, coll’ is 2 bytes, col2’ is 1 byte, and col3’
is 1 byte. A query like “select coll, avg(col2) from data group
by col3” can be mapped to “select coll’, avg(col2’) from data
group by col3’”. In this way, we only need to update the
number of bytes to be read for each corresponding column
in the operator. The original stream processing operators are
mapped to the corresponding compressed stream processing
operators according to the compression.

With such designs, we can compare and calculate the com-
pressed values directly, allowing us to perform queries directly
on compressed data. Therefore, the result of compression can
be applied to the entire query execution, including interme-
diate results, which benefits the system efficiency. Note that
CompressStreamDB is positioned to integrate diverse com-
pression schemes. For the lightweight decompression-required
algorithms, if the performance gain they bring can offset the
decompression overhead, they should also be considered.

C. System Cost Model

To guide the system to automatically select a suitable

compression algorithm at runtime, we propose a cost model

for stream processing systems with compression. Previous
works [13, 49] provide the cost models only for the com-
pression algorithms, but not stream processing. As far as we
know, our work is the first to provide the cost model for
compressed stream processing. The difficulty of proposing
a cost model for compressed stream processing lies in the
complexity of processing procedures and scenarios. In our
processing scenario, we take the machine metrics, network
conditions, and other extensive factors into consideration, and
solve the above-mentioned difficulties through a multi-step
cost model.

The process of CompressStreamDB mainly includes four
stages: compression, transmission, decompression, and query
processing. We develop a system cost model for the com-
pressed stream processing in these four stages. The main
parameters used in our system cost model are listed in Table II.

TABLE I
SYMBOLS AND MEANINGS.

Symbol Description

o The compression algorithm is lazy or eager.

B Whether the compression needs decompression.
r The compression ratio in transmission step.

r! The compression ratio in query step.

T The compression algorithm.

Sizer The number of bytes per tuple.

Sizep The number of tuples per batch.
Netient&Nserver The machine performance.
Tf,'f’e%gry&T%Z‘%Z?; The number of instructions for memory accesses.
TeomT g decom,t The number of instructions for computation.

operation operation

We represent the time of compression, data transmission,
decompression, and query processing by tcompresss trans
tdecom» and tgyery, Tespectively. The whole process time
is represented as t. Based on the above analysis, we can
represent the system cost of compressed stream processing
in Equation 1.

t= tcompress + tirans + tdecom + tquery (1)

In the following part of this section, We consider the factors
including machine metrics, network conditions, and efficacy
of compression methods, in building our cost model. We
specifically model the time consumption of the above four
aspects.

1) Compression time. For a selected compression algorithm
7, we use T7707 to represent the number of instructions
used for memory accesses during compression, and Ty, )77,
to represent the number of instructions used for computation.
Then, tcompress can be defined as Equation 2.

+ Ts;::;;ion (2)

N, client

Nciient relates to the performance of the client. If the
program is a memory-intensive program, N jen: represents
the access speed of the memory of the client. Otherwise,
if it is a compute-intensive program, N je.n: represents the
CPU frequency of the client. As mentioned in Section II-B,
the eager compression algorithms compress data immediately,
while the lazy compression algorithms need to wait until the
whole data batch arrives. Hence, if we use t,,4;+ to represent
the time spent waiting for a data batch, we can use « - t,q4it t0

Tcom,T
memory

tcompress =« twait



calculate the time that 7 spends on waiting, where « is defined
in Equation 3.

1, if the compression algorithm 7 is lazy; 3)
o =
0, if the compression algorithm 7 is eager.

