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Abstract

Distributed Stream Processing (DSP) systems have become essential for pro-

cessing large-scale, real-time data streams in various applications, ranging

from social media analytics to IoT data processing. DSP applications are

represented as directed graphs of operators that continuously process in-

coming data tuples. These operators have diverse and dynamic resource re-

quirements, making resource management a challenging task. Efficient re-

source management in DSP is crucial to ensure optimal performance, cost-

effectiveness, and adaptability to dynamic workloads. Current approaches

treat resource management at a coarse granularity, leading to suboptimal re-

source utilization, and rely on reactive mechanisms that may not adequately

capture the individual requirements of operators.

This thesis addresses the challenges of resource management in DSP by

proposing novel approaches that span from fine-grain elasticity to proactive

planning. First, we conduct an in-depth analysis of real-world DSP workloads

to understand their characteristics and resource requirements. Based on these

insights, we develop a fine-grain elasticity mechanism that allows DSP sys-

tems to dynamically adjust CPU and memory resources at the operator level,

enabling more efficient resource utilization and improved performance un-

der varying workloads. Next, we introduce a multi-query auto scaling frame-

work that leverages fine-grain elasticity combined with optimized placement

strategies to manage resources across multiple concurrent DSP applications.

This framework aims to minimize resource costs while ensuring that perfor-

mance objectives are met for all applications. Finally, we propose a proactive

resource planning approach that models the performance of individual DSP

applications to predict their resource requirements for unseen workloads.
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Introduction 1
The rapid growth of data generation in recent years has led to an increasing

demand for large-scale data processing systems. Traditional database sys-

tems, designed for structured data and transactional workloads, are ill-suited

for processing such large-scale data due to their limited scalability, and in-

ability to handle the volume, velocity, and variety of modern data streams.

Distributed data processing enables the handling of massive datasets by dis-

tributing the workload across multiple nodes in a cluster, allowing for par-

allel processing and improved fault tolerance. However, the complexity of

managing distributed systems and ensuring efficient resource utilization is

a significant challenge. This complexity has led to the emergence of dis-

tributed data processing paradigms. These paradigms offer the users high-

level abstractions to process data at scale, while abstracting away the under-

lying complexities of distributed systems. First generation systems, such as

MapReduce [DG08], were designed to process large datasets in batch mode,

providing fault tolerance and scalability. However, the need for real-time data

processing has driven the development of distributed stream processing (DSP)

systems, which can process data as it arrives, enabling low-latency analytics

and decision-making. The latest generation of DSP systems, such as Apache

Flink [Car+15], unified the batch and stream processing paradigms, allowing

users to process both historical and real-time data using a single framework.

Systems like Flink are widely adopted in industry, included by companies

such as Alibaba, Uber, and Netflix, to power their real-time data processing

needs.

1.1 Thesis Context

DSP has gained significant traction in various domains, including finance,

healthcare, and e-commerce, where real-time data processing is crucial for

applications such as fraud detection [Car+18; Ban+23], personalized recom-

mendations [Hua+15], and patient monitoring [Shu23]. DSP systems enable

organizations to derive insights from data streams in real-time, allowing them

to make informed decisions and respond to changing conditions promptly.

They are often integrated with other big data technologies, such as Apache

Kafka [KNR+11] for data ingestion, to create comprehensive data process-

1



2 Chapter 1. Introduction

ing pipelines. This is the case of Digazu
1
, a data lake platform that leverages

Apache Flink to provide real-time analytics and insights to its users.

Despite the advancements in DSP systems, many challenges remain, such

as scalability, fault tolerance, and efficient resource utilization. Efficiently al-

locating resources to DSP applications is critical to ensure optimal perfor-

mance and cost-effectiveness. Traditional approaches often rely on static al-

location, which can lead to underutilization or over-provisioning of resources.

This is due to the heterogeneity of DSP workloads, which can exhibit vary-

ing resource requirements based on factors such as data volume, query com-

plexity, and stateful operations. This thesis addresses these challenges by

proposing novel mechanisms for resource management and elasticity in DSP

systems.

1.2 Thesis Contributions

The contributions of this thesis were motivated by the challenges faced in

managing resources for DSP applications in a large-scale deployment, namely

the predictability and reactivity aspects. During the course of this work,

we participated in periodic discussions with the Digazu engineering team to

identify pain points and areas for improvement in their DSP infrastructure.

This collaboration provided valuable insights into the practical challenges of

deploying and managing DSP applications in a production environment.

To further understand the workload characteristics and resource require-

ments of DSP applications in Digazu, we conducted an extensive analysis of

real-world workloads collected from the platform. This analysis revealed sev-

eral key insights into the behavior of DSP applications, including workload

patterns, resource utilization, and query characteristics. The analysis of 129

DSP queries running in Digazu for long periods of time (from several days to

weeks) showed that many queries exhibit complex stateful operations, lead-

ing to performance degradation under static resource allocation strategies.

Moreover, we observed the presence of multi-query workloads, where mul-

tiple DSP applications run concurrently on shared resources, leading to re-

source contention and suboptimal performance. Furthermore, the majority

of these queries were found to experiencing low loads for extended periods,

punctuated occasionally by bursts of high activity.

Based on the previous observations, we identify the need for more adap-

tive and fine-grained resourcemanagement, as well as multi-query awareness

approaches in DSP systems. Finally, we recognize the importance of accurate

capacity planning tools to estimate the resource requirements of DSP appli-

cations under varying workload scenarios, priori to their deployment.

1https://www.digazu.com/

https://www.digazu.com/


1.2. Thesis Contributions 3

The main contributions of this thesis are as follows:

■ We analyze real-world workloads from a production deployment, char-

acterizing a hybrid batch-stream production workload and identifying

key patterns and challenges in resource management for DSP applica-

tions [Sch+25]. For this, we instrumented theDigazu platform to collect

detailed workloads of DSP application executions, including resource

usage metrics, query execution plans, and workload patterns. This

analysis provides a foundation for understanding the resource manage-

ment challenges in DSP systems and informs the design of our proposed

mechanisms.

■ Following this analysis, we identify inefficiencies in the existing re-

source management strategy. We conduct experiments to motivate the

need for more adaptive and fine-grained resource management approa-

ches in DSP systems. More precisely, we show that static resource al-

location can lead to suboptimal performance and resource utilization

in the presence of complex stateful operations. To this effect, we pro-

pose Justin [SRR25], a hybrid CPU/memory elastic scaling mechanism

for DSP. Justin dynamically adjusts the memory requirement of DSP

applications based on workload characteristics, enabling more efficient

resource utilization and improved performance.

Our hybrid CPU/memory elastic scaling mechanism demonstrates sig-

nificant improvements in resource utilization and performance for DSP

applications. More precisely, it effectively identifies memory-intensive

operations and dynamically adjustsmemory allocation, leading tomore

efficient scaling decisions. In our experiments, it achieved up to 40%

reduction in memory and CPU usage with no over-provisioning com-

pared to the state-of-the-art scaling mechanisms.

■ The analysis of multi-query workloads revealed the need for more fine-

grained resource allocation and optimized task placement strategies in

DSP systems. This is further motivated by the presence of long-lived

queries with low loads that lead to overallocation inefficiencies. Build-

ing on these insights and on the mechanisms proposed in Justin, we
propose Charon [SRR26], a fine-grain resource allocation and opti-

mized task placementmechanism formulti-queryDSP systems. Charon
leverages workload characteristics and resource usage patterns to op-

timize resource allocation and task placement, reducing resource con-

tention and improving overall system performance.

Our fine-grain resource allocation and optimized task placement mech-

anism significantly improves system performance in multi-query DSP
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scenarios. By leveraging useful runtime metrics,Charon efficiently re-

duces the required resources per query in a multi-query environment.

Furthermore, Charon manages to improve the default task placement

strategy of Apache Flink, leveraging a Bin-Packing algorithm, lead-

ing to better resource utilization. Our experiments show that Charon
can reduce resource consumption, requiring only 43% to 60% of the re-

sources needed by the default Flink scheduler to achieve similar per-

formance.

■ Finally, we address the challenge of accurately estimating the resource

requirements of DSP applications under varying workload scenarios.

More specifically, we identify the need for capacity planning tools that

can predict resource needs prior to deployment. This is particularly im-

portant for large-scale deployments with limited resources or pay-as-
you-go pricing models. To this effect, we present StreamBed [RSR24b],
a capacity planner for DSP systems. In contrast to the previous contri-

butions that focus on runtime mechanisms, StreamBed provides an of-

fline capacity planning tool that helps system administrators and users

to estimate the resource requirements of DSP applications. StreamBed

builds a performance model based on small-scale benchmark execu-

tions and uses this model to predict the resource requirements of DSP

applications under different workload scenarios.

Our capacity planner, StreamBed, provides accurate resource require-
ment estimates for DSP applications. StreamBed’s performance model,

built from small-scale benchmark executions, effectively predicts re-

source needs under various workload scenarios. In our evaluation, we

show that StreamBed can accurately predict the volume of necessary re-

sources with a low cores.hours budget, for queries reaching more than

1000 cores and ingesting up to 190 millions events per second.

To evaluate the effectiveness of our proposed mechanisms, we conduct

extensive experiments using well-established benchmarks on a cluster of up

to 122 nodes, each equiped with 18 CPU cores and 96 GB of RAM. Instead of

relying on simulations, we implement and evaluate our proposed solutions

in Apache Flink, a widely adopted DSP system, although the principles and

techniques presented in this thesis are applicable to other DSP systems as

well.

1.3 Publications

The list of publications that resulted from this thesis is as follows:
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■ Streambed: Capacity Planning for Stream Processing. Guillaume

Rosinosky, Donatien Schmitz, and Etienne Rivière. In Proceedings of

the 18thACM International Conference onDistributed and Event-based

Systems (DEBS), 2024. Lyon, France, 90-102.

■ A Tale of Many Streams: Characterizing a Hybrid Batch-Stream
Production Workload in Digazu, a Data Lake supported by Apa-
che Kafka and Flink. Donatien Schmitz, Luc Berrewaerts, Guillaume

Rosinosky, Sabri Skhiri, and Etienne Rivière. In Proceedings of the 19th

ACM International Conference on Distributed and Event-based Sys-

tems (DEBS), 2025. Göteborg, Sweden, 188-198.

■ Justin: HybridCPU/MemoryElastic Scaling forDistributed Stream
Processing. Donatien Schmitz, Guillaume Rosinosky, and Etienne Riv-

ière. In IFIP International Conference on Distributed Applications and

Interoperable Systems (DAIS), 2025. Lille, France, 102-118.

This publication received the IFIP Best Paper Award at DAIS 2025

and the IFIP DisCoTec-wide Best Paper Award at DisCoTec 2025.

■ Charon: Fine-Grain Resource Allocation and Optimized Task
Placement for Multi-Query Distributed Stream Processing. Do-
natien Schmitz, Guillaume Rosinosky, and Etienne Rivière. In Proceed-

ings of the 41st ACM/SIGAPP SymposiumOnApplied Computing (SAC),

2026. Thessaloniki, Greece.

1.4 Thesis Outline

The remainder of this thesis is organized as follows:

■ Chapter 2 provides the background necessary to understand the con-

text of this thesis, including big data systems, distributed stream pro-

cessing, and a focus on Apache Flink.

■ Chapter 3 presents our work on characterizing a hybrid batch-stream

production workload in Digazu, a data lake supported by Apache Kafka

and Flink.

■ Chapter 4 formulates the problems addressed in this thesis, identify-

ing key challenges in distributed stream processing and the need for

efficient resource management, elasticity, and prediction.

■ Chapter 5 presents our work on Justin, a hybrid CPU/memory elastic

scaling mechanism for distributed stream processing.
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■ Chapter 6 presents our work on Charon, a fine-grain resource allo-

cation and optimized task placement mechanism for multi-query dis-

tributed stream processing.

■ Chapter 7 presents StreamBed, a capacity planner for distributed stream

processing.

■ Chapter 8 concludes this thesis with a summary of our contributions

and a discussion of future work.



Background 2
This chapter provides the necessary background to understand the context

and contributions of this thesis. We first introduce cloud computing and big

data processing in Section 2.1. This section provides a general and historical

overview of data processing, leading us to focus on distributed stream pro-

cessing in Section 2.2. We then present Apache Flink, the distributed stream

processing system used in this thesis, in Section 2.3. Finally, we discuss con-

tainer orchestration and the Kubernetes system in Section 2.4, and Apache

Kafka in Section 2.5.

2.1 Big Data Processing

Growing data volumes and the need for large-scale data processing have driven

the development of various big-data processing paradigms. The primary goal

of big data processing paradigms is to hide the complexity of distributed ex-

ecution from application developers. Instead of manually managing complex

tasks such as task scheduling and failure recovery, programmers express com-

putations using simple, high-level operators (e.g., map, reduce, join). The run-

time system translates these declarative descriptions into distributed compu-

tations, orchestrating datamovement, resource allocation, and fault-tolerance

so developers can focus on application logic rather than on the low-level de-

tails of distributed systems. To better understand the focus on stream process-

ing in this thesis, we first provide an historical overview of data processing

paradigms.

Batch Processing. Abstracting the processing of large datasets in a dis-

tributed manner was popularized by the MapReduce [DG08] programming

model. MapReduce has been widely adopted for various data processing

tasks, including data mining [NY14; SV15], log analysis [LWW13; MK17], and

machine learning [Lan+15; TAW19]. The core idea of MapReduce is to divide

datasets into smaller chunks that can be processed in parallel across a cluster

of machines. The model abstracts the computation into two main functions:

Map, which processes input data and produces intermediate key-value pairs,

and Reduce, which aggregates these intermediate results to produce the fi-

nal output. An important step in the MapReduce model is the shuffle phase,
which redistributes the intermediate key-value pairs based on their keys to

7



8 Chapter 2. Background

ensure that all values associated with the same key are sent to the same re-

ducer. This shuffle phase is crucial for the correctness of the Reduce function,

as it relies on receiving all relevant data for each key.

The MapReduce model offers a simple and powerful abstraction for dis-

tributed data processing, enabling developers to write parallel applications

without dealing with the complexities of distributed systems. These complex-

ities are handled by the underlying MapReduce framework, which manages

task scheduling, data distribution, and fault tolerance. Apache Hadoop [25a]

is one of themost popular implementations of theMapReducemodel. Hadoop

provides a distributed file system (HDFS [Bor+08]) for storing large datasets

and a MapReduce engine for executing MapReduce jobs across a cluster of

machines.

Example 2.1.1. A typical example of a MapReduce query is counting

the occurrences of words in a large collection of documents. The Map

function processes each document, emitting a key-value pair for each

word (e.g., “word”, 1). The Reduce function then aggregates these pairs

by summing the counts for each unique word, resulting in a final count

for each word across the entire dataset. A shuffle phase, hidden from the

user, ensures that all occurrences of the same word are sent to the same

reducer for aggregation.

While systems such as Hadoop are highly effective for processing large

volumes of static data, they exhibit certain limitations in terms of flexibility

and efficiency. Specifically, the separation of computation into distinct Map

and Reduce phases necessitates to store intermediate results on disk. This de-

sign choice, while facilitating fault tolerance and scalability, introduces sig-

nificant I/O overhead. Furthermore, any modification to the Reduce logic

requires the entire dataset to be re-read from disk.

To address these limitations, Apache Spark [Zah+10] emerged as a more

flexible and efficient alternative for batch processing. Spark introduces the

concept of Resilient Distributed Datasets (RDDs), which are immutable col-

lections of objects that can be processed in parallel. RDDs support in-memory

computation, allowing for faster data processing byminimizing disk I/O. Apa-

che Spark also provides a rich set of high-level APIs for various data pro-

cessing tasks, including SQL queries [Arm+15], machine learning [Men+16;

Har+17; BEI18], and graph processing [SD15; Sal+16].

The principles behind Apache Spark remains the same as MapReduce:

abstracting the complexity of distributed data processing and fault tolerance

from the user while providing interfaces closer to traditional query languages,

such as SQL.
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2.2 Distributed Stream Processing

Despite their effectiveness for processing large static datasets, Batch Process-

ing systems like Hadoop and Spark are not well-suited for applications that

require real-time data processing. However, many modern applications, such

as real-time analytics [Tön+14; Mil+16], monitoring systems [SSL13], and on-

line recommendation engines [Hua+15], require the ability to process contin-

uous streams of data with low latency. Thus, the third generation of big data

processing systems, known as Distributed Stream Processing (DSP) systems,

emerged to address the need for real-time data processing.

Apache Spark first introduced streaming capabilities with Spark Stream-

ing [Zah+13], which processes data in micro-batches. It does so by dividing

the incoming data stream into small batches, treating each batch as a RDD and

applying the same transformations as in batch processing. The next evolution

in Stream Processing came with systems like Apache Storm [14b] which pro-

vide true low-latency stream processing capabilities. They accomplish this by

processing data on a per-event basis, thus by being event-centric, where each
event is represented as a key-value pair. Apache Flink [15a] is of the latest

generation of DSP system and allows mixing both batch and stream process-

ing within the same framework, providing a unified approach to data process-

ing. Other notable stream processing systems include Apache Samza [15b]

and Apache Beam [16].

As for batch processing systems, DSP systems provide abstractions for

expressing computations as high-level operators, whose execution is han-

dled transparently by the underlying runtime system. A powerful feature

of stream processing systems lies in their ability to support stateful compu-

tations, enabling state to be maintained across multiple events.

Stream Processing Model. Stream Processing queries are defined as a di-

rected acyclic graph (DAG) where vertices represent operators and edges rep-
resent the flow of events between them. A complete graph is composed of

one or more sources, a series of intermediate operators performing transfor-

mations or aggregations, and one or more sinks. A source is an operator that

ingests events from an external system, such as amessage queue or a database.

A sink is an operator that outputs events to an external system, possibly to an-

other stream processing system. In this thesis, we refer to this representation

as the logical plan of a stream processing query.

Example 2.2.1. Figure 2.1a illustrates a simple stream processing query

that counts the occurrences of words in a stream of text data (Exam-

ple 2.1.1). The query consists of a source operator that reads text data

1 , a series of intermediate operators that split the text into words 2

and count their occurrences 3 , and a sink operator that outputs the
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(a) A simple stream processing query
that counts word occurrences in a text
stream.
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Src
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(b) A more complex stream processing
query that joins two input streams.

Figure 2.1: Examples of stream processing queries: (a) word count, (b) join of
two streams.

word counts 4 . The source operator ingests text data from an external

system and emits individual lines of text as events. The split operator

processes each line of text, emitting a key-value pair for each word (e.g.,

("word", 1)) to the count operator. The count operator aggregates these

pairs by summing the counts for each unique word. Finally, the sink op-

erator outputs the word counts to an external system, such as a database

or a dashboard.

Example 2.2.2. Figure 2.1b illustrates a more complex stream process-

ing query that joins two input streams based on a common key. The

query consists of two source operators that read data from two different

external systems 5 , 6 , a join operator that combines events from both

streams based on a common key 7 , and a sink operator that outputs the

joined results 8 .

2.2.1 Parallel Execution of DSP Queries

The primary goal of DSP systems is to process high-throughput data streams

with low latency. The performance of a DSP system is often measured in

terms of throughput (i.e., the number of events processed per second) and

latency (i.e., the time taken to process an event from ingestion to output).

However, operators in a DSP system have limited processing capacity and

can become bottleneckswhen the incoming data rate exceeds their processing

capabilities. To handle high-throughput data streams, DSP systems support

both horizontal and vertical scaling. Horizontal scaling refers to the ability

to increase or decrease the number of instances of an application to handle

varying workloads. This is typically achieved through the use of load bal-

ancers, which distribute incoming requests across multiple instances of the

application. In this context, we say that the application is scaled out (in) if
the number of instances is increased (decreased). In contrast, vertical scaling
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Figure 2.2: Execution plan for the word count query. The Source and Sink
operators do not scaled out and keep a parallelism of 1, while the Split and
Count operators are scaled out to a parallelism of 2.

refers to the ability to increase or decrease (scale up or down) the resources
(e.g., CPU, memory) allocated to the existing instances of an application.

The state-of-the art approach to achieve better performance in stream

processing systems is through horizontal scaling. Operators in a stream pro-

cessing query can be executed in parallel to handle high-throughput data

streams. This is typically achieved by partitioning the input data and dis-

tributing it across multiple instances of the operator, called tasks. Each task

processes a subset of the data, allowing for parallel execution and improved

performance. This representation of a query with parallelized operators is

called the execution plan of a stream processing query.

Example 2.2.3. Figure 2.2 illustrates the word count query from Fig-

ure 2.1a scaled out. The source and sink operators are not parallelized,

while the split and count operators are each parallelized into two tasks,

respectively. The source operator splits the input data and distributes it

across its two downstream tasks, allowing each task to process a subset

of the data in parallel.