2) Transmission time. We use t;.,s to represent the time
spent on transmission. Sizer represents the number of bytes
per tuple, which is decided by the input data, and r represents
the compression ratio of the selected algorithm. Then, we

Size

use T to represent the tuple size after compression. The

compression ratio r is detailed in Section V. Sizep represents

the number of tuples per batch. Accordingly, for a compressed
. .. Sizer - Size
batch, the size of bytes we need to transmit is r =

When the network bandwidth is sufficient and therqueuing
delay does not need to be considered, ¢4, can be represented
in Equation 4.
Si - 51
ttrans - 1267T 2B . latency (4)
r
When the network bandwidth is fully occupied, the calcu-
lation of t;4ns can be given as Equation 5.
Sizer - Sizep

brans = S Tidth ©)

3) Decompression time. Many future-proof efficient com-
pression algorithms still need decompression before process-
ing, and our system should not exclude them. Moreover, it is
not complicated to add the factor of decompression time in the
adaptive performance model. For a selected compression algo-

rithm 7, Tdecom.m represents the number of instructions used

memory
. . decom,T
for memory accesses during decompression, and T, ., .75,

represents the number of instructions used for computation.
Then, {4ccompress can be defined in Equation 6.

decom,T

decom,T
T - ’
peration
(6)

memory

tdecompress = B ' Nsem;er

Ngerver relates to the performance of the server, which is
similar to N_jjent, and § indicates whether 7 needs decom-
pression, which is defined in Equation 7.

B =

0, otherwise.

4) Query time. The query is executed on the server through
kernel functions. The compression process mainly affects the
efficiency of kernel functions on memory read and write,
but does not affect the computation process. Because Com-
pressStreamDB reads and writes in bytes, the memory read
and write time is proportional to the number of bytes occupied
in memory. We use t““"Y . to represent the computation

operation

time of a query, and ¢17°7Y . to represent the query time spent

on memory read and write. Note that both of them represent
the processing time in the uncompressed condition. We can
obtain ¢4yery by Equation 8.

query
memory (8)

— tquery
,r/

tquery operation

1, if the compression algorithm 7 needs decompression

Note that 7’ is the compression ratio in the query step,
which is different from the compression ratio r, and 7’ can
be determined by whether the server performs decompression
or not. Accordingly, it can be defined by Equation 9.

/ L,

T =

if the compression algorithm needs decompression;

r, otherwise.
)
V. SELECTED COMPRESSION ALGORITHMS
CompressStreamDB involves eight lightweight compression
algorithms, as mentioned in Section II. CompressStreamDB
can adaptively select these alternatives at runtime. The se-
lection is based on our novel system cost model, and partial
parameters of the system cost model relate to the compression
algorithms.

A. Preliminaries

We show the corresponding parameters of each compression
algorithm in the system cost model, with the advantages and
disadvantages of these algorithms. These parameters include
a, 3, r, and r’. As for the four parameters about the number
of instructions, TS77,.,. Teorr. | Tdecomr and Thecom:”
they can be directly obtained by reading the assembly source
code. In this way, a specific cost model corresponding to each
compression algorithm can be built.

In the rest part of the section, the previously mentioned
symbol Sizep shall be continually used to represent the
processing batch size. In addition, we use Sizec to represent
the size of each element in the column. According to the
characteristics of different compression algorithms, we design
a series of parameters about the properties of the dataset.
These parameters shall be detailed in the description of each
compression algorithm.

B. Eager Compression

Eager Compression algorithms compress the arrived ele-
ments immediately and do not need to wait for the whole
batch. Hence, their o value in the system cost model is 0.

Elias Gamma encoding (EG). For a given data column,
we use EGDomain to represent the maximum number of
bytes required for Elias Gamma encoding forthis column.
The compression ratio r of Elias Gamma encoding can be
described in Equation 10.

B Sizec
- EGDomain

Its storage format is aligned so that the encoded results

have the same number of bytes, while the compressed data is
still structured. CompressStreamDB can avoid decompression
using this format. Then, we have its parameters: § =0, 1’ =
_ Sizec
~ EGDomain’
Elias Delta encoding (ED). We use EDDomain to rep-
resent the maximum number of bytes required for Elias Delta
encoding for the elements of this column. Similar to Elias
Gamma encoding, the compression ratio r of Elias Delta
encoding can be defined in Equation 11.