2.2.2 Stateful Stream Processing

In the previous example, the count operator needs to maintain state to keep

track of the counts for each word. Stateful stream processing allows opera-

tors to maintain state across multiple events, enabling complex computations

such as aggregations. Stateful operators can also leverage windowing tech-

niques to group events based on time or count, allowing for volume-based

aggregations. For example, a windowed count operator could maintain sep-

arate counts for each word within a sliding time window, enabling real-time

analytics on recent data.

In stream processing, each events is typically represented as a key-value

pair, where the key is used to identify the state associated with the event.

The key is often derived from the event’s content, such as a primary key in

the event’s schema. To achieve state consistency in stateful operators, events

with the same key must be routed to the same task. This is typically achieved
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Figure 2.3: Key-based partitioning ensures that all events with the same key
(represented by colored shapes) are routed to the same task.
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Figure 2.4: Example of a stream processing query experiencing data skew.
The upper Count operator task is overloaded due to a popular key (blue
square), while the other one is underutilized.

through key-based partitioning, where events are partitioned based on a spe-

cific key (e.g., the word in the word count example). This ensures that all

events with the same key are processed by the same task, allowing the oper-

ator to maintain accurate state.

Example 2.2.4. Figure 2.3 illustrates the key-based partitioning for the
word count query. Each colored shape represents a different key (i.e. a

different word), and all events with the same key are routed to the same

task.

Stateful streamprocessing systems providemechanisms for statemanage-

ment [Car+17], including checkpointing and state recovery, to ensure fault

tolerance and consistency. These mechanisms allow operators to periodically

save their state to durable storage, enabling recovery in the event of failures.

Consistent snapshots of the operators state allows the system to restore the

state to a known good point in time, ensuring that the processing can resume

without data loss or inconsistency. The state is re-distributed to the operators’

tasks based on the key-based partitioning scheme.

Data Skew. Data skew refers to the uneven popularity of certain keys in a

data stream, leading to an imbalanced distribution of events across tasks. For

example, in a word count application, some words may appear much more

frequently than others, resulting in certain tasks receiving a disproportion-

ate number of events. Data skew can lead to performance degradation, as

tasks processing popular keys may become bottlenecks, while others remain

underutilized.
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Event time

Tumbling Window

Sliding Window

Session Window

Figure 2.5: Windowing groups events based on time or count. Windows can
be tumbling (non-overlapping), sliding (overlapping), or session-based (dy-
namic based on activity).

Example 2.2.5. Figure 2.4 illustrates a stream processing query experi-

encing data skew. The upper Count operator task is overloaded due to

a popular key (blue square), while the other one is underutilized. This

imbalance can lead to increased latency and reduced throughput, as the

overloaded task struggles to keep up with the incoming data rate.

2.2.3 Windowing

Windowing techniques are commonly used in stateful stream processing to

perform aggregations over specific time intervals or event counts, enabling

more granular analysis of the data. Common windowing strategies include

tumbling windows, sliding windows, and session windows [Ver+23], as illus-

trated in Figure 2.5.

Example 2.2.6. In theword count example, a slidingwindowof 1minute

with a slide interval of 30 seconds could be used to count the occurrences

of each word within the last minute, updating the counts every 30 sec-

onds. The windowed count operator would maintain separate counts for

each word within each 1-minute interval.

Example 2.2.7. A more complex example involves joining two streams

based on a common key within a tumbling window. Performing the join

operation on each event would require scanning the entire state of the

other stream for matching keys, leading to a significant increase in the

number of state operations compared to a simple aggregation. Instead,

the two streams can be temporarily maintained in state until the window

closes, at which point the join is performed for all events in the window.

The presence of windows in a stream processing query can significantly

impact the performance of the system. A common phenomenon observed in

windowed stream processing queries is the presence of stragglers, i.e., tasks
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that take significantly longer to process their assigned data compared to oth-

ers. Stragglers can arise due to various factors, including data skew, or late

arriving events that need to be processed within a specific window. Stragglers

can lead to increased latency and reduced throughput, as the overall progress

of the query is often determined by the slowest task.

2.2.4 Summary

We summarize the main concepts of this section, used throughout this thesis,

as follows:

■ A stream processing query is represented as a directed acyclic graph

(DAG) of operators connected by data flows, called the logical plan.

■ An operator is a logical processing unit that performs transformations

or aggregations on the events (e.g., filter, map, flatmap, join).

■ An event is an individual data item processed by the operators in the

query, represented as a key-value pair.

■ The throughput is defined as the number of events effectively pro-

cessed per second by the stream processing system. It contrasts with

the rate, which is the number of events fed into the system per second.

■ A source is an operator that ingests events from an external system.

■ A sink is an operator that outputs events to an external system.

■ Parallelization in stream processing refers to the action of operators

to be executed concurrently to handle high-throughput data streams.

■ A task is an instance of an operator that effectively processes a subset

of the data.

■ The execution plan of a stream processing query is the representation

of the query with parallelized operators.

■ Stateful stream processing allows operators to maintain state across

multiple events, enabling complex computations and aggregations.

■ Key-based partitioning ensures that all events with the same key are

routed to the same task, allowing stateful operators to maintain accu-

rate state.

■ Windowing techniques group events based on time or count, allowing

for more granular aggregations in stateful operators.
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2.3 Apache Flink

Distributed stream processing execution and orchestration come with a lot of

challenges, from state and resource management to fault tolerance and elas-

ticity. To address these challenges, DSP systems, such as Apache Storm [14b],

Apache Samza [15b], and Apache Flink [15a], have emerged over the last

decade, with Apache Flink being one of the most prominent. It is widely

used by many companies, including Alibaba, Twitter, Netflix, Uber, or Za-

lando [FA16; FS21; Clo21; Doo22; Tem22].

For the remainder of this thesis, wewill use Apache Flink (or simply Flink)

as the DSP system of choice. We provide an overview of Flink, its architecture,

its state management, and its resource management and elasticity features.

2.3.1 Programming Models

Flink provides several interfaces for defining stream processing queries, in-

cluding Java, SQL, and Python APIs. The most commonly-used API is the

Java DataStream API, which provides a high-level abstraction for defining

data processing pipelines. The user defines a query by specifying a series of

transformations and aggregations on the input data streams. These trans-

formations are provided as a set of built-in operators such as map, filter,
flatMap, and join. The API also provides support for stateful operations,
such as keyBy and window. The user can also define custom operators via

the Process Functions API but is responsible for complex aspects, such as state

management. Flink then converts the user-defined query into a logical plan,

which is then optimized and transformed into an execution plan.

Listing 2.1: A simple word count query in Flink using the Java API.

1 StreamExecutionEnvironment env = StreamExecutionEnvironment.
getExecutionEnvironment();

2 DataStream<String> text = env.fromElements("hello world", "hello
flink");

3 DataStream<Tuple2<String, Integer>> counts = text
4 .flatMap(new Splitter())
5 .keyBy(value -> value.f0)
6 .sum(1);
7 counts.print();
8 env.execute("WordCount Example");

Example 2.3.1. Listing 2.1 shows a simple word count query in Flink

using the DataStream API, which provides a high-level abstraction for

defining stream processing queries. The query reads a stream of text

lines (Line 2), splits each line into words (Line 4), counts the occurrences

of eachword (Line 6), and prints the results to the console (Line 7). Line 5

ensures that the same words are routed to their respective task. The
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Figure 2.6: Example of the resulting logical plan of a Flink query expressed in
SQL. The query from Listing 2.2 shows the jointure of two streams, auction
and person, to retrieve the names and locations of sellers for auctions in a
specific category.

query is then submitted for execution using the execute method.

A popular alternative to the DataStream API is the Table API [Fli25],

which provides a declarative way to express stream processing queries us-

ing SQL-like syntax. Users can use either the Java API, allowing them to

express queries with a semantic similar to SQL, or directly write SQL queries.

In the later case, Flink provides a SQL parser, using Apache Calcite [14a],

that converts SQL queries into logical plans, which are then optimized and

transformed into execution plans.

Listing 2.2: A more complex flink query expressed in SQL.

1 SELECT
2 P.name, P.city, P.state, A.id
3 FROM
4 auction AS A INNER JOIN person AS P on A.seller = P.id
5 WHERE
6 A.category = 10 and (P.state = ’OR’ OR P.state = ’ID’ OR P.state =

’CA’);

Example 2.3.2. Another example of a Flink query is shown in List-

ing 2.2, expressed in SQL. This query joins two streams, auction and

person, to retrieve the names and locations of sellers for auctions in a

specific category. Flink uses the Table API to convert SQL queries into

logical plans, which are then optimized and transformed into execution

plans. Figure 2.6 shows the resulting logical plan.

2.3.2 Query Optimization

Flink offers various optimizations to improve the performance of a query, in-

cluding operator chaining, which combines multiple operators into a single

operator to reduce communication overhead. This chaining can be performed

on stateless operators (e.g., map, filter) but is prevented by key-based par-
titioning (e.g., keyBy) or stateful operations (e.g., window). For the rest of
this thesis, we use the following terminology:
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Figure 2.7: Example of physical operators after operator chaining. The log-
ical operators source and map from Figure 2.1a have been chained into a
single physical operator 1 . The logical operators count and sink have also
been chained into physical operator 2 . Because of the key-based partition-
ing that prevents operator chaining, physical operator 1 is connected to
physical operator 2 through a network channel.

■ We call a Logical Operator (LO) an operator defined in the logical

plan of a query, prior to any optimization.

■ We call a Physical Operator (PO) an operator resulting from the op-

timization process, including operator chaining.
1

Example 2.3.3. Figure 2.7 shows an example of physical operators re-

sulting from operator chaining. The logical operators source and map
from Figure 2.1a have been chained into a single physical operator 1 .

The logical operators count and sink have also been chained into

physical operator 2 . Because of the key-based partitioning that pre-

vents operator chaining, physical operator 1 is connected to physical

operator 2 through a network channel.

2.3.3 Architecture

Flink follows a master-worker architecture, where a Job Manager is respon-
sible for coordinating the execution of stream processing queries, and Task
Managers are responsible for effectively executing the tasks that make up a

query. Both Job Managers and Task Managers are processes running in Java

Virtual Machines (JVMs) with their own respective resources.

JobManager and TaskManagers. The JobManager is responsible for man-

aging the lifecycle of a query, including its submission, scheduling, and mon-

itoring. It also coordinates fault tolerance and recovery (Section 2.3.4), ensur-

ing that the query continues to run in the event of failures. The Job Manager

maintains the metadata of the query, including its logical and execution plan,

state, and checkpoints. It also communicates with the Task Managers to co-

ordinate the execution of the query.

Task Managers are responsible for executing the tasks that make up a

query. A Task Manager is a JVM process with fixed resources (CPU, mem-

ory), which can execute multiple tasks concurrently. Each Task Manager has

1
The graph of physical operators is also referred to as the optimized plan.
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Figure 2.8: Architecture of Flink. The JobManager is responsible for manag-
ing the lifecycle of a query, including its submission, scheduling, and moni-
toring. Task Managers are responsible for executing the tasks that make up
a query.

a fixed number of small computation units, called task slots, which effectively

receive events, apply the logic of a single task, and forward the results to an-

other task slot. The exchange of data between tasks depends on the locality of

the tasks. If two logically connected tasks are executed in the same TaskMan-

ager, data is exchanged through in-memory channels. If they are executed in

different TaskManagers, data is exchanged through network channels, where

data is serialized and sent over TCP connections.

Figure 2.8 shows the architecture of Flink, with a single Job Manager and

multiple Task Managers. The program submitted by the user, either in Java or

SQL, is first parsed and converted into a logical plan. The logical plan is then

optimized and transformed into an execution plan, which is then scheduled

by the Job Manager across the available Task Managers.

2.3.4 State Management

The state of stateful operators’ tasks must be persisted across the processing

of different events. The storage must allow for reconfiguration and restora-

tion after failures [Car+17]. Streamprocessing systems, including Flink, there-

fore require efficient state management mechanisms to ensure fault tolerance

and consistency. Flink provides several state backends for managing state,

including in-memory, disk-based, and hybrid state backends. The choice of a

state backend depends on the requirements of the application, including the

size of the state, latency requirements, and required fault tolerance guaran-

tees.

While in-memory state backends provide low-latency access to state, they

may not be suitable for large state sizes due to memory limitations. Disk-



2.3. Apache Flink 19

based state backends, on the other hand, can handle larger state sizes but

may introduce higher latencies. Flink uses RocksDB [25h] as its default state

backend, which provides a balance between performance and fault-tolerance.

RocksDB. RocksDB is an embeddable, high-performance key-value store.

It is designed to provide low-latency access to data while ensuring dura-

bility and fault tolerance. RocksDB achieves this by using a log-structured

merge-tree (LSM tree) data structure, which allows for efficient writes. An

LSM tree uses a combination of in-memory and on-disk storage to optimize

both read and write performance. Data is first written to an in-memory ta-

ble (memtable) and periodically flushed to disk as an immutable sorted file

(SSTable). SSTables are periodically compacted to merge smaller files into

larger ones, helping to reduce the number of files. This design minimizes

random I/O and maximizes sequential I/O, resulting in high write through-

put. Additionally, RocksDB uses awrite-ahead log (WAL) to ensure durability.

All writes are first recorded in theWAL before being applied to the memtable.

In the event of a crash, RocksDB can recover the state by replaying the WAL.

Finally, an LRU-cache is used to further improve read performance by storing

frequently accessed data in memory. Read requests are first checked against

thememtables and the LRU-cache before being accessed on disk. Bloomfilters

are also used to quickly determine if a key is present in an SSTable, reducing

unnecessary disk reads.

LSM-trees have drawn significant attention. Numerous works have ex-

plored the optimization of LSM-trees through various techniques. These tech-

niques include smart compaction scheduling [Bal+19], reduced write ampli-

fication [Raj+17], or improved cache management [Bal+17]. More recently,

Mei et. al. [Mei+25] proposed a disaggregated LSM-tree design that sepa-

rates the storage and compute layers. The motivation behind this design is

to 1) remove the constraint of state size imposed by the local disk, 2) prevent

resource contention for state operations, and 3) reduce the duration of check-

poining and reconfigurations. These work address challenges orthogonal to

this thesis as they focus on systems used independently by stream processing

systems.

2.3.5 Checkpointing and Reconfigurations

Checkpointing is a fundamental mechanism in Flink to ensure fault tolerance

and support reconfigurations, such as scaling operations. Flink periodically

takes consistent snapshots of the state of all stateful operators’ tasks. This

mechanism was first introduced by Carbone et. al. [Car+17] and is based on

the Chandy-Lamport distributed snapshot algorithm [CL85]. The algorithm

works by injecting special markers into the data stream, which propagate

through the operators’ tasks. When a task receives a marker, it takes a snap-
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shot of its state and forwards the marker to its downstream tasks.

The Job Manager requests checkpoints at regular intervals, and each Task

Manager participating in the query execution takes a snapshot of its state

and stores it in a durable storage system, such as HDFS or S3. Checkpoints

are taken asynchronously, allowing the query to continue processing events

while the checkpoint is being taken. In the event of a failure, the Job Manager

can restore the state of the query from the latest checkpoint to prevent re-

processing of events. Checkpoints can also be used for other purposes, such

as state migration [Din+15; Hof+19].

Reconfigurations. Reconfigurations in Flink can occur in response to var-

ious events, such as task failures or changes in the deployed queries’ execu-

tion plans. After a fault, Flink can use the latest checkpoint to restore the

state of the affected tasks and re-establish the data flow. Data sources such

as Kafka are used to replay any data that may have been processed following

the previous checkpoint. During re-scaling, Flink can adjust the number of

task instances for a given operator, either by adding or removing tasks. To do

this, Flink stops the sources and takes a specific checkpoint called a savepoint.
It then re-deploys the query with the new parallelism and restores the state

from the savepoint.

Flink uses a consistent hashing scheme to partition the state o f operators’

tasks. When scaling out, the state of existing tasks is redistributed among the

new set of tasks based on the consistent hashing scheme. When scaling in, the

state of the tasks being removed is redistributed among the remaining tasks.

This is done with key groups, which are tiny partitions of the key space. The

number of key groups gives themaximumparallelism allowed for an operator.

Example 2.3.4. Consider an operator with a maximum parallelism of

256 and a current parallelism of 2. The key space is divided into 256

key groups: KG0,...,255. With a parallelism of 2, the first task is assigned

key groups KG0,...,127, while the second task is assigned KG128,...,255. If

we scale out the operator to a parallelism of 4, task 1 will be assigned

key groups KG0,...,63, task 2 will be assigned KG64,...,127, task 3 will be

assigned KG128,...,191, and task 4 will be assigned KG192,...,255. The state of

the original tasks is redistributed accordingly.

2.3.6 Resource Management

Both Job Managers and Task Managers in Flink are allocated a fixed amount

of resources (CPU, memory) at startup. The Job Manager typically requires

fewer resources than Task Managers, as it is primarily responsible for coor-

dinating the execution of queries. We disregard the resource management of

Job Managers in this thesis, as they are not involved in the actual processing
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Figure 2.9: Resource management in Flink. Task Managers have a fixed
amount of resources (CPU, memory) and a fixed number of task slots. Each
task slot receives a fixed amount of resources, determined by dividing the
total resources of the Task Manager by the number of task slots. RocksDB
uses a Managed memory pool, equally shared among all task slots, to create
its memtables and caches.

of data, and focus on the resource management of Task Managers.

Each TaskManager has a fixed amount of resources and a fixed number of

task slots. The number of task slots is configurable at the startup of the Task

Manager and is typically set to the number of CPU cores available to the Task

Manager. Each task slot receives a fixed amount of resources, determined

by dividing the total resources of the Task Manager by the number of task

slots. This resource allocation strategy therefore allocates the same amount

of resources to all task slots in a Task Manager.

CPUManagement. Task slots are single-threaded but are not dedicated to a
specific CPU core, meaning that multiple task slots can run on the same core.

Background tasks, such as checkpointing or state compaction, are executed

in separate threads and compete for CPU resources with the tasks.

Memory Management. Memory in a Task Manager is divided into two

main categories: JVM heapmemory andManagedmemory. Managedmemory

is the memory pool used by RocksDB to store its data structures, including

the memtables and the LRU-cache. The size of the Managed memory pool is

configurable and typically set to a fraction of the total memory of the Task

Manager. It is equally shared among all task slots in the Task Manager. The

remaining memory is used as JVM heap memory, which is used by the Task

Manager for either user code or internal data structures. JVM heap memory

is also used for network buffers, which are used to exchange data between

tasks.

Figure 2.9 illustrates resource management in Flink for a single TaskMan-

ager. The Task Manager has four task slots, each receiving a fixed amount of

CPU and memory resources. The Managed memory pool is equally divided

among all task slots, while the remaining memory is used as JVM heap and
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network memory. Each RocksDB instance created by a task slot uses its share

of the Managed memory to create its memtables and caches.

2.3.7 Elasticity

As depicted in Section 2.3.6, task slots in Flink receive a fixed amount of re-

sources. Tasks executed in the tasks slots are therefore limited by their al-

located resources and can only perform a limited amount of operations per

second. When the workload increases, tasks may become overwhelmed and

unable to keep up with the incoming data rate. Elasticity, or elastic scaling,

is the ability of a system to automatically adapt to workload changes by pro-

visioning and de-provisioning resources. In Flink, it is typically achieved by

increasing or decreasing the parallelism of operators in a query.

Elastic scaling has been extensively studied in the context of cloud com-

puting [LEB15; Cou+15; Al-+17; San+20; Ahm23], with various techniques

proposed for scaling virtual machines and containers. The techniques of-

ten rely on monitoring resources usage and application-level metrics to make

scaling decisions, e.g. using threshold-based approaches. Other approaches

use model-based techniques to predict the resource requirements of applica-

tions and make scaling decisions accordingly [MK20; Rat+23].

Elastic scaling in DSP has also been widely studied [RM19; Car+22]. First

generations of elastic scaling, such as Dhalion [Flo+17], relied on threshold-

based approaches — such as “if the CPU usage of an operator exceeds 80%, then
scale this operator out” — to make scaling decisions. Such systems scaled op-

erators one at a time, requiring a significant number of scaling decisions to

achieve the desired performance. More recently, Kalavri et.al. [Kal+18] pro-

posed DS2, a model-based approach that scales multiple operators at a time,

requiring fewer reconfiguration steps than with the previous approaches to

converge to the desired performance. A variant of DS2 has been integrated

into Flink as the default auto scaler and is considered to be the state-of-the-art

in elastic scaling for DSP.

The DS2 Algorithm. DS2 builds on the principle that the performance of a

stream processing query is determined by its bottleneck operators. A bottle-

neck operator is an operator that is unable to keep up with the incoming data

rate, causing backpressure in its upstream operators. DS2 first introduces the

notion of busy time (or useful time), which is the fraction of time an operator

spends processing events over one second. An operator can be in one of three

states:

■ Idle if it is not processing any events, i.e. its upstream operators are

not producing any events.

■ Busy if it is effectively processing events. This includes both the time
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Src o1 o2

10 events/s 100 events/s

Target: 40 events/s

Figure 2.10: Example of an under-provisioned query. Operator 𝑜1 can process
up to 10 events per second, while operator 𝑜2 can process up to 100 events
per second. The target throughput of the query is 40 events per second but
is limited to 10 as it is capped by operator 𝑜1.

spent (de)serializing events, applying the operator logic, and forward-

ing the results to downstream operators.

■ Backpressured if it is unable to forward its processed events to its

downstream operator(s). This happens if the downstream operator(s)

are busy or backpressured. Backpressured operators cascade the back-

pressure to their upstream operators, which may also become back-

pressured.

At any given time, the sum of the fractions of time an operator spends

in each state is equal to 100%. A busy time of 100% means that the operator

is continuously processing events and has reached its maximum processing

capacity. A busy time below 100%means that the operator is not fully utilizing

its allocated resources. Following this principle, DS2 introduces the notion of

true processing rate, which corresponds to how many events an operator can

process per unit of useful time. This contrasts with the observed processing
rate, which corresponds to how many events an operator processes per unit

of observed time.

Example 2.3.5. Consider the query from Figure 2.10, where operator 𝑜1
is a bottleneck. Operator 𝑜1 can process up to 10 events per second, while

operator 𝑜2 can process up to 100 events per second. The target through-

put of the query is 40 events per second, but the maximum throughput

is limited to 10 events per second by operator 𝑜1. Operator 𝑜1 is there-

fore busy 100% of the time, while operator 𝑜2 is busy 10% of the time

and idle 90% of the time. The observed processing rate of operator 𝑜1 is

10 events per second, while its true processing rate is also 10 events per

second. The observed processing rate of operator 𝑜2 is 10 events per sec-

ond, while its true processing rate is 100 events per second. To increase

the throughput of the query to 40 events per second, we can increase

the parallelism of operator 𝑜1 from 1 to 4, allowing it to process up to 40

events per second — assuming linear scalability.

Model Formulation. The DS2 first recursively computes the aggregated true
output rate of each operator, defined as the rate at which an operator can
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process events when itself and its upstream operators are deployed at their

optimal parallelism to keep up with the incoming data rate. It is computed

starting from the source operators and propagating downstream. The optimal
parallelism of each operator is then computed using the ratio of aggregated

true output rate of its upstream operators to the average true processing rate

of the operator itself.

The DS2 algorithm makes several assumptions, including that operators

scale linearly with their parallelism and that the true processing rate of an op-

erator remains constant over time. Another strong assumption is that the tar-

get throughput of the query is known in advance. In practice, the data sources

are dictated by external systems, such as message queues or databases, and

the target throughput may not be known or show important fluctuations.

2.3.8 Summary of Concepts

In this section, we provided an overview of Flink, its architecture, its state

management, and its resource management and elasticity features. We now

summarize the main concepts of this section, used throughout this thesis, as

follows:

■ A Job Manager is a JVM process responsible for coordinating the ex-

ecution of stream processing queries.

■ A Task Manager is a JVM process responsible for executing the tasks

that make up a query.

■ A task slot is a fixed computation unit within a Task Manager that

executes a single task.

■ RocksDB is the default state backend in Flink, providing performant

write operations and fault-tolerance.

■ Managed Memory is a memory pool within a Task Manager that is

used by RocksDB. It is equally shared among all task slots in the Task

Manager.

2.4 Orchestration with Kubernetes

Flink applications can be deployed andmanaged on various platforms, includ-

ing on-premises clusters, cloud platforms, and container orchestration sys-

tems. The more popular approach for deploying Flink applications is through

container orchestration platforms, such as Kubernetes. Job Managers and

Task Managers are deployed as containers with specific resource require-

ments (CPU, memory) and configurations. Kubernetes then manages the life-

cycle of these containers.
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Kubernetes [25g] is an open-source container orchestration platform that

automates the deployment, scaling, and management of containerized appli-

cations. It provides a robust and scalable platform for running distributed

applications, including DSP systems like Flink. Applications are deployed as

pods, which are the smallest deployable units in Kubernetes. A pod can con-

tain one or more containers, which share the same network namespace and

storage volumes. Kubernetes provides various features for managing the life-

cycle of pods, including rolling updates, self-healing, and scaling.

FlinkKubernetes Operator. Deploying andmanaging Flink clusters on Ku-

bernetes can be complex and prone to errors when done manually. Numerous

Kubernetes Operators have been developed to simplify the deployment and

management of Flink clusters on Kubernetes. The general idea behind Ku-

bernetes Operators is to extend the Kubernetes API with custom resources

and controllers that automate the deployment and management of specific

applications. These operators encapsulate the best practices and knowledge

required to deploy and manage the application effectively, giving users a sim-

plicist interface to interact with.

Listing 2.3: Example of a Flink cluster deployment on Kubernetes using the Flink

Kubernetes Operator.

1 apiVersion: flink.apache.org/v1beta1
2 kind: FlinkCluster
3 metadata:
4 name: example-flink-cluster
5 spec:
6 image: flink:latest
7 jobManager:
8 resource:
9 cpu: 1
10 memory: 2048m
11 taskManager:
12 resource:
13 cpu: 4
14 memory: 4096m
15 numberOfTaskSlots: 4

Spotify initially developed the Flink Kubernetes Operator [Spo23] toman-

age Flink clusters on Kubernetes internally, altough it is no longer actively

maintained. The Flink Kubernetes Operator [25c] is a collective effort from

the Flink community to provide a native Kubernetes experience for deploying

and managing Flink clusters. It provides a custom resource definition (CRD)

for defining and managing the lifecycle of Flink clusters. Listing 2.3 shows an

example of a Flink cluster deployment on Kubernetes using the Flink Kuber-

netes Operator. The deployment specifies the resource requirements for the

Job Manager and Task Managers, as well as their own specific configurations

(e.g., number of task slots per Task Manager). Initially, only the Job Manager

is deployed. The Task Managers are then deployed by the Job Manager based
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on the resource requirements specified in the deployment. The Flink Kuber-

netes Operator also takes care of removing excess Task Managers when they

are no longer needed.

Listing 2.4: Example of a Flink job submission on Kubernetes using the Flink Kuber-

netes Operator.

1 apiVersion: flink.apache.org/v1beta1
2 kind: FlinkSessionJob
3 metadata:
4 name: query1
5 spec:
6 deploymentName: example-flink-cluster
7 job:
8 jarURI: https://forge.uclouvain.be/DonatienSchmitz/thesis/-/raw

/main/nexmark/Query1.jar
9 parallelism: 1

Jobs are submitted to the Flink cluster through the Job Manager, which is ex-

posed as a Kubernetes service. The job submission is done using a CRD called

FlinkSessionJob. Listing 2.4 shows an example of a Flink job submis-

sion on Kubernetes using the Flink Kubernetes Operator. The job submission

specifies the JAR file containing the job code and the desired initial parallelism

for the job.

DS2 on Flink Kubernetes Operator. The DS2 algorithm presented in Sec-

tion 2.3.7 has recently been integrated in the Flink Kubernetes Operator, al-

lowing for dynamic scaling of Flink applications running on Kubernetes. This

implementation however, slightly differs from the original DS2 algorithm. Al-

though the original DS2 paper made the assumption that the target through-

put is known in advance, this is not the case in the context of the Flink Kuber-

netes Operator. The target throughput is not known beforehand, as it depends

on theworkload submitted to the Flink cluster. To address this, the DS2 imple-

mentation in the Flink Kubernetes Operator uses a threshold-based approach

to determine the optimal parallelism of operators.

Instead of computing the optimal parallelism based on a target through-

put, the user can specify a target average busy time in which the system

aims to keep the operators busy. The parameters scaleUpThreshold and

scaleDownThreshold define the upper and lower bounds for the aver-

age busy time. The target optimal parallelism is then computed based on the

observed average busy time of the operators. With the lack of a known target

throughput, this implementation often leads to more scaling decisions before

stabilization than the original DS2 algorithm but remains effective in adapting

the resources needed to the workload.
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2.5 Apache Kafka

Apache Kafka [KNR+11] is a high-performance stream platform designed

for fault tolerance and horizontal scalability. A Kafka deployment uses sev-

eral storage servers, or brokers (each hosting multiple hard drives or SSDs).

Datasets in Kafka are streams of events grouped as topics. Each topic is parti-

tioned, typically using a hash function over event identifiers. Each partition

is stored by several brokers for fault tolerance. A Kafka client connects to

one or more partitions to receive new events or replay events starting from

a specific index. Events in Kafka are structured according to a schema, i.e., a
pre-determined number of fields with a given type. Kafka also supports basic

processing, e.g., using KafkaStreams [Bej24].

Kafka topics are often used as data sources and sinks for DSP systems,

including Flink. Topics use offsets to track the position of consumers in the

stream. When a Flink job reads from a Kafka topic, it periodically commits

the offsets of the events it has processed (i.e. during checkpoints). In case of a

failure or reconfiguration, the Flink job can resume processing from the last

committed offsets, ensuring exactly-once processing semantics.

2.6 Summary

In this chapter, we provided the necessary background to understand the con-

text of this thesis. We introduced a historical overview of data processing

leading to distributed stream processing (DSP). We then presented Apache

Flink, the DSP system used in this thesis, discussing its architecture, state

management, fault tolerance, and resource management. Finally, we dis-

cussed container orchestration with Kubernetes, focusing on the Flink Ku-

bernetes Operator for deploying and managing Flink clusters and jobs.

This background sets the stage for the subsequent chapters. First, we

characterize a DSP workload in the context of a production data lake in Chap-

ter 3. This study allows us to identify the challenges and requirements for

efficient stream processing in such environments, which we present in Chap-

ter 4. These challenges motivate our research on improving resource man-

agement, elasticity, and resource usage predictability in DSP systems, which

we address in the following chapters.
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The previous chapter provided background on distributed stream processing

(DSP) with a focus on Apache Flink. In this chapter, we analyze the character-

istics of an actual data lake production workload, including 129 queries and

142 data sources. This analysis is motivated by our collaboration with Eura

Nova, an industrial partner operating this data lake. During discussions with

Eura Nova, we identified key challenges they face in managing their stream

processing infrastructure. To better understand these challenges, we con-

ducted a comprehensive analysis of the workload collected from their stream

processing system.

Objectives. We study an industrial deployment of Digazu [Nov24], a mod-

ern data lake solution commercialized by Eura Nova. Digazu streamlines data

management and interrogation workflows. It provides simple graphical inter-

faces for data management and the execution of SQL queries on streams of

historical and new data. For its back-end, Digazu leverages scale-out deploy-

ments of Kafka and Flink. This backend is deployed on a private or public

cloud using the Kubernetes container management system [25g].

The deployment we observe is at a large international company.
1
This

company deploys complex business analytics on a combination of multiple

IoT data streams and real-time data flows resulting from their customers’ and

employees’ interactions with their IT infrastructure. Data scientists and busi-

ness experts use this Digazu deployment to run a variety of queries. These

queries target either historical data recorded in Kafka (batch queries), stream
data ingested live by Kafka soon after its production (streaming queries), and
very often a combination of both (hybrid queries). The latter ones first replay
historical data from Kafka and then switch to processing newly-arriving data

as it is ingested. The hybrid batch-stream query model relies on processing

the entire data set, resulting in the absence of temporal windowed operations

in queries.

1
While this client company authorized this observation and the publication of our results,

our confidentiality agreements do not allow us to reveal its name.

29
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We instrumented the back-end of this Digazu instance (i.e., Kafka and

Flink on Kubernetes). We collected application-level metrics about data sour-

ces and queries for a representative period of 24 hours, together with system-

level metrics about the configuration of these systems (e.g., scale-out con-

figurations used by Flink queries). Queries in Digazu run for long periods,

often spanning days or weeks. Therefore, the workloads captured represent

snapshot of the system’s behavior during this 24-hour period.

The objective of this study is not to produce a benchmark that will be

reused across this thesis to evaluate our contributions. Without access to

the raw data and queries, it is impossible to faithfully reproduce these work-

loads. Rather, we aim to identify the key challenges of DSP by analyzing a

real production workload. Our focus is on characterizing workload proper-

ties, resource-usage patterns, and query structures.

The sensitive nature of the data and queries processed in this deployment

prevents us from using the raw workloads directly. The scripts and tools

used to extract and analyze the workloads were approved by the client com-

pany but their execution remained under the control of Eura Nova. Therefore,

findings will inform research directions instead of serving as a standardized

benchmark.

Outline. The remainder of this chapter is organized as follows. Section 3.1

provides background information data lakes. In Section 3.2, we describe our

methodology for collecting and analyzing the workload. Section 3.3 presents

the results of our analysis, highlighting key workload, and query character-

istics. Finally, Section 3.5 summarizes our findings and discusses their impli-

cations for the design and management of DSP systems.

3.1 Data Lakes

The type of production platform we have been able to observe is a data lake.
A data lake integrates data ingestion, storage, and analysis and enables in-

formed business decisions [Nar+19]. As a logically centralized platform, it

allows business analysts to access in a single location historical and newly-

arriving data, or sources, and execute processing queries to extract business

intelligence (following the “Extract-Load-Transform” pattern [HCM22]). The

results of queries are then stored in the data lake, forming new sources. A

data lake facilitates the complete lifecycle of data management, from meta-

data handling and data governance to the orchestration of queries [RZ19].

Logically centralizing data and processing emerged via the datawarehouse
concept for structured, relational data [Gar98]. Data lakes extend this idea

to unstructured data and large-scale settings. They rely on scale-out back-
ends for storage and processing. Early data lakes focused on at-rest data,

prominently using Apache HDFS [KC13] for storage and Hadoop [Whi12]
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for processing. Apache Spark [Zah+16] added support for iterative and in-

teractive queries. Latest-generation data lakes integrate support for stream

data. The ability to quickly react to incoming data and update the output

of persistent queries is, indeed, a key business asset [Car+20]. The couple

formed by Apache Kafka [RP23] and Apache Flink [15a] is probably the most

popular backend today for high-performance data lakes integrating fault-

tolerant, high-performance storage with support for batch, streaming, and

hybrid queries [Clo21; Doo22; 24a].

3.2 Methodology

We detail how we analyzed our workloads, including constraints and limita-

tions due to the industrial production setting and confidentiality agreements.

Collection of workloads. The production deployment of Digazu was in-

strumented to collect information from Kafka and Flink operation and at the

system/infrastructure level. We developed custom monitoring scripts and

configurations to gather relevant metrics while minimizing the performance

impact on the production system. The scripts were executed under the super-

vision of Eura Nova’s IT team to ensure compliance with their operational

policies. The resulting workloads were stored securely and analyzed from

inside the Eura Nova premises to respect data privacy and confidentiality

agreements. Finally, all collected statistics were anonymized before analy-

sis to protect sensitive information about the company’s operations.

The complete infrastructure runs as a collection of containers managed

with Kubernetes. For this particular client, Digazu is deployed on a cluster

of 10 nodes, each with 32 CPU cores and 64 GiB of RAM. The cluster hosts

100 Task Managers, each equipped with 2 CPU cores and 2 GiB of RAM. Each

Task Manager can host up to 4 task slots. Three Kafka brokers are deployed,

each with 4 CPUs, 4 GiB of RAM, and a 3 TiB storage. For both system- and

application-level metrics, we leveraged Prometheus [24b] for collection and

storage. Our workloads span one full day (24 hours) of data (from 10 am

to 9:59 am the next day). This observation period was chosen to represent

a typical business day for the company. The resulting workloads analysis

contains both static information (e.g., the structure of submitted queries) and

dynamic information collected as time-series aggregates by Prometheus (e.g.,

the rate, in events per second, processed by a Flink task). All time series have a

periodicity of 10 seconds. We do not have access to system-level metrics from

the underlying Kubernetes cluster (e.g., CPU and memory usage of nodes and

pods).

Collected metrics and anonymization. We collect metrics from two main

origins: (1) data sources from Kafka, and (2) queries running on Flink. This
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data collection follows strict data access and anonymization rules agreed with

the company. This impacts the completeness of the data compared to clear-

text data collection, but it was a necessary compromise for the realization of

our study.

3.2.1 Topics

The data lake host 466 Kafka topics, some of which are used as data sources

and others as sinks. The 129 queries recorded in the workloads access 142 of

these different topics as sources. These topics correspond to a large diversity

of sources within the company, e.g., IoT streams, live events from user in-

teractions, or the integration of existing data silos (e.g., relational databases).

They contain a mix of at-rest and live data. Although we do not have direct

access to the nature of the sources, i.e., statistics on the events, we were able

to retrieve their total volume of at-rest data. We can observe when a hybrid or

batch query replays complete topics (i.e., from index 0) and infer how many

events were processed as part of such an initial batch phase. Following this

phase, we can observe the topic’s streaming rate of newly-arriving events. We

do not have access to the cleartext schemas used for events stored in Kafka

topics, but we can infer most of this information from queries. Topic names

are made visible by the TableAPI, along with their field names. We record the

number of fields (schema size) using source Logical Operators’ (LO) readings.

The type of each field is unknown to the source (LO), e.g., int, string,
date, boolean, etc. However, we can infer this field type in 80% of the

cases by analyzing the query graph and its LOs. Indeed, many LOs explicitly

enforce a field type for their operation from which we can make this deduc-

tion.

3.2.2 Queries

The 129 queries we observe from 92 users are all expressed in SQL using

Flink’s Table API. For each query, we extract its logical structure, i.e., the set

of LOs, their nature (e.g., source, sink, filter, join, . . . ), their connections
in the query graph, and which ones need to maintain state. In addition, we

record the physical query implementation, i.e., after Flink compiles it for ex-

ecution: we record the number of Physical Operators (PO), which LOs they

aggregate, and which key (field identifier) is used for keyed streams crossing

PO boundaries.

All queries ran over the full, 24-hour observation period. We do not have

access to the initial submission time or responsible user.

The query deployment maps each PO to several physical tasks. This de-

gree of parallelism is chosen by platform administrators (i.e., there was no
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elastic scaling during the day of observation). We record this degree of par-

allelism for each PO.

For each physical task of a running query, we collect several time series

about its execution. The output rate and written Bytes give the average num-

ber of events and volume of data this task outputs per second. Aggregating

over its tasks yields the same metric for a complete PO. Input rate and read

Bytes function similarly.

Some POs contain one or more stateful LO(s), making them de facto state-
ful. Knowing the state size of a stateful PO’s task(s) is interesting for memory

provisioning and capacity planning [RSR24a; Agn+24]. Collecting the exact

state size requires instrumenting the state backend of Flink (RocksDB), which

we evaluated as having a too large impact to be deployed on this production

system. Instead, we rely on checkpoint sizes as a proxy for state size (see Sec-

tion 2.3.5). We build upon the fact that Flink queries’ states are periodically

checkpointed to disk [Car+17] for recovery after faults and reconfigurations.

The size of incremental checkpoints is an indicator of the state size and its

evolution over time. We collect it together with the checkpoint collection

time.

Correlation analysis. We further perform correlation analyses using the

Pearson correlation coefficient [Ben+09], which we denote 𝑃𝑐 in this thesis.

The Pearson correlation coefficient is widely used in statistics to measure the

strength and direction of the linear relationship between two continuous vari-

ables. Given two variables 𝑋 and 𝑌 , 𝑃𝑐 is defined as:

𝑃𝑐 =
𝑐𝑜𝑣 (𝑋,𝑌 )
𝜎𝑋𝜎𝑌

=
𝐸 [(𝑋 − 𝜇𝑋 ) (𝑌 − 𝜇𝑌 )]

𝜎𝑋𝜎𝑌

where 𝑐𝑜𝑣 (𝑋,𝑌 ) is the covariance of 𝑋 and 𝑌 , 𝜎𝑋 and 𝜎𝑌 are the standard

deviations of𝑋 and𝑌 , and 𝜇𝑋 and 𝜇𝑌 are themeans of𝑋 and𝑌 . 𝑃𝑐 ranges from

−1 to 1, where 1 indicates a perfect positive linear correlation, −1 indicates a
perfect negative linear correlation, and 0 indicates no linear correlation.

3.3 Workload analysis

We analyze our workloads in three phases. First, we explore the nature of

data stored in Kafka (§3.3.1). Then, we characterize the structure of queries
(§3.3.2) and their execution (§3.3.3).

3.3.1 Data in and from Kafka

The Digazu data lake hosts 466 topics of varying sizes, with the largest topic

containing 165 GiB of data. Among those topics, 285 (∼61%) are direct data
sources, while the remaining 181 (∼39%) are not used as sources for other
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(d) Distribution of stream data bursti-
ness.

Figure 3.1: Data volumes across Kafka topics.

queries. A total of 142 Kafka topics were used by at least one query during

our 24-hour observation period. During this period, these topics received a

total of 19,607,011 events for 20 GiB of data.