T (10)

r



- Sizec
- EDDomain
Its parameters are: 8 =0, r' =r =

r (11)
Sizec
EDDomain’

Null suppression with fixed length (NS). To estimate the
compression effects of null suppression with fixed length and
null suppression with variable length, we introduced another
dataset property, the ValueDomain array. The size of this
array is the same as the batch size, and is used to record the
number of bytes required to represent the valid bits of each
element in the column. In this method, the maximum value in
the array, Value Domain s 4x, is the number of bytes used by
elements after null suppression with fixed length compression.
The compression ratio r of null suppression with fixed length
can be represented as Equation 12.

Sizec

r (12)

" ValueDomain s 4 x

Similarly, its parameters are: § = 0, v = r =

Sizec

ValueDomainyrax

Null suppression with variable length (NSV). With the
array ValueDomain introduced in NS, we can obtain the
total number of bytes needed for compression by the sum of
ValueDomain. The compression ratio r of null suppression
with variable length can be defined in Equation 13.

Sizec - Sizep
r= .
Sizep /4 + Zf:wle’a ValueDomain;

Because the compressed elements are not byte-aligned, they
have to be decompressed before processing. We have its
parameters: 3 =1, 7' = 1.

(13)

C. Lazy Compression

Lazy compression algorithms wait until the entire input
batch arrives, and then compress the whole batch. Hence, their
« value in the system cost model is 1.

Base-Delta encoding (BD). For a given data column, we
use BDDomain to represent the maximum number of bytes
required for Base-Delta encoding. The compression ratio r of
Base-Delta encoding can be defined in Equation 14.

Sizec
= 14
" BDDomain (14)
It can avoid decompression in CompressStreamDB. Then,

. Sizeo
we have its parameters: B =0, r=r=

Run length encoding (RLE). Su[%g))sgomg ZTéwerage
run length of a column of data batch is represented by
AverageRunLength. Since run length needs to be repre-
sented by an extra int variable (4 bytes), the compression ratio
r of run length encoding is defined in Equation 15.

_ Sizec - AverageRunLength
"= Sizec + 4

RLE is not byte-aligned, and it breaks the original data
structure. Hence, it needs decompression before processing.
Therefore, we have its parameters: 5 =1, ' = 1.

5)

Dictionary (DICT). Assuming that the number of data
types is Kindnum, then the encoding compression ratio r
of dictionary is defined in Equation 16.

Sizeco
= 16
" [logy Kindnum/8] (16)
It is byte-aligned and structured, so it can avoid decompres-
sion. Accordingly, its parameters are: § = 0, ' = r =
Sizec
[logy Kindnum/8]

Bitmap. Assuming that the number of data types is
Kindnum, then the encoding compression ratio r of bitmap
is defined in Equation 17.

r

Sizec

- 92[log, Kindnum)] /8 (17
It destroys the data structure of the original data, so: 8 =1,

v =1.

VI. IMPLEMENTATION

We implement CompressStreamDB with reference to [14,
15, 50]. CompressStreamDB consists of a client module and
a server module. The client module includes the compression
algorithms applied in stream processing, as well as the adap-
tive selector. The server module supports common SQL op-
erators including selection, projection, groupby, aggregation,
and join. The server is responsible for processing compressed
streams. The server also involves a profiler, which can be
used to collect performance data, such as (de)compression
and transmission time. Note that the compression function
of CompressStreamDB can be turned off so that it supports
processing uncompressed streams as well. For small-scale
stream scenarios, such as processing a single tuple, Com-
pressStreamDB can perform uncompressed stream processing
directly without waiting for the entire data batch. Such a hybrid
processing mode makes our system applicable to a wide range
of stream processing scenarios. For batch implementation,
sliding window can span multiple batches. To solve this
problem, our system provides a batch buffer and stores the
data from the previous batch in it temporarily. When a cross
sliding window is detected, the system has to wait for the
following batch. Then, previous cached batch of data can be
retrieved from the buffer, and the cross sliding window results
can be computed.

CompressStreamDB can be deployed among different en-
vironments. For example, Flink can customize serializer. We
can wrap the compression module of CompressStreamDB into
a custom serializer, and then embed it into Flink for use.
However, this incurs additional challenges such as model inte-
gration and Flink internal implementation overhead, especially
in distributed environments. Because our work focuses on the
adaptive selection of compressions in stream processing, we
leave the adaptation to other systems as future work.

VII. EVALUATION
A. Experimental Setup

Methodology. The baseline used in the comparison is
CompressStreamDB without compression. As mentioned in
Section VI, CompressStreamDB can turn off the compres-
sion function for direct stream processing. Our comparison



TABLE III
THE QUERIES USED IN EVALUATION.

Query Detail

01 select timestamp, avg (value) as globalAvgLoad from SmartGridStr [range 1024 slide 1]

02 select timestamp, plug, household, house, avg(value) as localAvgLoad from SmartGridStr
[range 1024 slide 1] group by plug, household, house

03 ( select timestamp, vehicle, speed, highway, lane, direction, (position/5280) as
segment from PosSpeedStr [range unbounded] ) as SegSpeedStr —- select distinct
L.timestamp, L.vehicle, L.speed, L.highway, L.lane, L.direction, L.segment from
SegSpeedStr [range 30 slide 1] as A, SegSpeedStr [partition by vehicle rows 1] as L
where A.vehicle == L.vehicle

04 select timestamp, avg(speed), highway, lane, direction from PosSpeedStr [range 1024
slide 1] group by highway, lane,direction

05 select timestamp, category, sum(cpu) as totalCPU from TaskEvents [range 512 slide 1]
group by category

06 select timestamp, eventType, userId, max(disk) as maxDisk from TaskEvents [range 512
slide 1] group by eventType, userId

to baseline examines whether our solution can help deliver
better performance on stream systems. To further understand
the advantage of our adaptive compression, we implement
the Base-Delta encoding compression with reference to Ter-
seCades [27], which is denoted as “Base-Delta”. TerseCades is
the first systematic investigation of stream processing with data
compression, demonstrating the effectiveness of compression
in stream processing. We show our performance progressive-
ness over the Base-Delta encoding algorithm used in Ter-
seCades. TerseCades is not open source so we reimplement it.
We have compared the results of our implementation with the
TerseCades paper [27] and the results are similar. For example,
in [27], it can process queries on the Pingmesh Data [51] with
the throughput of 37.5MElems/s. As in our implementation of
Base-Delta encoding, we can process queries on the Smart
Grid Data[43] with the throughput of 37.2MElems/s, which
is similar. Moreover, we also compare the adaptive compres-
sion stream processing of CompressStreamDB with the eight
lightweight compression algorithms.

Platform. We perform experiments in the Alibaba
cloud [52]. Both the server and the client are equipped with
an Intel Xeon Platinum 8269CY 2.5 GHz CPU and 16GB
memory, running Ubuntu 20.04.3 LTS with Java 8. Our
platform can provide network bandwidth ranging from O to
1Gbps between the server and the client.

Datasets. We use three real-world datasets in evaluation.
All these datasets have been widely used in previous stud-
ies [14, 15, 53, 54] and they are still prevalent topics. For
example, the smart home market is estimated to reach 51.23
billion by 2026, with an 11.7% annual growth rate [44]. The
first dataset is energy consumption measurement in smart
grids [43], which comes from different devices in a smart
grid and focuses on load predictions and real-time demand
management in energy consumption. The second dataset is
compute cluster monitoring [45], which comes from a cluster
at Google, and emulates a cluster management scenario. The
third dataset is linear road benchmark [25], which denotes the
position events of vehicles, and models a network of toll roads.