Figure 3.1 presents the volume of batch and stream data per topic. Fig-

ure 3.1a shows the volume of batch data per topic, which is the data that

was already present in Kafka before our observation period. We see that the

majority of topics have a small amount of batch data, with only a few top-

ics accounting for the majority of the data. Figure 3.1b shows that ∼18% of

the topics did not ingest new events during the observation period, while a

single topic has ingested ∼16 GiB worth of events. Overall, we identify a sig-

nificant disparity in the volume of stream data per topic with a median value

of ∼66 KiB.
We further evaluate a possible linear correlation between the volume of

stream data generated by topics and their initial batch data size. Figure 3.1c

shows the scatter plot of the two metrics (the X-axis is displayed in log scale

for readability) for the 142 topics used during the observation period. A value

of 𝑃𝑐 of 0.976 indicates a strong linear correlation between the two metrics.

We then analyze the topics’ “burstiness”, i.e., their tendency to produce

events in bursts rather than continuously. Figure 3.1d shows the CDF of a
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(a) Distribution of average event sizes.
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(b) Distribution of event sizes variability.

0.0 0.1 0.2 0.3 0.4
Variability of event sizes

0

1000

2000

3000

Av
er

ag
e 

ev
en

t s
ize

 [B
]

Pearson coefficient: 0.004

(c) Correlation between average event
size and its variability. (𝑃𝑐 = 0.004)
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(d) Distribution of schema size (#fields).
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Figure 3.2: Events characteristics across Kafka topics. Red thin line indicates
the linear regression, and the red-shaded zone represents the 95% confidence
interval.

burstiness metric that we define as the peak-to-average ratio, i.e., the ratio

between the maximum throughput observed in a 5-minute time window and

the average throughput. A burstiness value of 1 indicates a perfectly steady

flow of events. Bursty patterns have greater burstiness values. The results

show that the large majority of topics produce events in bursts. We evaluate

a possible linear correlation between the volume of data generated by topics

and their burstiness. A value of 𝑃𝑐 = −0.13 indicates the absence of a clear

linear correlation.
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In Figure 3.2, we further analyze the nature of events in these topics. Fig-

ure 3.2a shows the average event size distribution across topics, ranging from

60 B to 3,700 B, with a median of 353 B. To understand whether this small av-

erage event size does not “hide” an unbalanced size distribution mixing small

and large events, Figure 3.2b plots variability, i.e., the ratio between standard

deviation and average of event sizes. For 60% of the topics, event size has

low variability (< 10%). For the remaining 40%, this variability remains very

moderate (< 50%).

We evaluate the correlation between the average event size and variabil-

ity (normalized as a fraction of this average size). Figure 3.2c is a scatter plot

showing, for each topic, a point linking its average event size and its variabil-

ity. In addition to 𝑃𝑐 , we plot the linear regression using a red line along with

a 95% confidence interval using a red-shaded zone. The coefficient between

average event size and topic size variability is 𝑃𝑐 = 0.004, indicating no linear

relation between the two metrics.

We now analyze the schema characteristics across the 142 topics. Fig-

ure 3.2d presents the distribution of the number of fields. Schema sizes range

from 2 to 191 fields, with a median of 15 fields. The distribution of the 80%

of types information we could infer from queries (as detailed in Section 3.2)

is given by Figure 3.2e. Most identified field types are strings, followed by

numerical values, dates, and booleans. The correlation between the average

event size and the schema size is given by Figure 3.2f, with a strong positive

linear correlation (𝑃𝑐 = 0.874). The primary factor contributing to event size

appears to be the number of fields rather than some particularly large values

over a subset of these fields.

Takeaway 1. Data received in the data lake is highly heterogeneous in vol-

ume but consists of relatively small events with limited size variability. The

principal factor for event size is the size of the schema, possibly featuring

many fields.

3.3.2 Queries’ static properties and structures

We now analyze the nature of the 129 queries submitted to Flink. In this

subsection, we first look at the structure of queries, both upon submission

(i.e., the graph of LOs) and after compilation and optimization by Flink (i.e.,

the resulting set of POs).

We first look at the source Kafka topics used by queries (hereafter denoted

as “sources” for brevity). Figure 3.3a shows that 78/129 (∼60%) of the queries
use a single source. 41 (∼32%) use two sources, and only 10 (∼8%) use more,

with up to 6 sources. Figure 3.3b shows the number of queries reading from

each of the 142 Kafka topics (note that, as we do not have access to the full

list of Kafka topics but only infer those used by queries, each topic is sourced
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Figure 3.3: Queries sources and graph size.

by at least one query in the workload). 112/142 (∼79%) of the topics are used
by a single query. The other 30 topics are used by a small number of queries,

with up to 7 queries for a single topic. This may be a surprising result: a

classical expectation (the 80/20 rule) is that a large number of queries use a

small number of topics. In fact, the largest topic by volume is accessed by a

single query, and there is no clear correlation between the volume of data and

the number of queries using a topic.

Figure 3.3c presents the distribution of the queries graph size before and

after operator merge (i.e., number of LOs and POs). We observe that merging

effectively reduces the number of physical operators that have to be deployed

using physical tasks in the Flink cluster: the majority of queries have less than
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Figure 3.4: Statistic on topic schema usage.

4 POs, and the distribution is shifted leftwards. Queries have from 3 to 28 LOs

but at most 17 POs.

The main factor preventing the merge of LOs into POs is the presence

of stateful operators in the query (see Section 2.3.2), particularly join LOs,

as the two flows consumed by such operators are generally not from the

same original source and/or not partitioned using the same key. Multi-source

queries are typical of this case. Figure 3.3d relates the query graph sizes to

the number of sources, establishing a strong linear correlation in both cases

(𝑃𝑐 = 0.945 for LOs and 𝑃𝑐 = 0.983 for POs). Most queries with 2 or 3 POs

(53/79, or ∼68%) are stateless ones with a single source, i.e., performing sim-

ple transformations on individual events. In fact, we identify 8 queries (∼6%)
that only filter events and 45 queries (∼35%) either transforming or projecting

events.

We then analyze what we call the percentage of useful fields of a source.
While reading data from a Kafka topic, Flink fetches the whole schema of the

records even if only a subset of the schema is necessary for the query. This

results in unnecessary network traffic and larger deserializations. We define

the ratio of useful fields as the ratio between the number of fields necessary

to execute the query’s logic and the number of fields in the initial schema.

Figure 3.4a shows the distribution of ratios for each source. Note that some

sources did not expose the schemas to Flink and were omitted from the fig-

ure. The results indicate that the majority of sources transfer unnecessary

data with a median of 50% of fields being useful. We also note that none of

the queries used all the fields of a source. Finally, we analyze a possible cor-

relation between the percentage of useful fields and the initial schema size.

Figure 3.4b shows a scatter plot of the twometrics. The correlation coefficient

has a value of 𝑃𝑐 = −0.221, indicating a weak negative linear correlation.

We further analyze the operators used in the queries, focusing on state-



3.3. Workload analysis 39

0 1 2 3 4 5
Join operators

0

25

50

75

100
Qu

er
ie

s
100

20
3 2 2 2

(a) join LOs per query.

0 1 2 3 4 5 6
Sources

0
1
2
3
4
5

Jo
in

 o
pe

ra
to

rs

Pearson coefficient: 0.899

(b) Correlation between number of join
LOs and sources. (𝑃𝑐 = 0.899)

0 5 10 15
Physical operators

0
1
2
3
4
5

Jo
in

 o
pe

ra
to

rs

Pearson coefficient: 0.910

(c) Correlation between number of join
LOs and number of POs. (𝑃𝑐 = 0.910)

0 1 2
GroupAggregate operators

0

20

40

60

80

Qu
er

ie
s

69
58

2

(d) group-by/aggregation LOs per
query.

Figure 3.5: Statistics on queries’ operators.

ful operators. As previously stated, the query model of hybrid batch-stream

processing results in the absence of time-based operations, such as windows.

As a result, none of the stateful operators uses windowed operations, i.e., all

compute over the entire data set from their corresponding sources.

Our results are in Figure 3.5. 76/129 (∼59%) of the queries have at least

one stateful LO (and, therefore, at least one stateful PO). 29/129 (∼22%) of the
queries have at least one join LO (Figure 3.5a); only a few queries have 2

or more, and none has more than 5. Unsurprisingly, there is a strong linear

correlation (𝑃𝑐 = 0.910) between this number and the number of sources as

join LOs mostly consume data from distinct streams (Figure 3.5b). Note,

however, that some queries have more join LOs than sources, as a single

topic may be split by different filter LOs before joining the two result-

ing sub-streams. The strong linear correlation between the number of join
LOs and the total number of POs in the optimized query graph (Figure 3.5c)

concurs with our previous observation that such operators are the principal

obstacle to operator merging and, as a result, a key factor in query complexity

and deployment cost. Finally, we observe the distribution of the number of

group-by/aggregate LOs (i.e., collecting data for individual keys in a

partitioned stream and computing sum, count, min, max, ... ag-
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Figure 3.6: Runtime statistics of queries.

gregates for each key). 69/129 queries (∼53%) have no such LO, while the rest

(60/129) have one or, for only two queries, two of them.

Takeaway 2. Queries tend to be relatively complex and include stateful op-

erators. Operator merging is successful in many cases but limited by join
operators, making queries with multiple sources intrinsically more complex

to deploy and run. On the other hand, the distribution of sources’ popularity

is relatively balanced.

3.3.3 Dynamic query statistics

In this final phase, we analyze the runtime behavior of queries. We report

some configuration choices made in the observed deployment, e.g., on the

parallelism of POs. Then, we study the load distribution between parallel

tasks of a given operator to measure event skew. Last, we study state size

indirectly by analyzing checkpointing metrics.

The POs of the 129 queries are deployed over 1,365 tasks. Figure 3.6a

presents the distribution of tasks per PO. More than half of POs (∼53%) are
not scaled out, i.e., they have a parallelism of 1. Conversely, some POs run
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with a parallelism of 10, 20, or even 30 tasks. The engineers provisioned

tasks statically to cope with the bursts of data associated with the (re)start

of queries and the system does not use elastic scaling. As a result, operators’

tasks may be underutilized outside of these bursts. Unfortunately, we cannot

access systems-level metrics to validate this intuition.

We continue by analyzing data skew, i.e., the unbalance in input data dis-

tribution across a PO’s tasks. We measure this skew using the Gini coeffi-

cient [Mil97], a metric commonly used in economics and social sciences and

also to measure the fairness of a load distribution [PT07; GC15]. The Gini co-

efficient, which we note𝐺𝑐 hereafter, is computed on the distribution of rates

(in events) across all tasks of a PO. 𝐺𝑐 ranges from 0 for a perfectly balanced

distribution to 1 for a distribution in which one task gets all the input traffic.

Figure 3.6b shows the skew metric𝐺𝑐 distribution for all POs with more than

one task. A minority of POs have a highly skewed distribution of inputs over

their tasks. Figure 3.6c shows the correlation between the parallelism of POs

with more than one task, and their skew metric 𝐺𝑐 . With 𝑃𝑐 = 0.181, there

is a modest linear correlation between the two variables: Larger POs are also

subject to skew, and slightly more so than smaller ones.

We now analyze statistics about checkpoints in Figure 3.7. Checkpoints

are taken at regular intervals, i.e., every 10 minutes in our workload. Snap-

shotting the state of a query requires waiting at each of its PO for specific

marker events from all upstream flows and storing a local snapshot before

resuming processing (see Section 2.3.4). We collect two metrics: the com-

bined size of these local PO state snapshots and the downtime incurred for

the query by collecting them.

Figure 3.7a plots the CDF of the last observed checkpoint size across que-

ries, ranging from ∼30 KiB to ∼26 GiB, and with a median value of ∼10 MiB.

The cumulated size of all snapshots is ∼276 GiB. Even queries with only state-
less LOs have a small snapshot of a few KiB, as their source PO must record

the offset in their respective Kafka topic partition(s). We analyze the cor-

relation between checkpoint size and the number of LOs and POs in queries.

Figure 3.7b is a scatter plot for both POs (blue) and LOs (green). There is only a

very small linear correlation between a query’s graph complexity and its state

size (𝑃𝑐=0.108 for LOs and 𝑃𝑐=0.137 for POs). Figure 3.7c studies the correla-

tion between the data volume processed by the query during our observation

period and the size of the last checkpoint (note the log scale on both axes).

Importantly, we point out that queries are long-lived and may have been de-

ployed long before our observation period and accumulated state since then.

We observe a slightly higher linear correlation (𝑃𝑐=0.249) than for query com-

plexity. Some low-volume (over our 24-hour observation period) queries have

relatively large snapshots; these queries accumulate all events from source(s)

in some join LOs.
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Figure 3.7: Checkpointing and state statistics. All x-axes are in log-scale for
readability.

Figure 3.7d presents the CDF of the average checkpointing duration across

all queries. When a snapshot is taken, processing halts, resulting in down-

time, possibly impacting queries with latency constraints (in this particular

Digazu deployment, the expectation is that events be processed within one

minute of their ingestion by the system, and there is no strict latency con-

straints that would require other forms of fault-tolerance [Ros+21]). The large

majority (∼92%) of the queries have an average checkpoint duration of less

than 1 second. However, some queries with larger states require multiple sec-

onds and as much as ∼24 seconds average in the worst case. There is a moder-

ate linear correlation (𝑃𝑐 = 0.332) between the checkpoint size and duration,

but not a perfect one. Indeed, the checkpoint duration is primarily affected

by the volume of new values in RocksDB, but these values may either replace

(same key) or complement (new keys) those already stored, influencing how

the checkpoint size evolves.

Takeaway 3. Runtime observations show that there is a significant amount of

skew in data received by the queries’ POs. The checkpoint size (accumulated

state) of queries may be quite significant even when the volume of data in
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the observation period is low, highlighting that very-long-lived queries with

possibly large states but low instantaneous volumes are more common than

short-lived, high-throughput queries.

3.4 Related Work

While the literature offers examples of workloads for data warehouses sup-

porting static data [GRN20; Ren+13], or for relational workloads [HSY01;

Phi+92] there is, to the best of our knowledge, no published analysis of a

modern production data lake supporting hybrid batch-stream queries.

BM’s Garcés-Erice et al. [GRN20] report statistics about a data lake built
over Hadoop and running SQL queries over large, static data sets. The authors

point out the difficulty of planning the resource consumption of such queries,

given their complex structures and the heterogeneity of data sets. Two other

notable works from IBM are Yu et al. [Phi+92]’s seminal paper on relational

database workload characterization and the REDWARworkload analysis tool

for DB2, and Hsui et al. [HSY01]’s comparison of a production database work-

load to a relational database benchmark.

TaoBao, an e-commerce company, reports a workload analysis of a 2000-

node cluster supporting Apache Hadoop [Ren+13]. Researchers from Intel

characterize the memory performance of large scale data processing work-

loads [Dim+13]. Chen et al. [CAK12] study the characteristics of MapReduce

workloads across different e-commerce actors such as Facebook and Cloud-

era.

Halevy et al. [Hal+16] detail Goods, Google’s data lake, but do not de-

tail its workload. Microsoft researchers also report on the Azure Data Lake

Store [Ram+17], a scale-out file system for Hadoop and MapReduce work-

loads. Performance results are based on synthetic benchmarks; the authors

do not analyze production workloads.

3.5 Summary

We analyzed a production hybrid batch-stream workload of Digazu, a data

lake building upon the popular Apache Kafka and Flink systems. Our findings

show that this workload is characterized by many streams and queries that

are highly heterogeneous in size and complexity. The existence of many low-

volume, high-state persistent queries makes a case for re-designing stream

processing engines and decoupling state and computation for such queries.

Publications. The work presented in this chapter contributed to the follow-

ing publication:
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A Tale of Many Streams: Characterizing a Hybrid Batch-Stream
Production Workload in Digazu, a Data Lake supported by Apache
Kafka and Flink. Donatien Schmitz, Luc Berrewaerts, Guillaume Rosinosky,

Sabri Skhiri, and Etienne Rivière. In Proceedings of the 19th ACM Inter-

national Conference on Distributed and Event-based Systems (DEBS), 2025.

Göteborg, Sweden, 188-198.



Identifying Shortcomings
of Resource Management
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4

Our analysis of the workloads collected from a real-world stream processing

deployment reveals several important insights into the characteristics of data

sources and queries. This analysis was coupled with continuous discussions

with data engineers and scientists working on this deployment, allowing us

to better understand the practical challenges they face. In this chapter, we

present a comprehensive review of the state of research on resource man-

agement in DSP. We identify key shortcomings and research opportunities in

the area of resource management for DSP systems, and set the objectives of

this thesis. Last, we present the methodology we followed to address these

research objectives.

4.1 Resource Management in DSP

Resource management in DSP refers to the techniques and strategies used to

efficiently allocate and utilize computational resources (e.g., CPU, memory,

network bandwidth) in a DSP system. The problem can be broadly summa-

rized as follows: given a set of logical operators, how to map and schedule

their physical tasks onto a set of physical resources while optimizing certain

objectives (e.g., throughput, latency, resource utilization, energy consump-

tion).

In this section, we present a review of the state of research on resource

management in DSP. We first discuss the main approaches to resource allo-

cation and skew handling. We then review the closely related topics of task

placement and operator/state migration. Last, we review existing research on

predictive resource requirements in DSP.

45
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4.1.1 Resource Allocation

The efficient allocation of computational resources is a critical aspect of re-

source management in DSP. It involves determining how much CPU, mem-

ory, and other resources should be allocated to each task in the DSP system

to optimize performance and resource utilization. It is directly related to the

concepts of horizontal and vertical scaling presented in Section 2.3.7.

As presented in Section 2.3.7, the state-of-the-art approach to reactive

resource management in DSP is through horizontal scaling, where the num-

ber of task instances is adjusted based on the workload. While the work of

Kalavri et al. [Kal+18] has been integrated into the Flink Kubernetes Operator
auto-scaler, several other works have proposed alternative horizontal scaling

strategies. Arkian et al. [Ark+21] propose a model-based auto-scaling ap-

proach for geo-distributed stream processing systems, which considers the

network latency and bandwidth between different data centers when mak-

ing scaling decisions. Similar to DS2, their system identifies overload using

Flink’s back-pressure signals, calibrates its model through runtime measure-

ments, and applies scaling actions only when they are predicted to meaning-

fully improve throughput or reduce wasted resources.

Another line of work focuses on vertical scaling, where the resources al-

located to containers (i.e. TM) executing the tasks (e.g., CPU, memory) are

adjusted dynamically. For example, MEAD [Rus+21] is a vertical auto-scaling

framework that adapts CPU resources to burstiness in the workload. In-

stead of relying on average data rates or simple utilization thresholds, MEAD

models incoming streams using Markovian Arrival Processes (MAPs), which

capture correlations and variability in bursty workloads, and combines these

models with analytic queueing theory to predict operator response times ac-

curately. MEAD continuously monitors input streams, fits workload models

online, and chooses CPU resource levels for each operator to minimize cost

while satisfying response-time constraints. Russo et al. [RCL23] propose a hi-
erarchical auto-scaling framework, which decides which kind of computing

nodes is required for each operator. In addition to horizontal scaling policies

that adjust the number of task instances, they integrate vertical scaling by

deciding which resources to allocate in a heterogeneous cluster context.

A lot of work has focused on CPU resources but vertically scaling mem-

ory has also received attention in other contexts, such as batch processing.

Some works include MespaConfig [Zon+21], which optimizes the memory

configuration ofmultiple Spark batch processing jobs co-located on a cluster.

Their approach involves modelling how performance varies with both mem-

ory configuration and real-time system load. They learn load-sensitive per-

formance models using neural networks then apply multi-objectives search

to trade off throughput and memory usage, selecting Pareto-optimal config-



4.1. Resource Management in DSP 47

urations based in user-defined threshold policies. Iorgulescu et al. [Ior+17]
define the memory elasticity principle and show how careful memory alloca-

tion below the working set size of batch processing, in-memory applications

can yield close performance to larger allocations. They further explore this

memory elasticity principle by applying it to cluster scheduling. Through

better task scheduling using memory elasticity, they show that cluster-wide

memory utilization can be improved significantly without impacting applica-

tion performance.

We note however the lack of work on vertical memory scaling in DSP,

which we argue is a critical aspect of resource management in this context,

particularly for stateful stream processing.

SkewHandling. An orthogonal but closely related problem to resource allo-

cation in DSP is data skew handling. Data skew refers to the uneven distribu-

tion of data across different partitions or operators in a DSP system. This can

lead to performance bottlenecks, as some tasks may be overloaded while oth-

ers remain underutilized. Effective skew handling strategies are essential for

maintaining balanced workloads and optimizing resource utilization in DSP

systems.

A number of techniques have been proposed to address data skew in DSP.

While traditional key-based partitioning schemes use a single hash function

to map keys to workers, leading to potential overload on certain workers,

another technique called shuffle grouping randomly assigns incoming data

to workers, which can help balance the load more evenly. This technique re-

quires an additional aggregation operator downstream to combine the results

from different workers. Nasir et al. [Nas+15] propose a two choices approach,
allowing keys to be assigned to two selected workers. Based on commonly

studied power of two choices load balancing technique [Mit02], their approach

involves using two hash functions to select two candidate workers for each

key. The source operator then assigns the key to the least-loaded of the two

workers, helping to balance the load more effectively across the cluster. They

further extend this work by considering more than two choices [Nas+16].

Cheng et al. [CZJ17] propose an altogether DSP system that natively han-

dles skew through dynamic repartitioning of data based on observed key

popularity. They leverage a light weight counting scheme to estimate the

frequency of keys and identify heavy hitters. They then assign the popular

keys using shuffle grouping while distributing the remaining keys using the

default key grouping.

4.1.2 Task placement

The previous section discussed resource management from the perspective of

allocating resources to tasks. Another important aspect of resource manage-
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ment in DSP is the placement of tasks onto physical resources. The placement

of tasks can have a significant impact on the performance and efficiency of

the DSP system. Effective task placement strategies can help minimize data

transfer costs, reduce latency, and improve resource utilization.

Early work on task placement includes SODA [Wol+08], by the IBM Sys-

tems team, which proposes heuristic strategies for placing multiple queries

onto a cluster while optimizing for load balancing and consolidation. Un-

like systems that only place tasks on nodes, SODA jointly performs job ad-

mission, job configuration selection, CPU allocation, and task placement to

maximize a utility-based notion of “importance” derived from output stream

value, quality, and priority. By combining mathematical optimization, dy-

namic programming, integer programming, and heuristics, SODA balances

system load, reduces network traffic, and respects practical constraints such

as security and licensing. Another relevant work includes Xing et al. [Xin+06]
that propose algorithms for resilient placements, based on estimations of op-

erators’ capacities to handle short-term bursts and models of operators load

scaling. The authors formalize the concept of a system’s feasible set — the

set of input rate combinations that do not exceed node capacities — and de-

fine the optimization goal as choosing an operator placement that maximizes

the size of this feasible set. Because computing the exact optimal solution

is intractable, they introduce greedy heuristics that balance individual input

stream loads across nodes and reduce bottlenecks caused by combined stream

impacts.

Several works consider the shared resource contention problem, where co-

located tasks of DSP queries compete for the same types of resources on a

deployment node (e.g., CPU or I/O). Among them, Q-Flink [Hos+20] is a

quality-of-service (QoS) aware task placement framework for DSP. It mon-

itors the workload patterns and uses model predictive control (MPC) to pre-

dict the load intensity of each query. It then uses this model to find near-

optimal placement decisions thatminimize resource contention andmeet QoS

requirements. CAPSys [Wan+25] is another contention-aware placement sys-

tem for DSP that considers both CPU, I/O, and network contention when

placing tasks. Its approach ensures that tasks with different resource usage

patterns are co-located on the same node to minimize contention (i.e., state-

less and stateful tasks). To solve the NP-hardness of the placement problem,

CAPSys employs a Contention-Aware Placement Search (CAPS) algorithm

that uses a combination of depth-first search and pruning techniques to effi-

ciently explore the placement space. CAPSys is implemented in Apache Flink

and shows significant improvements in throughput and latency compared to

default placement strategies for single- and multi-query deployments.

Operator Migration. Operator migration in DSP involves moving a or sev-

eral tasks of an operator from one physical resource to another, along with its
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associated state. This is particularly important in scenarios where the work-

load is dynamic and can change over time, requiring the system to adapt to

new resource demands and data distributions.

State and operator migration have been studied in various DSP envi-

ronments including cloud computing, edge computing, and fog computing.

Volnes et al. [VPG23] give a comprehensive survey of operator migration

techniques in these contexts. Hoffmann et al. propose Megaphone [Hof+19],

a latency-conscious state migration approach for DSP, focusing on minimiz-

ing the impact of state migration on overall system latency. Megaphone in-

volves injecting specialmigration events into the data stream, which specifies

when and how state migration should occur. These migration events are pro-

cessed by the operator tasks, which then transfer the relevant state to the

new tasks. Fang et al. [Fan+17] propose a framework for handling data skew

in DSP through dynamic operator migration, aiming to balance workloads

across the system. The authors formulate the migration decision as an op-

timization problem, seeking to minimize the overall processing time while

considering the costs associated with migration.

These techniques are closely related to resource management and skew

handling, as they often involve reconfiguring the placement of tasks and their

associated state to optimize resource utilization and balance workloads.

4.1.3 Predictive Resource Provisioning

Predictive resource provisioning aims to anticipate the resource needs of DSP

queries before they are deployed, allowing for proactive adjustments to re-

source allocations and placements.

A first line of work focuses on zero-shot cost models for DSP. Heinrich et
al. [Hei+22] propose a zero-shot learned cost model for DSP, which predicts

the performance (i.e. latency and throughput) of unseen queries based on

their characteristics. They represent queries using a set of features (e.g., types

of operators, type of window, data rates) and train a general model on a large

set of queries. For their training, they generate 15,000 queries synthetically

amongst which 5,000 are windowed aggregations, 5,000 are windowed joins

with an aggregation, and 5,000 are a combination of two windowed joins with

an aggregation. Their model leverages Graph Neural Networks (GNNs) to

capture the structure of the query plan and predict its performance. Agnihotri

et al. [Agn+23] propose to leverage this zero-shot cost model to predict the

optimal parallelism settings for unseen queries. A first step to their approach

is to generate a set of representative training data. Instead of randomly try-

ing all parallel settings, they use rules to generate meaningful parallel query

plans (e.g., operators with high input rate should have higher parallelism).

The features of these plans are then extracted and used to train a prediction
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model. Both approaches rely on a training process done over a large set of

queries. As no dataset of real queries of this size exists, the authors have to
resort to synthetic, randomly-generated queries that may not represent real

workloads.

The need to plan the configuration or scale of computing infrastructure is

obviously not limited to DSP. Higginson et al. [Hig+20] discuss the applicabil-
ity of resource forecasting techniques based onmachine learning for clustered

database systems. They use historical resource usage data (CPU, memory,

I/O) time series to train models that can predict future resource needs based

on seasonal patterns and trends. URSA [Zha+20] is a capacity planning and

scheduling system for relational database platforms, modeling the response

of a database workload to provided resources and deriving just-sufficient re-

source specifications automatically.

4.2 Research Objectives

The previous section presented a comprehensive review of the state of re-

search on DSP, highlighting key challenges in the area of resource manage-

ment. Following this review, we identify several shortcomings that have not

been fully addressed in the literature. In this section, we discuss three chal-

lenges and opportunities for research in DSP: 1) inefficient resource allocation

strategy, 2) multi-query resource allocation and task placement optimization,

and 3) predictive resource provisioning based on real queries. We discuss

each of these challenges in detail, highlighting the limitations of existing ap-

proaches and proposing potential room for improvements.

While these challenges are the main focus of this thesis, we acknowledge

that other important challenges exist in the area of DSP. Some complemen-

tary challenges include skew handling and operator migration, which are also

critical for the efficient operation of DSP systems. These topics are highly

relevant but complementary to the contributions presented in this thesis. We

discuss in more detail our perspectives in Chapter 8.

Inefficient Resource Allocation Strategy. We find that the current re-

source allocation strategies in Flink and other systems [14b; 15b; 16] that give

each task a fixed amount of CPU and memory resources are inefficient. This

one-size-fits-all approach does not account for the diverse resource require-

ments of different operators, particularly in the context of stateful stream pro-

cessing where stateless operators are allocated memory which is ultimately

wasted. We argue that a more dynamic and operator-aware resource manage-

ment strategy is needed to efficiently allocate resources based on the actual

requirements of each operator. Similarly to vertical scaling of CPU resources,

we advocate for vertical scaling of memory resources in DSP. This includes

the ability to dynamically adjust memory allocation for stateful operators
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based on their workload characteristics, such as the volume and pattern of

state accesses.

Problem Statement 1

How to design an efficient resource management strategy for DSP that

dynamically allocates CPU and memory resources based on the actual

requirements of each operator, particularly in the context of stateful

stream processing?

Proposed Solution

In Chapter 5, we propose a mechanism to dynamically adjust memory

allocation for operators in Flink based on their requirements. We im-

plement our solution as a hybrid vertical/horizontal auto-scaler, that

adjusts both CPU and memory resources to efficiently manage re-

sources in DSP.

Multi-Query Optimization. A large body of research on resource manage-

ment in DSP focus on single-query deployments [Kal+18; Wan+25], where

the decisions are made independently for each query in isolation. However,

our analysis in Section 3.3 revealed that multiple queries are often deployed

concurrently on the same cluster. It also showed that the amount of data pro-

cessed by each query can vary significantly, leading a large amount of idle

resources on some workers. This observation motivates the need for multi-

query optimization techniques that can effectively share resources and opti-

mize execution across multiple concurrent queries.

Problem Statement 2

How to designmulti-query optimization techniques for DSP that effec-

tively share resources and optimize execution across multiple concur-

rent queries, taking into account their diverse resource requirements

and workload characteristics?

Proposed Solution

In Chapter 6, we propose an auto scaler that leverages vertical scaling

of CPU and memory resources to efficiently manage resources in DSP,

coupled with a task placement strategy that optimizes resource shar-

ing across multiple concurrent queries and leveraging opportunities

for consolidation.

Predictive Resource Provisioning. In complementary to reactive resource

management techniques, predictive resource provisioning aims to anticipate
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the resource needs of queries before they are deployed. The different ap-

proaches presented in the previous section regarding predictive resourceman-

agement in DSP often rely on general performance models learned from a

large set of synthetic queries. These models may not accurately capture the

specific characteristics and resource requirements of individual queries, par-

ticularly in the context of complex queries with sub-linear scaling behavior.

This limitation highlights the need for more accurate and query-specific pre-

dictive resource provisioning techniques. We argue that predictive resource

provisioning should focus on accurately modeling the performance and re-

source usage of individual queries, taking into account their unique character-

istics and workload patterns. This includes developing techniques to capture

the non-linear scaling behavior of complex queries and accurately predicting

their resource requirements based on historical data and workload character-

istics. Furthermore, we advocate for lightweight predictive models that can

be efficiently trained and deployed in real-world DSP environments, without

requiring extensive training on large datasets of synthetic queries.

Problem Statement 3

How to design accurate and lightweight predictive resource provision-

ing techniques for DSP that effectively model the performance and re-

source usage of individual queries, taking into account their unique

characteristics and workload patterns?

Proposed Solution

In Chapter 7, we propose a capacity planning framework for DSP

that builds query-specific performance models based on small-scale

deployments.

4.3 Methodology

In this thesis, we aim to address the challenges identified in Section 4.2 re-

lated to resource management in DSP systems. To achieve this, we employ a

systematic methodology that involves defining evaluation metrics, setting up

an evaluation stack, and using a state-of-the-art benchmarking framework to

assess the effectiveness of our proposed solutions. Instead of relying on sim-

ulations, we conduct real-world experiments on a physical testbed to ensure

the validity and applicability of our findings.

In this section, we present the methodology we use to study and address

the challenges identified in Section 4.2. The methodology we present here

is applied throughout the thesis, unless otherwise specified. We describe the
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evaluationmetricswe use to assess the effectiveness of our proposed solutions

in Section 4.3.1. We then present the evaluation stack we use to implement

and test our solutions in Section 4.3.2. Finally, we describe the benchmark

used to evaluate our solutions in Section 4.3.3.

4.3.1 Evaluation Metrics

To evaluate the effectiveness of our proposed solutions, we consider several

key metrics that capture the performance and efficiency of DSP systems.

Evaluating Resource Management. When comparing to state-of-the-art

solutions, we want to answer the following questions:

■ For a given target throughput, how much resources does our solution

use compared to existing solutions?

■ For a given resource quota, how much throughput does our solution

achieve compared to existing solutions?

■ How effectively does our solutions converge to optimal configurations

compared to existing solutions?

Metrics used to evaluate automatic scaling (i.e., reactive resource manage-

ment and consolidation) include:

■ Resource Utilization: We measure the CPU and memory allocations

of the running queries. This includes the number of CPU cores and

amount of memory used by the stream processing system to achieve

the desired rate for the queries.

■ Reconfigurations: Wemeasure the number of times the system recon-

figures itself in response to workload changes. Fewer reconfigurations

indicate a more stable and efficient system.

Evaluating Predictive Planning. When evaluating predictive resource pro-

visioning solutions, we want to answer the following questions:

■ Can we accurately predict resource requirements, prior to deployment,

compared to actual resource usage during production deployments?

■ How well does the predictive model generalize to different queries and

workload patterns?

■ How costly is the building of the predictive model in terms of time and

resources?

To evaluate these aspects, we consider the following metrics:
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■ Prediction Accuracy: We measure the difference between the pre-

dicted resource requirements and the actual resource usage observed

during production deployments.

■ Model Building Cost: We measure the time and resources required

to build the predictive model, including the number of TS and their

respective resource allocation.

4.3.2 Evaluation Stack

One of the key aspects of our methodology is the use of a robust evaluation

stack that allows us to implement and test our proposed solutions in a realistic

environment. Our evaluation stack consists of a physical testbed, a container

orchestration platform, and a set of monitoring tools to collect performance

metrics. In addition, we leverage existing open-source tools and frameworks

to be able to reproduce our experiments and facilitate comparisons with re-

lated work.

Experiments are all conducted using the Grid’5000 testbed [Cap+05], a

large-scale and versatile experimental platform for distributed systems re-

search. Grid’5000 provides a controlled environment where we can deploy

and evaluate our solutions on a cluster of physical machines. For our exper-

iments, we use the Gros cluster located in Nancy, France. The Gros cluster

consists of 122 nodes, each equipped with an Intel Xeon Gold 5220 processor

(18 cores at 2.2 GHz), 96 GiB of RAM, and connected via a 25 Gbps network.

We leverage Jupyter Notebooks
1
to document and automate the deploy-

ment, execution, and analysis of our experiments. Jupyter Notebooks provide

an interactive environment that allows us execute code snippets in a repro-

ducible manner. Additional tools, such as Papermill
2
, enable us to parameter-

ize and execute notebooks programmatically, facilitating execution and result

collection.

Cluster Deployment. We deploy our evaluation stack using Terraform
3
,

an infrastructure-as-code tool that allows us to define and manage our in-

frastructure in a declarative manner. Terraform enables us to automate the

provisioning and configuration of the necessary resources on Grid’5000, en-

suring consistency and reproducibility across our experiments. We use Ter-

raform to define the cluster configuration, including the number of nodes and

their specifications.

We use the terraform-grid5000-k8s-cluster module
4
, which

simplifies the deployment of Kubernetes clusters on Grid’5000. This mod-

1https://jupyter.org/
2https://papermill.readthedocs.io/en/latest/
3https://www.terraform.io/
4https://github.com/pmorillon/terraform-grid5000-k8s-cluster

https://jupyter.org/
https://papermill.readthedocs.io/en/latest/
https://www.terraform.io/
https://github.com/pmorillon/terraform-grid5000-k8s-cluster
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ule handles the installation and configuration of Kubernetes on the allocated

nodes, allowing us to focus on deploying and evaluating our stream process-

ing solutions. Once the Kubernetes cluster is set up, we deploy Apache Flink

using the Flink Kubernetes Operator (Section 2.4), and Kafka using the Strimzi

Kubernetes Operator
5
. Both modified versions of Flink and the Flink Ku-

bernetes Operator are shipped as Docker images. We also deploy a MinIO
6

instance to serve as an object storage backend for checkpointing and state

management.

Monitoring. We use Prometheus
7
, a popular open-source monitoring and

alerting toolkit, to collect and store metrics from our Kubernetes nodes, and

DSP system. We deploy Prometheus using the Prometheus Operator
8
, which

simplifies the deployment and management of Prometheus instances on Ku-

bernetes. We configure Prometheus to scrape metrics from the Kubernetes

nodes, Kafka brokers, and Flink components. Metrics are collected at regular

intervals and stored in a time-series database. The notebooks used for our ex-

periments include code to query Prometheus and retrieve the relevant metrics

for analysis. To visualize the collected metrics, we use Grafana
9
. Grafana pro-

vides a powerful and flexible dashboarding solution that allows us to create

custom visualizations of the metrics collected by Prometheus.

4.3.3 Benchmarking

While our analysis presented in the previous Chapter has provided valuable

insights, theworkloads we analyzedwere subject to strict privacy constraints.

The scripts used to collect and analyze the workloads had to be approved by

the company’s data privacy team and were executed in a controlled environ-

ment. As a result, wewere unable to leverage theseworkloads for benchmark-

ing purposes in our evaluations. To compare our proposed solutions against

state-of-the-art approaches, we also require a well-established benchmarking

framework that is widely recognized in the research community.

To this effect, we use Nexmark [Tuc+08], a widely-used benchmark for

DSP systems. Nexmark simulates an online auction system, generating a con-

tinuous stream of events representing auctions, bids, and persons. Nexmark

includes a set of queries that cover a range of common stream processing op-

erations, including filtering, joining, windowing, and aggregations. These

queries are designed to be representative of real-world stream processing

workloads, allowing us to assess the performance and efficiency of our so-

5https://strimzi.io/
6https://min.io/
7https://prometheus.io/
8https://github.com/prometheus-operator/prometheus-operator
9https://grafana.com/

https://strimzi.io/
https://min.io/
https://prometheus.io/
https://github.com/prometheus-operator/prometheus-operator
https://grafana.com/
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Figure 4.1: Nexmark Queries used for benchmarking. Bold edges represent
stateful operators.

lutions in a controlled environment. Nexmark has been widely adopted in

the research community for its relevance and comprehensiveness in evaluat-

ing DSP systems [Kal+18; Hof+19; Gu+22; Son+23; Wan+25; Mei+25].

Nexmark declares its queries in SQL, which are then translated to the

native API of the target stream processing system. Appendices A.1 and A.2

present the table schemas and queries used in Nexmark, respectively. Fig-

ure 4.1 illustrates the DAG representation of the different queries. We use the

implementation of Nexmark Queries and data generator provided by DS2. It

includes a set of six queries written using the DataStream API of Flink, along

with rate-limited data generators to simulate different workload intensities.

For our evaluation purposes, we use the following queries from Nexmark:

■ Q1 produces currency conversions using oneMap operator. This query

is stateless and the only computing logic is composed of a simple mul-

tiplication.

■ Q2 uses a Filter operator to select bids with a specific identifier. This

query is also stateless and the computing logic is a simple comparison.

■ Q3 classifies sales based on location and categories and maps them to

specific auctions, using an incremental join operator over the complete

stream (i.e., without windowing) and two filter operators. This com-

plex query is stateful due to the join operation and results in an ever-

growing state due to the lack of windowing.
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Query Description Operators Stateful

Q1 Currency conversion: converts bid values

from dollars to euros

1 -

Q2 Selection: filter bids with specific auction

identifier

1 -

Q3
Incremental Join: classifies sales based on

location and categories and maps them to

specific auctions

3 J

Q5 Hot items: determine auctions with most

bids in last period

1 WJ

Q8 Monitor new users: identify active users

in last period

1 GBW

Q11 User sessions: compute number of bids

each user makes while active

1 GBW

Table 4.1: Nexmark queries. The number of operators excludes sources and
sinks. “Stateful” lists stateful operators used by the query: WJ forWindowed
Join, and GBW for GroupBy (window). Other operators are stateless opera-
tors supporting Map or Filter operations.

■ Q5 determines the auctions with the most bids in a period and uses one

stateful operator and a group-by-aggregate over a sliding window. This

stateful query requires maintaining state for each window and auction.

The use of a sliding window increases the computational complexity,

as overlapping windows are processed.

■ Q8monitors new active users over a period and uses a join over a tum-

bling window as a stateful operator. This query requires maintaining

state for each window and user, making it more complex than simple

filtering or mapping operations.

■ Finally, Q11 monitors user sessions by computing the number of bids

each user makes while active. It uses one operator, a stateful group-by-

aggregate, over a session window.

Table 4.1 summarizes the selected queries, their descriptions, the number

of operators they use, and which of their operators are stateful.

4.4 Summary

Following our analysis of real-world stream processing workloads in Chap-

ter 3, we reviewed challenges and open problems in DSP systems. We iden-

tified several key challenges related to resource management, multi-query

optimization, and predictive resource provisioning in DSP.
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To address these challenges, we proposed three main directions for re-

search and development. First, we highlighted the need for more efficient re-

source management strategies that can dynamically allocate resources based

on the actual requirements of each operator. Second, we emphasized the im-

portance of multi-query optimization techniques that can effectively share

resources and optimize execution across multiple concurrent queries. Finally,

we discussed the potential of predictive resource provisioning approaches

that can forecast resource requirements of queries and proactively allocate

resource allocation before deploying them.

We then presented the evaluation methodology we will use to assess the

effectiveness of our proposed solutions, along with the evaluation stack and

benchmark we will use for our experiments.