Benchmarks. We use six queries to evaluate the perfor-
mance of adaptive compression in CompressStreamDB. We
use two queries on each dataset to obtain the performance

metrics, and evaluate the performance of different processing
methods, including the baseline, eight light-weight compres-
sion algorithms, and CompressStreamDB. These queries are
commonly used in previous studies [14, 15]. The details of the
six queries are shown in Table III. Q7 and Q2 are conducted
on the dataset of anomaly detection in smart grids. Q3 and
Q4 are for the linear road benchmark dataset. Q5 and Q6
are for the dataset from Google compute cluster monitoring.
For the datasets of Smart Grid and Linear Road Benchmark,
each batch contains 100 windows and each window contains
1024 tuples. For the Cluster Monitoring dataset, each batch
contains 200 windows and each window contains 512 tuples.
The performance result for each dataset is the average of the
results of related queries.

B. Performance Comparison

Throughput. We explore the throughput of Com-
pressStreamDB for the six queries on the three datasets. The
results are shown in Figure 5, each dataset with ten dif-
ferent processing methods. On average, CompressStreamDB
achieves 3.24x throughput improvement. Note that the lin-
ear road benchmark dataset has negative numbers inside, so
Elias Gamma encoding and Elias Delta Encoding cannot be
performed on it. We have the following observations. First,
on the Smart Grid dataset, CompressStreamDB improves the
system performance with a 4.80x increase in throughput
over the baseline. The optimal single compression algorithm
is DICT encoding, which can achieve 3.00x throughput
improvement over the baseline. Compared to DICT, Com-
pressStreamDB achieves 1.60x improvement in throughput.
Second, on the linear road benchmark dataset, the throughput
of CompressStreamDB is 2.38 x higher than that of baseline,
while NS is 2.28 x than the baseline. The system performance
of CompressStreamDB is 4.4% higher than NS. Third, on
the Google Cluster Monitoring dataset, CompressStreamDB
achieves 2.55x improvement in throughput, while Base-Delta
achieves 2.36x improvement. CompressStreamDB reaches
8.1% throughput improvement over Base-Delta.

From the above throughput results, we can obtain the fol-
lowing revelations. First, compression can obviously improve
the throughput of the stream processing system, which has
been demonstrated in [27]. Although Base-Delta can often pro-



vide good system performance in most situations, the adaptive
compression used in CompressStreamDB still achieves better
performance. Second, the effect of compression in stream
processing is significantly influenced by the dataset properties.
For example, if AverageRunLength of the dataset is low,
RLE cannot provide enough performance. Hence, the selection
of algorithms is an important factor to improve performance.
Third, CompressStreamDB can combine the advantages of
different algorithms, and adapt to various situations. No matter
what the dataset is, CompressStreamDB can achieve similar
or better performance than any single compression algorithm.
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Fig. 5. Throughput of different compression methods.
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Latency. Figure 6 reports the latency of different com-
pression algorithms on the three datasets. In our work, la-
tency represents the time from data input to the query result
output. Similar to throughput, latency is an important target
of the system performance. On average, CompressStreamDB
achieves 66.0% lower latency. Moreover, we have the fol-
lowing observations. First, on the Smart Grid dataset, the
latency of CompressStreamDB is 79.2% lower than that of
the system without compression, and 37.5% lower than DICT.
Second, on the linear road benchmark dataset, the latency of
CompressStreamDB is 58.0% lower than that of the baseline.
The latency of NS is 56.1% lower than that of the baseline. The
latency of CompressStreamDB is 4.2% lower than that of NS.
Third, on the Cluster Monitoring dataset, CompressStreamDB
achieves 60.8% reduction in latency over that of the baseline,
while Base-Delta achieves 57.7% reduction. The latency of
CompressStreamDB is 7.4% lower than that of NS. In short,
CompressStreamDB can provide better latency than any single
compression algorithm.
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Fig. 6. Latency of different compression methods.