The next chapters present our proposed solutions to the identified chal-

lenges. In Chapter 5, we propose Justin, a hybrid CPU/memory fine-grained

auto scaler that addresses the challenges of inefficient resource management

in DSP. In Chapter 6, we present Charon, a multi-query fine-grained auto

scaler that addresses the challenges of multi-query optimization in DSP. Fi-

nally, in Chapter 7, we introduce StreamBed, a framework for capacity plan-

ning in DSP systems.
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Fine-Grained Resource
Scaling
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In this chapter, we focus on the problem of resource allocation as static, fixed-

size units in DSP systems. Existing auto-scalers couple CPU and memory al-

location. Each task is assigned the same amount of memory, regardless of the

operator. Scaling out an operator (i.e., adding more tasks) adds a proportional

amount of memory. Scaling in (i.e., removing tasks) similarly reduces the total

memory available to the operator by the same factor. This coupled, one-size-

fits-all allocation clashes with the heterogeneous memory requirements of

operators. Some operators, such as a filter or a map, are stateless and do not

require more than a minimal amount of memory to process events efficiently.

In contrast, other operators, such as joins or group by over long windows,

maintain state across the processing of many events [Ver+23].

Stateful operatorswith under-allocatedmemory performpoorly: The nec-

essary state may not fit in the main memory, and accesses may resort to on-

disk storage. In contrast, ample memory allocation (e.g., as the operator has

been scaled out to multiple tasks) should not yield better performance than

a smaller but sufficient allocation. In reality, the relation between event pro-

cessing performance, state access latency, and memory requirements is more

subtle than this simple intuition. As depicted in Section 2.3.4, the state of

an operator is stored in a state backend, providing a key-value store inter-

face to the tasks of this operator. The state-of-the-art state backend in Flink,

RocksDB, is based on a Log-Structured Merge-tree (LSM). An LSM combines

tables and caches in memory with bulk storage on disk. It uses optimizations

to favor write performance and minimize the wear of modern SSD drives.

The performance in response to the available memory of RocksDB depends

heavily on the nature of the workload [Asy+]. Workloads formed mainly of

write operations do not benefit from a large memory allocation. In contrast,

workloads dependent on read operations do, in proportion to the size of their

working set. The nature of an operator’s access to its state is not predictable,

as it often depends on the characteristics of its input events.

In this chapter, we first study the impact ofmemory on the performance of

stateful operators in Flink (Section 5.1). The key insight from our study is that

59
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the performance of stateful operators is not only dependent on the amount

of memory allocated to them but also on the nature of their workload. Based

on our findings, we propose Justin, a novel auto-scaling framework for Flink

that combines both horizontal and vertical (i.e., memory) scaling operations

(Section 5.2). Justin continuously collects metrics about a running query’s

resource usage and storage performance in RocksDB. Based on these met-

rics, Justin’s auto-scaling policy adjusts the DS2 decisions and derives CPU

and memory allocations. We leverage the existing fine-grain resource allo-

cation capabilities of Flink to adjust the memory allocated to each operator

independently. This mechanism allows practitioners to specify the amount of

CPU, memory, and other resources for each operator in a query. However, the

allocation of heterogeneous resources through this mechanism is only avail-

able in the Java DataStream API, and not in higher-level APIs such as SQL

or Table API. Furthermore, the allocation is static, i.e. the query needs to be

re-written through the Java DataStream API, re-compiled, and re-deployed to

adjust these allocations. Justin extends the Flink scheduler and offer an API

to adjust these allocations at runtime.

We evaluate Justin in Flink on a 7-node cluster under high loads and com-

pare it to DS2 using the Nexmark benchmark (Section 5.3). Our results show

Justin produces configurations with 48% less CPU and 27-28% less memory

forQ8 andQ11, two complex stateful queries of Nexmark while requiring the

same or fewer reconfiguration steps to converge to an optimal configuration

than DS2.

5.1 Impact of Memory on Operators’ Performance

We study in this section the relationship betweenmemory allocation and task

performance in Flink. The takeaways of this section guide the design of our

hybrid CPU/memory auto-scaler, Justin, detailed in the next section.

RocksDB. The state of stateful operators’ tasks must be persisted across

the processing of different events. As described in Section 2.3, Flink uses

RocksDB [25h] as the default state backend. Writes are buffered in memory

(in a MemTable) and later flushed to disk in sorted order, reducing random

I/O. A hierarchy of sorted SSTables (Sorted String Tables) files is periodically

merged into larger ones, reducing fragmentation and read amplification. Data

is stored across multiple levels of this hierarchy, with newer data at higher

levels and older data compacted into lower levels. As a result, reads may re-

quire searching SSTables across multiple levels, increasing their latency. To

mask these costs, RocksDB uses an in-memory cache of recently accessed

data, and bloom filters to avoid looking up non-existing keys.

The MemTable, implemented as a skip list, is used to buffer writes before

consolidating them to SSTables. Using a large MemTable has no real impact
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Figure 5.1: Evaluation of multiple memory-cpu configurations on three dif-
ferent state access patterns. Benchmarks show the maximum rate reachable
against a target rate (dotted line). The impact ofmemory on rate significantly
differs depending on the workload, read-only being the more profitable.

on write latencies, as consolidation is performed at the granularity of the

first-level SSTable (of 64 MB). In contrast, read latency is directly impacted

by the size of the cache and its relation to the task’s working set size (i.e.,

the set of keys the task frequently accesses over a period). Tasks performing

frequent reads, as for the Count operator of the word count in Figure 2.1a,

may have to resort to costly exploration of SSTables on disk if the cache is

not large enough. Tasks performing only or mostly writes are not impacted

by the cache size.

TaskManagermemory allocation. Memory sharing between task slots on

the same Task Manager depends on the JVM’s memory segmentation. On-

heap memory, used by Flink operators for creating Java objects and subject

to garbage collection, is shared among all tasks. The same applies to network

memory used for communication buffers. While there is no isolation between

threads for access to these segments, a Task Manager reserves a minimum

amount for each task slot. In contrast,managed memory is specific to a thread
and is not subject to garbage collection. It is used by the RocksDB instance

local to each task to store its MemTable and cache.

Takeaway 1. Managedmemory is reserved for all task slots in equal amounts.

This memory is wasted for stateless tasks that do not use RocksDB. Stateful

tasks get a one-size-fits-all allocation, regardless of their requirements.

Microbenchmarks. We evaluate the impact of memory allocation on perfor-

mance using microbenchmarks. We use a single operator. The input stream is
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formed of events of 1,000 B. Each event includes a key generated uniformly at

random between 0 and 1,000,000 and a random payload. The RocksDB state

backend is pre-populated with a value associated with each key. We consider

three workloads. In the Read workload, the operator reads the value associ-

ated with the key in the event. In the Write workload, it replaces the value

associated with this key without reading the previous value. In the Update
workload, the operator reads the current value and then overrides it with the

event’s payload. We use a target rate of 50,000 events per second for the Read

and Write workloads and 30,000 events per second for the Update workload.

Our results are presented in Figure 5.1. We consider 19 configurations for

each workload, with an operator’s parallelism ranging from 1 to 8 tasks and

managed memory allocation of 128 to 2,048 MB. In any memory allocation,

the MemTable size is at most 64 MB, and the rest is used for the cache. By

default, Flink prioritizes the allocation of at least half of the memory to the

cache, possibly reducing the size of the MemTable, which is allocated as a

power-of-2 granularity. As a result, an allocation of 128MB ofmemory results

in a 32 MBMemTable and a 96 MB cache, but allocations of 256 MB or 512 MB

result in a 64 MB Memtable and, respectively, 192 MB and 448 MB caches.

We denote a configuration with 𝑡 tasks and 𝑚 MB of memory as (𝑡 ;𝑚). We

run each configuration for 10 minutes. We measure aggregate rate every 5

seconds and present the distribution as a box plot. The dotted line indicates

the target rate. We use specific source operators that produce events at the

maximal possible speed, subject to back pressure from the measured operator

and capped by this target rate.

We observe that the target rate is sustained for the Readworkload starting

from (4; 1,024) or (8; 512). Below that, we observe that the cache hit rate (not

shown on the plot) is very low, impacting processing time for every event.

With 256 MB of memory, even the 8-task configuration is slightly below the

target rate, possibly requiring further scale-out and the use of a lot of CPU

resources.

Takeaway 2. Scaling out a read-intensive operatorwithout appropriatemem-

ory allocation can lead to inefficient scale-out operations. The cache hit rate

is a key metric for determining when the cache size is insufficient and prefer

scaling up to scaling out.

The Write workload shows constant performance at all parallelisms with

all memory configurations, except the smallest (1; 128), which is slightly be-

low (1; 256). This lower performance is due to the smaller MemTable size. The

target rate is reached with a parallelism of 8, with 4 tasks being very close.

Takeaway 3. The size of the cache does not impactwrite performance. Write-

dominated operators should favor scale-out to scale-in.

Finally, the evaluation of the Update workload shows that only an 8-task
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Figure 5.2: Overview of Justin components and workflow. Monitoring col-
lects application metrics and triggers reconfigurations. Analyzer processes
the collected metrics and computes relevant state-related indicators. The
Justin Policy then determines the appropriate scaling decision based on
these indicators and prior knowledge. Finally, Justin applies the new re-
source allocation decisions to the running query

configuration can sustain the workload. We also observe a plateau effect for

4 and 8 tasks, where adding memory does not result in significant gains (in

contrast with the Read workload, where these gains are more linear). Config-

urations with insufficient memory (128MB) cannot sustain the rate regardless

of parallelism.

Takeaway 4. It is necessary to vertically scale (add memory) above a mini-

mum threshold. If a scale-up does not improve performance significantly, it

is preferable to scale out.

5.2 Justin: Hybrid CPU/memory Auto-Scaler

Building upon the takeaways of the previous section, we design Justin as a

hybrid auto-scaler that decides on scaling up or scaling out an operator de-

pending on its needs and avoids allocating memory to tasks that do not need

or use it. Figure 5.2 presents an overview of Justin components and work-

flow. Justin builds upon DS2, as detailed in Section 2.3.7, and extends it with

memory-aware mechanisms. We start by providing the necessary additional

background on DS2 and presenting the notations used in this chapter. Then,

we detail the metrics collected by Justin. This includes rawmetrics from Flink

and RocksDB 1 , as well as derivedmetrics specific to Justin. Justin uses these

indicators from the Analyzer components 2 to apply its auto-scaling policy.

To this effect, we present an auto-scaling policy that uses these indicators

along with a history of previous scaling decisions 3 . We then explain the
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Symbol Description

𝑀 Default amount of Managed Memory per TS

𝑜 ∈ O An operator in the set of operators

𝑠𝑜 Use of managed memory for operator 𝑜

A𝑡
Resource allocation at period 𝑡 , including:

A𝑡 .𝜋𝑜 Parallelism (number of tasks) for operator 𝑜

A𝑡 .𝑚𝑜 Managed memory level for operator 𝑜

A𝑡 .𝜏𝑜 Average state access latency of operator 𝑜

A𝑡 .𝜃𝑜 Average cache hit rate of operator 𝑜

Table 5.1: Notations used by the Justin policy for a new configuration initi-
ated at the end of observation period 𝑡 .

mechanisms we use to enable dynamic, heterogeneous memory allocation

for tasks 4 . Table 5.1 summarizes the notations used in this chapter.

Elastic scaling and DS2. Elastic scaling determines the appropriate level

of parallelism for all operators. From a default configuration (parallelism of

tasks and memory per task) at time 𝑡 = 0, reconfigurations are triggered,

based on observations, at discrete times 𝑡 > 0. We define a configuration A𝑡

as a map between operators 𝑜 ∈ 𝑂 whereA𝑡 .𝜋𝑜 is the parallelism 𝜋 (number

of tasks) of operator 𝑜 at time 𝑡 .

DS2 uses a primary metric, the busyness of operators, averaged across

their tasks. Busyness is the fraction of CPU time spent processing events,

i.e., not idling or waiting due to back pressure. A reconfiguration trigger is

a high busyness for one of its operators in addition to backpressure from its

upstream operator(s), indicating that the query’s capacity is insufficient to

cope with the current rate. When triggered at time 𝑡 , DS2 determines a new

level of parallelismA𝑡 .𝜋𝑜 for each operator, such that the resulting busy rate

is below a target. For this purpose, it uses linearity assumptions and consid-

ers that the load will be equally distributed among the scaled-out operator’s

tasks. This computation accounts for the cascade effects between operators:

scaling out an operator increases its capacity, resulting in a higher rate for

downstream operators and the need to scale them out as well. The new con-

figuration is applied via a query reconfiguration, possibly resulting in state

transfers between RocksDB instances [Car+17]. DS2 typically requires sev-

eral reconfiguration steps until it reaches a stable configuration for a target

rate, and setting appropriate thresholds for triggering reconfiguration and

target busyness levels requires careful tuning. The auto-scaler aims to keep

the average of the average businesses of an operator’s tasks within a specified

range.

Integrating memory-awareness. Justin decides on a heterogeneous man-

aged memory allocation for tasks, or the absence of managed memory for
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stateless tasks. It requires memory-centric indicators in addition to CPU ones,

such as busyness. We note, however, that there can be a coupling between

memory and CPU indicators. A task performing high-latency state accesses

may have a high busyness, as state accesses are accounted for as part of the

event processing time. State access latency allows distinguishing between

the two cases. High average access latency A𝑡 .𝜏𝑜 indicates that a significant

fraction of accesses by 𝑜’s tasks used the disk and that scaling out may not be

the best option until the cache is appropriately dimensioned. Furthermore,

RocksDB exports the number of cache hits and misses, from which we can

derive an average cache hit rate A𝑡 .𝜃𝑜 for operator 𝑜’s tasks. We collect these

two metrics using Prometheus. As for other metrics, these are collected and

averaged over a period.

5.2.1 Justin Policy Building Blocks

The elastic scaling policy of Justin extends DS2, specifically its implementa-

tion in Flink and the associated Flink Kubernetes Operator. This choice allows

building upon the complex engineering, integration, and parameter tuning

already made by the open-source community and improves impact potential.

Memory allocation. Justin allocates heterogeneous memory to the tasks of

different operators. By default, all tasks of an operator 𝑜 receive the same

amount of managed memory 𝑀 , calculated as the total amount of managed

memory of TMs divided by their number of task slots. A𝑡 .𝑚𝑜 represents the

managed memory, in MB, allocated to all tasks of an operator 𝑜 . To facil-

itate the mapping of tasks to task managers, we allocate memory in levels.
Each new level corresponds to double per-task memory, from a minimum to

a maximum (maxLevel). For A𝑡 .𝑚𝑜 = 𝑥 , we allocate 2𝑥 times the minimum

of managed memory for stateful tasks. If, for instance, the minimum man-

aged memory 𝑀 is 128 MB, A𝑡 .𝑚𝑜 = 0 means 128 MB, A𝑡 .𝑚𝑜 = 1 means

256 MB, etc. Stateless tasks are allocated no managed memory, expressed as

A𝑡 .𝑚𝑜 = ⊥. We denote as 𝑠𝑜 the boolean indicating the presence of stateful

metrics for operator 𝑜 .

Decisions history. DS2 does not maintain a history of scaling decisions,

as it only takes these in one direction (horizontally). In contrast, Justin can

choose between scaling out or up. Keeping a decision history helps determine

whether these previous decisions improved the query capacity. Past config-

urations are available in A0 . . .A𝑡−1
. A boolean A𝑡 .𝑣𝑜 indicates that, in A𝑡

,

the scaling decision involved scaling up (vertically) the memory of operator

𝑜’s tasks (i.e., A𝑡 .𝑣𝑜 = ⊤ =⇒ A𝑡 .𝑚𝑜 > A𝑡−1.𝑚𝑜 ).
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Algorithm 1: Justin’s hybrid elastic scaling policy

Parameters: Δ𝜃 ← 80%; Δ𝜏 ← 1ms; maxLevel ← 3

Result: A new configuration A𝑡

1 A𝑡 ← DS2() // Obtain initial configuration from DS2

2 for 𝑜 ∈ A𝑡 do // Iterate over all operators

3 if ¬𝑠𝑜 // No recorded RocksDB access?

4 A𝑡 .𝑚𝑜 ← ⊥ // Disable managed memory for 𝑜

5 else
6 if A𝑡 .𝜋𝑜 ≠ A𝑡−1 .𝜋𝑜 // 𝑜’s capacity insufficient?

7 if A𝑡−1 .𝑣𝑜 // Vertical scaling used last time?

8 if (A𝑡 .𝜃𝑜 > A𝑡−1 .𝜃𝑜 ∨ A𝑡 .𝜏𝑜 < A𝑡−1 .𝜏𝑜 ) // Did it improve?

9 if (A𝑡−1 .𝑚𝑜 + 1) < maxLevel // Can scale-up?

10 A𝑡 .𝜋𝑜 ← A𝑡−1 .𝜋𝑜 // Cancel scale out

11 A𝑡 .𝑚𝑜 ← A𝑡−1 .𝑚𝑜 + 1 // Increase memory further

12 A𝑡 .𝑣𝑜 ← True

13 else // Did not improve?

14 A𝑡 .𝑚𝑜 ← A𝑡−1 .𝑚𝑜 − 1 // Roll-back scale in

15 else
16 if (A𝑡 .𝜃𝑜 < Δ𝜃 ∨ A𝑡 .𝜏𝑜 > Δ𝜏 ) ∧ A𝑡−1 .𝑚𝑜 + 1 < maxLevel // Could

vertical scaling be useful?

17 A𝑡 .𝜋𝑜 ← A𝑡−1 .𝜋𝑜 // Cancel scale out

18 A𝑡 .𝑚𝑜 ← A𝑡−1 .𝑚𝑜 + 1 // Attempt increasing memory

19 A𝑡 .𝑣𝑜 ← True

20 return A𝑡 // Return the updated configuration

5.2.2 Justin Policy Algorithm

Algorithm 1 is called when the capacity of the query is insufficient and re-

quires a reconfiguration. We use the unmodified DS2 trigger based on busy-

ness and backpressure metrics, as detailed in Section 2.3.7 and 4.3.3.

The key principle of Justin’s policy is, in appropriate situations, to prior-

itize a vertical scaling action to a horizontal scaling action decided by DS2. It

uses memory efficiency metrics to determine if there is a gain potential and

leverages insights from past scaling decisions to evaluate whether they im-

proved capacity. The policy starts by calling the unmodified DS2 (Line 1). It

then iterates over all operators. It first identifies if the operator is stateless,

which is indicated by the absence of RocksDB-specific metrics in Prometheus

(Line 3). If it is, we remove its portion of managed memory (Line 4) and keep

the parallelism given by DS2.

For stateful operators, we consider those where a re-scaling decision is

proposed by DS2 (Line 6). Other operators’ capacities are deemed sufficient

and do not need to scale. We then distinguish between two cases: if the opera-

tor was vertically scaled the previous time (Lines 7–14) or not (Lines 16–19)
1
.

1
Note that the initial scaling decision falls within the latter case since no prior vertical

scaling exists.
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If the operator was previously scaled up, we determine if this led to an

improvement. As discussed in Section 5.1, this depends on the number of

writes vs. reads, the size of the working set, among other factors. A scaled-

up operator that does not give better capacity is unlikely to improve with

further scale-up. We assess this improvement by comparing the cache hit

ratio and state access latency of the current and previous periods (Line 8).
2
If

there was an improvement and the operator is not already at the maximum

memory level, we cancel the scale-out (Line 10) and replace it with scale-

up (Line 11). If there was no improvement, we cancel the previous scale-up

(Line 14) to avoid wasting memory. The parallelism recommended by DS2

will thus apply using the previous memory configuration.

If an operator was not scaled up already (or was so earlier than 𝑡 − 1),

we evaluate if the cache hit rate is below a threshold Δ𝜃 , indicating insuffi-

cient cache size for reads or if average state access latency is over a threshold
Δ𝜏 , indicating a significant fraction of operations need costly disk/SSD ac-

cesses. In this case, we cancel the scale-out decision (Line 17) and increase

the operator’s memory level (Line 18). Otherwise, we apply the recommended

parallelism.

5.2.3 Implementation

Justin is implemented in version 1.18 of Apache Flink and extends the Kuber-

netes Operator and its DS2 implementation. Our changes account for about

1,500 LoC. In addition to the policy described earlier in this section, Justin

relies on mechanisms allowing the enactment of the decisions: (1) the sup-

port of Task Slots (TS) with heterogeneous memory allocations, and (2) the

creation when necessary of newer TMs.

Flink 1.18 supports an API allowing to specify custom resource config-

urations for operators when submitting a new query (number of cores and

quantity of heap, network, and managed memory). We extend Flink’s Adap-

tive Scheduler module to allow such changes to be enacted at runtime via a

REST API. When a new configuration A𝑡
is determined by Justin, the Adap-

tive Scheduler computes a placement of tasks to TSs across TMs.

The artifact is available on GitHub [25d] and has been selected among

the DAIS artifacts for publishing in the Science of Computer Programming

journal.

5.3 Evaluation

Our evaluation aims to answer the following research questions:

2
The algorithm uses strict inequality signs < and > for clarity, but we can use a minimum

amount of improvement as a percentage as well, implementing a hysteresis.
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■ RQ5.1: For a given target rate, is Justin able to converge to efficient

configurations in terms of CPU and memory usage?