Dynamic workload. To illustrate the comparison between

the static processing solution and the dynamic processing in
CompressStreamDB, we use the datasets and benchmarks to
generate dynamic workloads and evaluate on them. We use
QI and Q2 on smart grids as an example, and show the
speedups with different network bandwidths in Figure 7. For
the other cases, the performance behaviors are similar. We
denote “Static” for the static compressed processing method
with the optimal performance on the dynamic workload,
while CompressStreamDB, denoted as “CompressStreamDB”,
applies our dynamic design. Experimental results show that
under different network conditions, CompressStreamDB al-
ways achieves much higher performance than the static so-
Iution. Under the network with 100Mbps bandwidth, Com-
pressStreamDB exhibits the highest performance improve-
ment, with 9.68x speedup over the baseline, 3.97x over the
optimal static method. The performance of the static method
cannot achieve the optimal with the dynamic workload, be-
cause the method it handles data cannot be changed. As for
CompressStreamDB, its adaptive processing method can be
dynamically adjusted according to the data characteristics, so
its performance keeps stable with the changes.

Static W CompressStreamDB
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0 I I I I
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EN @

N

Fig. 7. Speedup with dynamic workload.
C. Analysis of Time and Space Savings

(De)compression time. As we mentioned in Section IV-C,
CompressStreamDB targets diverse lightweight fast compres-
sion methods. For the compressions that can bring significant
performance benefits, even decompression is required, we
still involve them in CompressStreamDB. In our experiments,
we include three lightweight decompression-required methods,
RLE, bitmap, and NSV. The compression time and decompres-
sion time during the whole process are shown in Figure 8.
Our observations are as follows. First, NS is a simple and
fast compression algorithm, with the lowest sum time of
compression and decompression in all three datasets. NS can
generate a good compression ratio in most situations. Hence,
it can achieve high throughput and latency performance. Com-
pared to the other lightweight algorithms, the performance of
Elias Gamma encoding and Elias Delta encoding is relatively
slow. Though they are also lightweight, their computation and
coding process is still more complicated than the others. This
can be a major factor affecting their performance. Second,
null suppression with variable length (NSV) spends most time
on decompression. The process of translating bytes of length
takes time, thus influencing its behavior. Even so, note that



TABLE IV
RELATIONS BETWEEN TIME AND COMPRESSION. Trans_time: TRANSMISSION TIME OF A SELECTED METHOD DIVIDED BY THE TRANSMISSION TIME OF
BASELINE. Query_time: QUERY TIME OF A SELECTED METHOD DIVIDED BY THE QUERY TIME OF BASELINE.

Dataset Ratio Baseline BD Bitmap DICT RLE EG ED NS NSV CompressStreamDB
trans_time ratio 1 0.341 0.843 0327 0453 0.638 0.647 0.559 0.537 0.198
Smart Grid 1/r 1 0357 0866 0357 0458 0.643 0.679 0.571 0.571 0.217
query_time ratio 1 0.476 0947 0938 0.872 0.678 0.694 0.607 1.026 0.934
1 1 0.357 1 0.357 1 0.643  0.679 0.571 1 0.890
trans_time ratio 1 0.462  0.803  0.630 0.806 \ \ 0.431  0.487 0.420
Linear Road Benchmark /r 1 0.438  0.797 0500  0.78 \ \ 0.438  0.438 0.405
query_time ratio 1 0.476 1.044 1.024  0.936 \ \ 0.549  1.030 0.657
1 1 0.438 1 0.500 1 \ \ 0.438 1 0.625
trans_time ratio 1 0394 0743 0460 0.560 0.395 0427 0423 0.520 0.380
Cluster Monitoring lr ) 1 0.438  0.781 0.438 0.555 0438 0438 0438 0438 0.375
query_time ratio 1 0.824 0956 0963 0920 0.831 0.934 0.868 0.971 0.853
1 1 0.859 1 0.859 1 0.859 0.859 0.859 1 0.906