■ RQ5.2: Does the integration of vertical and horizontal scaling lead to a

longer convergence time compared to horizontal (i.e., CPU-only) scal-

ing?

We compare Justin and the Flink DS2 implementation and use the ob-

tained rate (i.e., the capacity of a configuration), the sum of assigned CPU

cores, and the sum of allocated memory as metrics. We use all six queries of

the Nexmark benchmark presented in the previous section (§ 4.3.3). Among

these queries, Q1 and Q2 are stateless, while the other four are stateful. Q3
performs an incremental join (i.e., without winddowing), while the remain-

ing queries performwindowed aggregations over different window types and

sizes.

Experimental setup. We alternatively deploy Flink with Justin or DS2 on a

testbed of 7 nodes from the Gros Cluster (see Section 4.3.3 for specifications).

One node hosts the Kubernetes controller, and another hosts Prometheus and

Grafana. We deploy the Job Manager on another dedicated node. The four

remaining nodes are used to host TMs.

We configure each TM to use 4 CPU cores and 2 GB of memory, shared

among 4 TSs. Flink reserves a portion of the available memory for framework

management data and JVM-specific data. The default amount of managed

memory per TS is 158 MB. With DS2, all tasks get this fixed amount. With

Justin vertical scaling, a task may receive from 158 MB (𝑜𝑖 .𝑚
𝑡 = 0) to 632 MB

(𝑜𝑖 .𝑚
𝑡 = 2, i.e., after two scale-up actions) of managed memory.

We set elastic scaling trigger parameters to keep the average busyness of

operators between 20% and 80%. Through experimental analysis, we identify

two thresholds that allow suitable identification of memory pressure for some

operator’s tasks: A cache hit rate over Δ𝜃 = 80% and an average state access

latency over Δ𝜏 = 1ms. Similarly to DS2, we use short 2-minute decision

windows and a 1-minute stabilization period, i.e., once a scaling decision is

enacted, no further decision is taken for 1 minute to prevent oscillations. If no

scaling is triggered at the end of the window, the autoscaler waits for the fol-

lowing full metrics window collection. Metrics are collected and aggregated

with a granularity of 5 seconds.

5.3.1 Results

Figure 5.3 presents elastic scaling results for Justin and DS2. We show the

achieved rate (capacity) and the resource allocation for the two auto-scalers

as a function of time. The objective is for sources to reach the target rate
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Figure 5.3: Elastic scaling performance of Justin (plain lines) compared to
DS2 (dotted lines), achieved capacity (purple), and resulting overall CPU
cores (red) and memory consumption (green). The horizontal dashed blue
line represents the target rate.
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indicated by a thin, dashed blue line after a few reconfigurations. The top

plots show the achieved rate, while the bottom plots show the overall CPU

and memory consumption (including heap, network, and managed memory).

Note that, as in the DS2 paper [Kal+18], we exclude sources from the resource

count as these are used as stateless workload injectors that would be replaced

by lighter-load Flink sources connected to external sources in production. We

include sink operators with a fixed parallelism of one task. Sinks have a low

load across all queries and never are a bottleneck.

Q1 and Q2: stateless, single-operator queries. These two queries feature

a single stateless operator. As the results for the two were highly similar, we

choose only to show those for Q1. Figure 5.3a shows that both auto-scalers

use two steps to reach a final configuration supporting the 2,250,000 event/s

target rate. Both reach a parallelism of 7 tasks for the operator, but Justin

disables its managed memory. As a result, the Justin configuration uses 40%

less memory, from 2,317 MB for DS2 down to 1,379 MB.

Q3: two stateless and one stateful operator. Q3 performs an unbounded

incremental join, but the size of this operator state converges to a relatively

small value (∼8 MB), suggesting vertical scaling is likely counterproductive.

The two other operators are stateless. Figure 5.3b shows that Justin can free

the managed memory of the stateless operators while avoiding unnecessary

scale-up for the stateful one, using 10% less memory than DS2. Both auto-

scalers converge in the same number of steps. In detail, at the first reconfig-

uration (𝑡 = 1, 180s), stateless operators get configured as (1; ⊥) in Justin and

(1; 158) in DS2; after two more scaling steps (𝑡 = 3) the configuration of the

stateful operator becomes (12; 158) in both cases.

Q5: stateful sliding-window aggregation query. Q5 performs an aggre-

gation over a sliding window, requiring complex access patterns to state in

order to re-compute outputs over a new window frequently. Under the Nex-

mark workload, the state remains small (i.e., ∼10MB). As forQ3, vertical scal-
ing would have no impact on the performance of this query. Justin chooses

only to perform horizontal scaling. Yet, it saves a small amount of memory by

removing the managed memory of the sink operator, as shown by Figure 5.3c.

For both auto-scalers, the final configuration for Q5’s stateful operator is (24;
158).

We discussQ11 beforeQ8 to follow the order of presentation in Figure 5.3.

Q11: stateful session window aggregation query. Q11 results in Fig-

ure 5.3d illustrate the benefit of replacing a scale-out decision with a scale-up.

We observe a first reconfiguration a little before 200 s for both auto-

scalers. While DS2 increases the parallelism of the primary operator to 3,

growing the memory use accordingly, the CPU and memory of Justin remain

equal but for a higher resulting capacity. This is explained by the joint deci-
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sions of Justin of (1) stripping the sink operator of its unnecessary managed

memory and (2) allocating the same amount of memory to the primary oper-

ator due to a scale-up decision (i.e., increasing its memory level from 0 to 1

while keeping a single task).

The resulting capacity is lower with Justin but higher when accounted for

per expanded core. Follow-up reconfigurations at ∼380 s and ∼560 s use scale
out for both Justin and DS2. However, the better per-task performance of the

configuration resulting from the first reconfiguration leads Justin to require

48% lower CPU and a 28% lower memory utilization. The final configuration

matching the target rate is (6; 316) for Justin and (12; 158) for DS2. Justin uses

the same number of reconfigurations but converges slightly faster than DS2

with this query.

Q8: stateful tumbling window join. Finally, Figure 5.3e presents results

for Q8. This query is more complex and requires more reconfigurations to

achieve the target rate. As for Q11, the first reconfiguration of DS2 uses a

scale-out while Justin triggers a scale-up of the primary stateful operator. In-

terestingly, and in contrast with Q11, the scale-up of Justin seems to have

no real benefit, which may lead to thinking one additional round of recon-

figuration will be necessary to compensate for a bad decision. The following

reconfigurations show the situation is the opposite. Justin performs three

scale-out reconfigurations to reach the target rate, while DS2 needs four. We

note that Justin intermediate configurations take longer to stabilize than with

DS2, resulting in a shorter convergence time for the latter despite the addi-

tional step. In terms of resources, however, the advantage is clearly for Justin,

with 48% less CPU cores and 27% less memory than DS2 for the same capac-

ity. The primary operator’s final configuration is (12; 316) for Justin and (24;

158) for DS2.

Discussion. Our experiments with Nexmark show that Justin exploits hy-

brid CPU/memory scaling effectively for all queries but one. It saves memory

by stripping unnecessary memory from stateless operators (in primary oper-

ators of Q1, Q2, andQ3, and for sink operators of all queries). It significantly
reduces the overall resource consumption for a given target rate in complex

stateful queries (Q8 andQ11), both in terms of memory as expected and, per-

haps more unexpectedly, CPU. This latter result is due to the higher efficiency

of tasks not constrained by state access that, as a result, do not need to reach

high parallelism for the same capacity as constrained ones. Justin results in

fewer or the same number of steps as DS2 and comparable convergence time.

Finally, we observe that for a query that does not really benefit from hybrid

CPU/memory scaling (Q5), Justin does not introduce a penalty over DS2.
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5.4 Summary

In this chapter, we presented Justin, a hybrid CPU and memory auto-scaler

for Apache Flink. We first motivationed our work by studying the impact

of memory allocation on the performance of stateful operators in Flink. We

showed that the relation between memory allocation and performance is not

straightforward and depends heavily on the nature of the workload. Based

on these insights, we designed Justin, an auto-scaler that extends the DS2

framework to consider memory allocation in addition to CPU when making

scaling decisions. Justin continuously collects metrics about the resource us-

age and storage performance of each operator’s tasks. Based on these metrics,

Justin’s auto-scaling policy derives CPU and memory allocations for each op-

erator independently. We implemented Justin in Flink 1.18 and evaluated it on

a 7-node cluster using the Nexmark benchmark. Our results show that Justin

can produce configurations with 48% less CPU and 27-28% less memory for

complex stateful queries while requiring the same or fewer reconfiguration

steps than DS2.

This work opens several interesting perspectives. First, and similarly to

DS2, Justin makes implicit assumptions about the absence of skew, i.e., unbal-

anced key popularities leading to an imbalanced load between the different

tasks of an operator. Heterogeneous memory allocation between tasks of the

same operator could be an option, although it would require a significantly

more complex auto-scaler. Finally, Justin and DS2 consider the auto-scaling

and resource allocation of queries in isolation. An auto-scaler that consid-

ers the co-placement of query tasks, e.g., running memory-intensive tasks of

some queries with stateless tasks of another query, may lead to better consol-

idation and cluster resource use overall. This last direction is the focus of the

next chapter.

Publications. The work presented in this chapter contributed to the follow-

ing publication:

Justin: HybridCPU/MemoryElastic Scaling forDistributed Stream
Processing. Donatien Schmitz, Guillaume Rosinosky, and Etienne Rivière. In

IFIP International Conference on Distributed Applications and Interoperable

Systems (DAIS), 2025. Lille, France, 102-118.

This publication received the IFIP Best Paper Award at DAIS 2025 and

the IFIP DisCoTec-wide Best Paper Award at DisCoTec 2025.
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Chapter 5 presented the foundation for fine-grain resource allocation in DSP

systems. It focused solely on the memory requirements of individual queries

and proposed a method to allocate memory to operators in a way that pre-

vents unnecessary horizontal scaling decisions, resulting in overall resource

savings. While the proposed method was effective, it did not consider mostly-

idled operators and focused on single-query scenarios.

In Chapter 3, we analyzed real-worldworkloads and highlighted the preva-

lence of multi-query scenarios in production environments. More impor-

tantly, we observed that queries in this context often experience highly het-

erogeneous workloads, leading to significant variations in CPU and memory

requirements. This chapter builds upon those observations and introduces

Charon, a novel approach that dynamically adapts resource allocation and

leverages optimized task placement strategies to enhance the performance of

multi-query processing. Leveraging the mechanism introduced in Chapter 5

for fine-grain resource allocation in a multi-query context can lead to subop-

timal resource utilization due to the independent treatment of each query. In-

deed, queries are reconfigured in isolation, without considering the resource

requirements of co-located queries. The default task placement strategy in

DSP systems, which typically relies on a round-robin approach, does not ac-

count for the specific resource allocations of tasks and can lead inefficient

use of cluster resources. Charon addresses this by introducing a bin-packing-

based task placement strategy that optimizes the allocation of tasks across

workers, taking into account their specific CPU and memory requirements.

We propose two task placement strategies: a Minimum Downtime strategy

that only reconfigures tasks that do not sustain their target rate, and a Max-

imum Consolidation strategy that re-evaluates the placement of all tasks to

optimize resource utilization.

In this chapter, we first provide a complementary background on task

placement strategies in DSP systems, the motivation for our approach, and

73
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             TM - 42.5%
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Figure 6.1: A one-size-fits-all approach to resource allocation can lead to sub-
optimal resource utilization. On the left, the default Flink configuration al-
locates one task per available CPU core to each task, leading to CPU under-
utilization and allocation of memory to stateless tasks (dotted circles). On
the right, CPU is distributed as fine-grained shares, andmemory is allocated
only to tasks that require it (bold circles).

the overview of Charon (Section 6.1). We then present its three main com-

ponents: Monitoring (Section 6.2), Resource Planning (Section 6.3), and Task

Placement (Section 6.4). Finally, we evaluate Charon on the Gros Cluster (see

Section 4.3.3 for specifications) using the Nexmark benchmark (Section 6.5)

before concluding the chapter (Section 6.6).

6.1 Background and Motivation

As detailed in Sections 4.1 and 5.1, an essential limitation of Flink’s one-size-
fits-all resource allocation is that it provides the same amount of CPU and

memory resources to each task, regardless of its actual requirements. Single-

task operators with a busyness level lower than 100% are assigned a full CPU

core, thereby wasting computational capacity. The allocation of managed

memory to stateless operators is also a pure waste, as their tasks make no

use of the RocksDB storage backend. Figure 6.1 (left) illustrates how these

limitations result in an overall underused TM that is nonetheless unable to

host new tasks.

As described in the previous chapter, Flink recently introduced a new

feature allowing fine-grain resource allocation to tasks, i.e., selecting arbi-

trary amounts of managed and heap memory, and assigning shares of CPU
resources lower than a full core [25b]. With this feature, the number of TS on

a TM is no longer fixed, but is limited only by the total assigned volume of

each resource. Figure 6.1 (right) shows the potential of fine-grain resource al-

location, where only stateful tasks are assigned managed memory and all are

assigned CPU shared corresponding to their busyness levels. While instru-

mental in allowing fine-grained resource management, this new mechanism

suffers from two limitations. First, as explained in the previous chapter, the

allocation is fixed and declared at compile time, disallowing runtime adapta-



6.1. Background and Motivation 75

Task Placement

Max. Consolidation
Reschedule Q

Min. Downtime
Reschedule only R

PResource
Allocation

Fine-
grainedDS2

A

1 CPU
64 MiB
0.2 CPU
0 MiB …

0.4 CPU
128 MiB

Send resource allocations

Configuration
Execution

E

Map Tasks 
to TM

MonitoringM

Busyness & memory 
usage per operator

Reconfiguration 
requests & metrics

+
1 CPU
64 MiB
0.2 CPU
0 MiB …

0.4 CPU
128 MiB1 CPU

64 MiB
0.2 CPU
0 MiB …

0.4 CPU
64 MiB

qC

Figure 6.2: Charon components and workflow. Monitoring collects applica-
tion metrics and triggers reconfigurations. Resource Allocation determines
the optimalCPUandmemory for query operators. TheTaskPlacement com-
ponent then determines the optimal placement of tasks on the available TM.
Finally, Charon applies the new resource allocation and task placement de-
cisions to the running queries.

tion. Second, the choice of resource amounts relies on expert prior knowl-

edge. The appropriate resources for an operator depend, however, not only

on the nature of its computation, but also on the volume and content of events

it processes, which may only be known at runtime.

We also observe that existing simple and greedy task placement mecha-

nisms are ill-suited for fine-grained resource allocation. First, they either do

not consider the heterogeneity of tasks (e.g., for the Round Robin policy) or

only consider a single dimension (e.g., the least-used TM policy only consid-

ers CPU allocation). Second, they target the placement of tasks in isolation,
i.e., one after the other, rather than optimizing the placement of the multi-

ple queries found in a typical DSP cluster. As a result, these placement poli-

cies achieve poor consolidation, and may require more TM to support a given

workload than an optimized placement.

Overview. We present Charon, an integrated scheduler for multi-query DSP

workloads that addresses these limitations. Charon builds upon two main

principles: (1) autonomous fine-grained resource allocation integrated with

state-of-the-art elastic scaling mechanisms; and (2) optimized, multi-query

task placement mechanisms that aim to maximize consolidation.

Figure 6.2 presents an overview of its components, which are then de-

tailed in the following three sections of this paper. Similarly to Justin, Charon

extends Flink Monitoring with the ability to detect improper memory con-

figurations ( M , Section 6.2). These metrics may trigger periodic re-scaling

operations for some of the running queries. The Resource Allocation mod-
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Symbol Description

Default configurations
𝐶 Number of cores per TM

𝐻 Available heap memory per TM

𝑀 Default amount of Managed Memory per TS

Workload
𝑞 ∈ Q A query in the set of queries

𝑜 ∈ O An operator in the set of all operators

O𝑞 ⊆ O Operators specific to query 𝑞

Inputs of Resource Allocation
R𝑡 ⊆ Q Set of queries requiring reconfiguration

𝑏𝑡𝑜 Average observed busyness for operator 𝑜 during last period

𝑠𝑡𝑜 Use of managed memory (binary) by operator 𝑜 during last period

Output of Resource allocation and inputs of Task Placement
A𝑡

Resource allocation, including:

A𝑡 .𝜋𝑜 Parallelism (number of tasks) for operator 𝑜

A𝑡 .𝑐𝑜 Share of CPU core(s) for each task of operator 𝑜 (%)

A𝑡 .𝑚𝑜 Share of managed memory for each task of operator 𝑜 (%)

Output of Task Placement
𝑁 𝑡

Number of necessary TM

P𝑡
Map between tasks of operators O and TM {1, . . . , 𝑁 𝑡 }

Table 6.1: Notations used by Charon for an allocation and placement work-
flow initiated at the end of observation period 𝑡 .

ule extends elastic scaling policies with the ability to assign different CPU

shares and memory allocations to different operators ( A , Section 6.3). The

Task Placement module considers the resulting set of tasks and their require-

ments, and determines a placement that maximizes consolidation, thereby

limiting the number of necessary TMs. In contrast with existing Flink greedy

task placement strategies, this module considers the placement as a multi-

dimensional optimization problem solved using a bin packing algorithm. We

present two possible optimization policies that differ in their ability to rede-

ploy stable queries to optimize consolidation, albeit at the cost of additional

reconfiguration downtime ( P , Section 6.4). Finally, Charon applies the new

resource allocation and task placement decisions to the running queries ( E ).

For the latter, we extended the fine-grain allocation API introduced in the

previous chapter, allowing us to additionally specify the placement of each

task, upon a query reconfiguration.

Table 7.1 summarizes the notations used in the rest of the chapter.

Implementation. Charon is implemented as a standalone Python service

running alongside the Flink Kubernetes Operator. The artifact is open-sourced

and available online [25e]. Charon leverages the monitoring capabilities of

the Flink Kubernetes Operator to collect the necessary metrics for its oper-

ation. We expose a REST API to pull the output of the DS2 algorithm, as
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implemented in the Operator. Charon monitors all running queries in the

cluster. When it receives the scaling decisions from DS2 for all queries, it

triggers its Resource Allocation component to adjust their resource alloca-

tion. The output is passed to the Task Placement component, which computes

the optimal placement of tasks on TM, depending on the selected optimiza-

tion policy. We leverage the constraint programming capabilities of Google’s

OR-Tools [PD25] to solve the corresponding ILPs. Finally, Charon applies the

new resource allocation and task placement decisions to the running queries

using Flink’s REST API. The service accounts for around 800 lines of Python

code.

To apply the new resource allocation and task placement decisions, we

first extended the fine-grain resource allocation API introduced in the previ-

ous chapter. This extension allows us to specify not only the CPU and mem-

ory amounts for each task, but also the TM on which it should be placed.

Finally, we modified the task allocation strategy in Flink to leverage this new

API and enforce the placement decisions made by Charon. The modifications

required around 1,200 lines of Java code in the Flink codebase.

6.2 Monitoring

Monitoring collects information about running queries. The two metrics of

interest are: (1) the busyness of operators, i.e., how much time is spent pro-

cessing events vs. waiting for input by their tasks and, in addition, (2) mea-

sures of the use of managed memory by these tasks, indicating access to the

RocksDB state backend, or its absence thereof.

As Justin, Charon targets minimal modification to Flink and the Flink

Kubernetes Operator. This applies to the periodic metrics collection and ag-

gregation strategy. While metrics are collected by the Prometheus service at

a high frequency (every five seconds by default), they are aggregated over a

longer period (one minute by default) to avoid noise and short-term fluctu-

ations. As for the previous chapter, we define 𝑡 > 1 as the index of the last

aggregation period. For all operators 𝑜 ∈ O currently deployed in the cluster,

𝑏𝑡𝑜 ∈ [0, 100%] is the average busyness of all tasks of 𝑜 , expressed as a fraction
of time, for period 𝑡 . Additionally, we observe the use of managed memory

by examining the statistics of RocksDB access times. If these statistics are

void while events were processed, we deduce that the task is stateless. This

information is encoded in the binary variable 𝑠𝑡𝑜 .

Monitoring is also responsible for triggering reconfiguration for queries

that are considered under- or over-provisioned. We use the existing Flink

mechanism, which is based on thresholds on 𝑏𝑜 over the last observation

period. A low average busyness indicates over-provisioning and the need

to scale down the query containing operator 𝑜 . Symmetrically, a high aver-
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Algorithm 2: Charon resource allocation policy

Parameters: The previous configuration A𝑡−1

Parameters: Query set R𝑡 requiring reconfiguration
Result: A new configuration A𝑡

1 A𝑡 ← A𝑡−1 // Keep configuration for non reconfigured queries.

2 for 𝑞 ∈ R𝑡 do
3 for 𝑜 ∈ O𝑞 do
4 A𝑡 .𝜋𝑜 ← DS2(𝑜 ) // Fetch the recommended parallelism.

5 if ¬𝑠𝑡𝑜 // Operator is stateless?