query time accounts for the majority of the total time; the
decompression time of all lightweight compressions, including
NSV, accounts for less than 1.0% of the total time, which can
be ignored. Third, CompressStreamDB is not the method that
spends the least time on compression and decompression. It
takes a moderate amount of time, 26.7% longer than those
of fast compression algorithm like DICT. CompressStreamDB
does not aim at the optimal performance of the compression
aspect, but pays more attention to the overall performance of
the system.
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Fig. 8. Time breakdown of compression and decompression. CmpStr is short
for CompressStreamDB.

Relation between time and compression ratio. Table IV
shows the relation between time and compression ratio 7. On
average, CompressStreamDB saves 66.8% space and 66.7%
trans_time. We have the following observations. First, Com-
pressStreamDB achieves the lowest trans_time ratio com-
pared to the other processing methods among all datasets.
BD, adopted by TerseCades, also achieves a clear advan-
tage of 60.1% on average. However, CompressStreamDB still
achieves a 16.6% improvement over that of BD. Second,
CompressStreamDB achieves the highest compression ratio
r, or the lowest 1/r, among all processing methods of
each dataset. For example, on the Smart Grid dataset, r of
CompressStreamDB is 4.61, followed by 2.80 of Base-Delta.
CompressStreamDB achieves 1.65x compression ratio r over
the optimal single compression algorithm. Third, transmission
time ratio and 1/r are positively correlated and change propor-
tionally, so as to the ratio of query time and 1/r'. According
to Equation 4 and Equation 5, high compression ratio r
indicates low transmission time. Because we use lightweight

compression methods, the compression and decompression
incur only marginal time. Accordingly, the method with the
highest compression ratio can increase the system performance
most. CompressStreamDB achieves high performance mainly
by its high compression ratio r.

D. Design Tradeoffs and Discussion

Model accuracy. We verify the accuracy of our system
cost model in this part. We use the example of the Smart
Grid dataset for illustration, as shown in Figure 9. The dashed
line and the solid line show the estimated time and measured
time respectively. All estimated values are slightly less than
the actual values because of additional overhead caused by
the system operation. On average, the system cost model of
CompressStreamDB can achieve an accuracy of 88.2%, which
implies that the cost model is accurate and can be applied to
estimate the cost of stream processing with compression.

-s-Measured

-a-Estimated

120

100

80

60

time (s)

40

20

o Q - w o wv -]
£ a @© O = 2 w z 2 %)
T £ =} z =3
2 g g
8 (]

Fig. 9. Accuracy of the cost model. CmpStr is short for CompressStreamDB.

Batch size. As discussed in Section IV-A, batch size
influences both latency and compression ratio. We use the
Smart Grid workload for illustration, and each window has
1024 tuples. We show their relationship in Figure 10, which
includes three network settings: 1Gbps network, 100Mbps net-
work, and single node without network transmission. We have
the following observations. First, for 100Mbps, the latency
increases with the batch size. In contrast, for 1Gbps network
and single node mode, batch size has relatively little effect on
system latency. The reason is that when network bandwidth is
limited, the data have to be queued before transmission, and
thus large batch can result in system pauses. Second, the space
occupancy decreases as the batch size increases. The reason is
that larger batch size can better utilize data redundancy. Third,



batch size has no optimal value, and needs to be analyzed in
specific situations. Moreover, we also measure the cross-batch
sliding window, and we alter the window slide size in the
range {1, 128, 256, 512, 1024} at different network settings.
We find that the performance with different slides are nearly
the same (with less than 2% fluctuation). The reason is that our
batch buffer can preserve essential data, with no extra burden
on network transmission.
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Fig. 10. The effect of batch size on latency and space usage.

Integration of diverse compression schemes. Com-
pressStreamDB is an open system positioned to integrate
diverse compression schemes. Although CompressStreamDB
currently contains only eight representative compression algo-
rithms covering most cases, more compression schemes can
be easily integrated into our system, as long as they are
beneficial to the system. For example, for bitmap encoding,
we can integrate its further extension, PLWAH [39, 41], into
our system. Experiments show that if we use only PLWAH
as our single compression method, its transfer time is 30.2%
longer than our current design. When employing PLWAH
in the adaptive compression model, we can reduce 10.0%
transmission time, and improve the overall performance of the
system by 13.4%.

VIII. RELATED WORK

Data stream optimization. Due to the increasing demand
for real-time processing of vast amounts of data, many studies
have been devoted to optimize the performance of stream
systems [3, 15, 28, 50, 55, 56, 57, 58, 59]. To name a
few, Koliousis et al. [14] developed Saber, a window-based
hybrid stream processing for discrete CPU-GPU architectures.
Scabbard [3] is a recently proposed single node optimized
stream processing engine focusing on fault-tolerance aspect.
Li et al. [28] proposed a framework called TRACE that
allows compression on traffic monitoring streams. Pekhimenko
et al. [27] proposed TerseCades, adopting an integer compres-
sion method and a floating-point number compression method
to enable direct processing on compressed data. However, none
of them utilize the diversity of lightweight data compression
technology in stream processing and take multi-layer transmis-
sion scenario with complex factors into consideration. This is
one of the biggest differences between CompressStreamDB
and previous works.

Processing on compressed data. CompressStreamDB’s
direct SQL query processing on compressed data is a main

feature that significantly reduce both time and space overhead
in stream processing. Data compression [13, 39, 40, 41, 49,
60, 61, 62, 63, 64, 65, 66, 67, 68, 69] has been proved to
be an effective approach to increase the bandwidth utilization
and resolve the memory stalls. Wang et al. [40] developed in-
verted list compression in memory. Deliege and Pedersen [41]
optimized space and performance for bitmap compression.
Wang et al. [39] conducted an experimental study between
bitmap and inverted list compressions. Fang et al. [13] ana-
lyzed common compression algorithms, while Przymus and
Kaczmarski [49] explored how to select an optimal com-
pression method for time series databases. Picewise linear
approximation (PLA) [70] can be applied to approximately
answer continuous queries directly in compressed streams,
Sprintz [71] introduces a four part composite compression
algorithm for time-series data. Many works [65, 66, 67, 68,
69, 72] used hardware such as GPU and FPGA to optimize
data compression. As for processing directly on compressed
data [19, 20, 21, 22, 23, 73, 74, 75, 76, 77], this technology
can provide efficient storage and retrieval of data. For example,
Chen et al. [77] proposed a memory-efficient optimization
approach for large graph analytics, which compresses the in-
termediate vertex information with Huffman coding or bitmap
coding and queries on the partially decoded data or directly
on the compressed data. Li et al. [78, 79, 80] presented com-
pression methods for very large databases, with aggregation
operating directly on compressed datasets. Succinct [22] en-
ables efficient queries directly on a compressed representation
of data. Other works [19, 21, 81, 82] focused on the direct
processing of other compressed storage structures such as
graphs. Different from these studies, our work is the first fine-
grained stream processing engine that can query compressed
streams without decompression.
IX. CONCLUSION

Stream processing technology is prevalent in the big data
area. With the increasing scale of stream data, stream pro-
cessing systems face tremendous time and space pressure.
We propose CompressStreamDB, which applies compression
algorithms in stream processing to improve the system per-
formance. In detail, we involve eight lightweight compression
algorithms in CompressStreamDB, and can obtain better per-
formance than that without compression. Experiments show
that on three real-world datasets, CompressStreamDB can
achieve 3.24x throughput improvement and 66.0% lower
latency, along with 66.8% space savings.
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