6 A𝑡 .𝑚𝑜 ← 0% // Disable managed memory.

7 else
8 A𝑡 .𝑚𝑜 ← 100% ×𝑀 // Default managed memory.

9 if A𝑡 .𝜋𝑜 = 1

∧A𝑡−1 .𝜋𝑜 = 1 // Stays single-task?

10 A𝑡 .𝑐𝑜 ←
⌈
𝑏𝑡𝑜
20%

⌉
× 20% // Allocate fraction of CPU.

11 else
12 A𝑡 .𝑐𝑜 ← 100% // Keep full core.

13 return A𝑡 // Return new configuration for task placement.

age busyness indicates over-provisioning and the need to scale out the cor-

responding query. At the end of period 𝑡 , operators crossing thresholds 𝑏𝑡𝑜 ≤
40% or 𝑏𝑡𝑜 ≥ 80% flag the corresponding queries for reconfiguration in a set

R𝑡 ⊆ Q, i.e., R𝑡 = {𝑞 ∈ Q | ∃𝑜 ∈ O𝑞, 𝑏𝑡𝑜 ≤ 40% ∨ 𝑏𝑡𝑜 ≥ 80%}.
Reconfiguration triggers are decided at the end of every one-minute ob-

servation period. Following a reconfiguration request and the restart of queries

by the resource allocation and task placement modules, which we detail next,

Monitoring skips two observations as a cool-down period to allow the system

to stabilize.

6.3 Resource Allocation

Resource Allocation combines elastic scaling with the determination of opti-

mal resource allocation for operators of queries selected for reconfiguration,

i.e., in set R𝑡
. In addition to selecting the number of instances using existing

Flink algorithms, it can adapt the allocation of CPU and memory for different

operators. The goal of Resource Allocation is to ensure that each operator has

sufficient resources to handle its workload while minimizing resource waste

and maximizing overall system efficiency.

Resource Allocation builds upon the existing elastic scaling algorithm in

Flink, based on DS2 [Kal+18]. Based on Monitoring metrics, Resource Allo-

cation adjusts the results of the elastic scaling algorithm to remove managed

memory for stateless operators and adapts CPU allocation for low-traffic op-

erators.

Algorithm 2 details Resource Allocation operation when triggered at the
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end of period 𝑡 . Inputs are the set of queries under reconfiguration R𝑡
, the

average busyness of their operators 𝑏𝑡𝑜 , and their use of managed memory

𝑚𝑡
𝑜 . Its output is a mapping A𝑡

between each operator in these queries and

to its resource allocation, i.e., its parallelism (A𝑡 .𝜋𝑜 ), CPU cores (A𝑡 .𝑐𝑜 ), and

amount of managed memory (A𝑡 .𝑚𝑜 ).

The algorithm starts from a copy of the previous configuration (Line 1),

then loops over the set of queries in R𝑡
and every operator of these queries.

For each operator, it fetches DS2’s recommended parallelism (Line 4). If the

operator is stateless, it disables its managed memory by setting it to 0% of the

default allocation (Line 6); stateful operators keep 100% of that default value

(Line 8). We note that source operators’ parallelism is constant, as it depends

on the query initial configuration and number of connections to data sources

(e.g., Kafka). Source operators are generally stateless and can get stripped of

managed memory with no performance penalty.

In a second phase, the algorithm checks whether the CPU allocation is

currently oversubscribed and adjusts it to a fraction of a core if possible. We

only consider operators with a parallelism of one, i.e., a single task, over at

least two observation periods. For this, we verify that the parallelism in the

observation period 𝑡 − 1 was already one (Line 9). In this case, the algorithm

allocates a fraction of a CPU core to the operator 𝑜 based on its observed

busyness level 𝑏𝑡𝑜 (Line 10). This allocation is in discrete fractions to avoid

very small CPU shares but also tomake the process of task placement, detailed

in the next section, less computationally expensive. Operators that do not

match these criteria keep the default allocation of one CPU core (Line 12).

The allocation of heap memory to tasks is the same as their allocation of

CPU: a task gets A𝑡 .𝑐𝑜 × 𝐻
𝐶

heap memory, where 𝐻 is the volume of heap

memory for a TM and 𝐶 its number of available cores.

Resource allocation outputs the new configurationA𝑡
for all operators in

the set of queries Q (Line 13), which will be the input to the task placement

component we detail next.

6.4 Optimized Task Placement

After Resource Allocation determines the CPU and memory profiles for op-

erators and the number of tasks they require, Task Placement is responsible

for spawning these tasks on available TM, potentially launching new ones if

necessary.

Flink’s task placement strategies are designed with homogeneous tasks

in mind, and deploy queries in isolation. As mentioned in Section 6.1, these

strategies are ill-suited for heterogeneous requirements and result in sub-

optimal consolidation.

Charon optimizes task placement, improves consolidation, and reduces
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the number of necessary TM by two means: (1) it does not use greedy place-

ment policies but models task placement as a bin-packing optimization prob-

lem, and uses a solver to derive an optimal solution; and (2) it considers the

reconfiguration of multiple queries together rather than one by one, thereby

offering greater potential for improved consolidation.

We consider two policies, differing in the set of queries considered for

placement. TheMinimumDowntime (MD) policy only considers queries sched-
uled for reconfiguration (R), but does not modify the placement of other

queries (Q \ R). The rationale for this policy is to impose no downtime be-

yond what is already imposed by Monitoring decisions. It is suitable for se-

tups where queries are relatively short-lived and/or where the cost of query

downtime is deemed higher than the cost of using slightly more resources. In

contrast, theMaximum Consolidation (MC) policy favors an optimal usage of

these resources but does so by potentially replacing all running queries (Q),
and not only those scheduled for reconfiguration. It is adapted for workloads

formed of long-running queries, where the cost of short-term reconfigura-

tions and associated downtimes is compensated by lower resource utilization

in the long term.

Both strategies take as input R, Q, and the resource allocation A𝑡
. They

output the number of necessary TM, 𝑁 𝑡
, and a mapping of tasks to these TM,

P𝑡
. MD andMC aremodeled as bin packing problems. A bin packing problem

is an optimization problem in which items (tasks) are placed into bins (TM)

of a given capacity (CPU and memory). The objective is to place every item

in the bins in a way that minimizes the number of necessary bins. Let 𝑛 be

the total number of tasks to place, and𝑚 be an upper-bound on the number

of required TM, i.e., when each task receives a full core among the𝐶 available

on each TM:

𝑛 =
∑︁
𝑞∈Q

∑︁
𝑜∈O𝑞

A𝑡 .𝜋𝑜 (6.1)

𝑚 =

⌈𝑛
𝐶

⌉
(6.2)

Let 𝑥𝑖 ∈ {0, 1} be a decision variable equal to 1 if TM 𝑖 is used, and 0

otherwise. Moreover, let 𝑦𝑖 𝑗 ∈ {0, 1} be a decision variable equal to 1 if task

𝑗 is assigned to TM 𝑖 and 0 otherwise, with 𝑖 ∈ {1, . . . ,𝑚} and 𝑗 ∈ {1, . . . , 𝑛}.
Finally, let 𝑃𝑖 𝑗 be the set of pre-placed tasks to TM, i.e., tasks of queries not

scheduled for reconfiguration in R𝑡
, where 𝑃𝑖 𝑗 contains task 𝑗 if it is currently

assigned to TM 𝑖 . To simplify notations, we note 𝑞( 𝑗) the query to which a

task 𝑗 belongs and 𝑜 ( 𝑗) its operator (thus,A𝑡 .𝑐𝑜 ( 𝑗 ) is the CPU allocation of 𝑗 ).



6.5. Evaluation 81

The MD policy is equivalent to solving the following Integer Linear Program

(ILP):

Min.

𝑚∑︁
𝑖=1

𝑥𝑖 (6.3)

S. t.

𝑛∑︁
𝑗=1

A𝑡 .𝑐𝑜 ( 𝑗 ) · 𝑦𝑖 𝑗 ≤ 𝐶 · 𝑥𝑖 , ∀𝑖 ∈ {1, ...,𝑚} (6.4)

𝑛∑︁
𝑗=1

A𝑡 .𝑚𝑜 ( 𝑗 ) · 𝑦𝑖 𝑗 ≤ (𝑀 ·𝐶) · 𝑥𝑖 , ∀𝑖 ∈ {1, ...,𝑚} (6.5)

𝑚∑︁
𝑖=1

𝑦𝑖 𝑗 = 1, ∀𝑗 ∈ {1, ..., 𝑛} (6.6)

𝑦𝑖 𝑗 = 1, ∀𝑖 ∈ {1, ...,𝑚},∀𝑗 ∈ 𝑃𝑖 if 𝑞( 𝑗) ∉ R (6.7)

𝑥𝑖 , 𝑦𝑖 𝑗 ∈ {0, 1} (6.8)

The objective function (6.3) minimizes the number of necessary TM. The

first two constraints, (6.4) and (6.5), ensure that the total CPU and memory

requirements of tasks assigned to each TM do not exceed its capacity. The

third constraint (6.6) ensures that each task is assigned to exactly one TM.

Finally, the fourth constraint (6.7) pre-assigns tasks of queries not in R to

their current TM assignation, avoiding unnecessary reconfigurations.

The MC policy gets rid of the fourth constraint (6.7) to allow all queries

(Q) to be replaced if this leads to a better placement. A query that has at least

one task of one operator replaced will incur a snapshot and re-deployment of

the query, and an associated downtime. However, this opens the possibility

of more aggressive optimization and resource savings.

6.5 Evaluation

We evaluate the Charon prototype with the goal of answering the following

research questions (RQ):

■ RQ6.1: What is the impact of Charon fine-grained resource allocation?

Considering one query, does it allow reducing the necessary resources

for that query while matching rate requirements, and does it require

fewer reconfigurations compared to the baseline?

■ RQ6.2: Does the multi-query, optimized placement of Charon improve

consolidation compared to existing single-query policies used by Flink?

■ RQ6.3: What is the relative impact of using the MD and MC strategies

on consolidation and, for MC, on the number of reconfigurations?
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Event source Q1 Q2 Q3 Q5 Q8 Q11

Auction — — 600 — 600 —

Person — — 200 — 200 —

Bid 9,200 9,200 — 9,200 — 9,200

Table 6.2: Default rate of the three streams used by the six queries of Nex-
mark (in events per second).

■ RQ6.4: Is the optimization approach used for task placement scalable?

Our metrics of interest are the number of necessary TM and the number

of reconfigurations required to support target query rates. We compare the

following four candidates:

■ Baseline (BL) is the default Flink and Flink Kubernetes Operator re-

source allocation and placement.

■ Fine Grained (FG) uses fine-grained resource allocation strategies as

proposed in Section 6.3, but keeping the default (round-robin) place-

ment strategy.

■ MinimumDowntime (MD) andMaximumConsolidation (MC) use fine-
grained resource allocation and optimized, multi-query placement with

the two strategies outlined in Section 6.4.

Benchmarks. We use the same queries as for the evaluation of DS2 and

Justin: Q1, Q2, Q3, Q5, Q8, and Q11. Q1 and Q2 are stateless queries and

are primarily composed of respectively a map and a filter operator. Q3 and

Q8 are stateful queries, with Q3 performing an incremental join query and

Q8 computing a join over a window. Q5 and Q11 are both stateful queries

performing windowed aggregations.
Nexmark uses three event sources — Auction, Bid, and Person. The bench-

mark determines the rate of event generation for these sources as a ratio: for

every Person event generated, 3 Auction events and 46 Bid events are gener-

ated. The default rate is 10,000 events per second, with a distribution across

sources and use by the six queries shown in Table 6.2. We note this default

rate as “x1” and consider higher data volumes by multiplying the rates in

Table 6.2 by 5 (“x5”) and 10 (“x10”).

Experimental Setup. We run the experiments on a testbed of eight nodes

from the Gros cluster (see Section 4.3.3). One node is used solely for man-

aging the Kubernetes cluster and for the observability stack, which includes

Prometheus [24b] and Grafana [14c]. We use another dedicated node for the

JM, and the remaining 6 nodes for TM. Each TM is configured with 4 CPU
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Rate Cand. Q1 Q2 Q3
TM TS C M TM TS C M TM TS C M

10k (x1)

BL 1 3 3 1029 1 3 3 1029 2 5 5 1715

FG 1 3 1.4 0 1 3 1.4 0 1 5 2.6 343

50k (x5)

BL 1 3 3 1029 1 3 3 1029 2 5 5 1715

FG 1 3 1.4 0 1 3 1.4 0 1 5 2.6 343

100k (x10)

BL 1 3 3 1029 1 3 3 1029 2 5 5 1715

FG 1 3 1.4 0 1 3 1.4 0 1 5 2.6 343

Q5 Q8 Q11
TM TS C M TM TS C M TM TS C M

10k (x1)

BL 2 5 5 1715 1 3 3 1029 2 5 5 1715

FG 1 5 3.4 686 1 3 2.2 343 1 5 3.4 686

50k (x5)

BL 3 9 9 3087 1 3 3 1029 4 15 15 5145

FG 2 9 7.4 2058 1 3 2.2 343 4 15 13.4 4116

100k (x10)

BL 4 15 15 5145 1 3 3 1029 7 27 27 9261

FG 4 15 13.4 4116 1 3 2.2 343 7 27 25.4 8232

Table 6.3: Comparison of of the baseline (BL) and fine-grain (FG) scal-
ing strategies for single queries. The queries run individually at different
throughput levels. The values indicate for each sustained configuration: the
number of needed TMs (TM), the total number of tasks (TS), the total num-
ber of CPU cores (C), and the total amount of managed memory used by the
query (M in MiB). Bold values indicate improvements compared to the base-
line.

cores — resulting in 4 TS for the default one-size-fits-all resource allocation

and placement strategy — and 4 GiB of RAM. The number of TM that are

actually deployed depends on the decisions of the task placement algorithm.

6.5.1 Fine-Grained Resource Allocation: Impact on Individual
Queries

We first address RQ6.1 and the impact of fine-grained resource allocation

on the performance and cost for individual queries. Table 6.3 presents the

resource utilization of queries after the elastic scaling process has converged,

for both the BL and FG setups (i.e., using the default round-robin placement

strategy). Each query runs for a total of 20 minutes, targeting the three rate

levels (x1, x5, and x10).

For each query, we report the final, stable resource allocation sustaining

the target rate, with the number of necessary TM, the number of tasks (TS),

allocated CPU cores (C), and managed memory used by the query (M in MB).

We first observe that, in all configurations, the number of tasks (i.e., the op-

erators’ parallelism) is identical for BL and FG. For stateless queries (Q1 and
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Q2), FG uses significantly fewer resources, both in terms of CPU and mem-

ory, than BL. Observations from Monitoring allow Resource Allocation to

detect and remove unnecessary managed memory from stateless operators.

For stateful query Q3, FG manages to reduce the number of TM used from 2

to 1, while using the same number of TS. For Q5, FG uses one less TM than

BL throughout levels x1 and x5 but requires the same number of TM for x10,

although using fewer CPU cores and memory overall. Q8 requires a single

TM for both candidates at every rate level, although here again, FG uses fewer

CPU cores and memory than BL. Finally, for Q11, FG uses one less TM than

BL at level x1 but requires the same number of TM for x5 and x10, primar-

ily due to CPU requirements. This more complex stateful query nonetheless

manages to use fewer resources overall in all configurations.

In summary, this first series of experiments allows answering positively

to RQ6.1: fine-grain resource allocation enables more efficient resource uti-

lization for each query. Compared to the Justin policy presented in the previ-

ous Chapter, Charon manges to reduce both CPU and memory resources for

all queries, including stateful ones. We note however that the lack of smart

memory allocation policy (i.e. only removing managed memory from state-

less operators) limits the possible gains for stateful queries.

6.5.2 Placement with Multiple Queries

We now explore RQ6.2 and RQ6.3 with multi-query workloads, i.e., where

the six Nexmark queries are running simultaneously and consume events

from the same input flows. The total number of events consumed by the

six queries combined is, respectively, 38,400 (x1), 192,000 (x5), and 384,000

(x10) events per second. We consider the four candidates: BL and FG, as in

the previous subsection, plus the multi-query-aware MD and MC.

Figure 6.3 presents the achieved throughput (top) and the number of TM

used (bottom) as a function of time, and for the three rate levels. For readabil-

ity, the throughput is normalized as a percentage of the target rate, which is

represented by a dashed green line. Reconfigurations impact the throughput

of some queries (with BL, FG, and MD) or all queries (with MC), followed by

a ramp-up phase to reach the new, sustainable throughput. Table 6.4 presents

the number of reconfigurations for the different candidates and the different

rates.

The x1 scenario shows that the BL candidate does not reconfigure any of

the queries and continues to use the original 7 TM used for one-size-fits-all

provisioning at the beginning. In contrast, the three other candidates perform

such reconfigurations and significantly reduce the number of TM while re-

specting the target rate. In all cases, a single re-scaling decision is necessary.

We can observe the impact of multi-query, optimized placement by compar-
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Figure 6.3: Multi-query results for 4 scaling candidates for 3 rate levels. The
top-most plot of each figure shows the total throughput of all queries as a
percentage of the target rate (indicated by a dashed green line). The bottom
plots show the number of Task Managers (TM) used by each candidate to
achieve their throughput.
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Rate Cand. Q1 Q2 Q3 Q5 Q8 Q11 Total

10k (x1)

BL 0 0 0 0 0 0 0

FG 1 1 1 1 1 1 6

MD 1 1 1 1 1 1 6

MC 1 1 1 1 1 1 6

50k (x5)

BL 0 0 0 1 0 1 2

FG 1 1 1 1 1 1 6

MD 1 1 1 1 1 1 6

MC 1 1 1 1 1 1 6

100k (x10)

BL 0 0 0 2 0 2 4

FG 1 1 1 2 1 2 8

MD 1 1 1 2 1 2 8

MC 2 2 2 2 2 2 12

Table 6.4: Number of reconfigurations made by each candidate to reach the
target rate for each query and in total.

ing the results of FG on the one hand with those of MC and MD on the other

hand. The latter two candidates manage to reduce the number of necessary

TM to 3, i.e., a ≃43% of what the default Flink requires.

For the x5 rate, BL scales only Q5 and Q11 once and ends up using 8 TM.

FG, MD, and MC all reconfigure all queries once, and reduce the number of

necessary TM through better consolidation. However, we observe the impact

of placement optimization at time 350s, where MD and MC manage to place

the resulting tasks on 5 TM while the round robin placement of FG needs 6

TM.

The x10 rate is more demanding and requires more than one reconfigu-

ration per query to sustain the target rate. BL reconfigures all queries once,

except Q5 and Q11 that need two reconfigurations, reaching a final resource

budget of 10 TM.At time 350s, the three other candidates find the same config-

uration sustaining an overall throughput of ∼85% of the target rate. However,

FG does not consolidate well and uses one more TM than MD and MC. After

a final scaling step at 650s, FG achieves the target rate using 7 TM, MD uses

7 TM, and MC uses 6 TM, 60% of the budget used by BL.

As expected, we observe that BL makes the least number of reconfigura-

tions, as it only scales queries that cannot sustain the target rate with their ini-

tial configuration. For rates x1 and x5, FG, MD, and MC make the same num-

ber of reconfigurations for each query. Finally, in scenario x10, MC makes

more reconfigurations than FG and MD, as it tries to optimize consolidation

by redeploying tasks from already well-placed queries.

In summary, this experiment shows the interest of optimizing placement

considering multiple queries compared to only using fine-grain resource allo-

cation with the default, round-robin placement algorithm of Flink, positively
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Figure 6.4: Solver efficiency for the task placement problem with varying
numbers of tasks. The solver’s performance degrades as the number of tasks
increases. Pre-assignment of 25% tasks to TM helps reduce the search space
and overall solving time.

answering RQ6.2. The MC strategy, by forcing the replacement of stable

queries together with those identified for reconfiguration, achieves slightly

better consolidation and resource utilization at the cost of additional recon-

figurations than MD, also answering RQ6.3.

6.5.3 Task Placement Performance

We finally investigate RQ6.4 and the scalability of the task placement op-

timization problem. Both MD and MC candidates utilize bin-packing opti-

mization, which is known to be NP-hard. Our implementation uses Google’s

OR-Tools [PD25] to solve the corresponding ILPs. We leverage the constraint

programming capabilities of OR-Tools to efficiently explore the solution space

and find optimal solutions for both strategies.

To evaluate the solver’s efficiency, we conduct microbenchmarks on the

placement problem with large numbers of heterogeneous tasks. We compare

the performance of MC and that of MDwith a pre-assignment of 25% of stable

tasks to TM. Figure 6.4 shows the solver’s performance as the number of tasks

increases for MD and MC. The solver’s performance degrades as the number

of tasks increases, with a significant increase in solving time for instances

with more than 200 tasks for MC, which is already a significant number for

a DSP cluster. Pre-assignment helps reduce the search space and allows for

higher task counts, as it provides additional constraints that guide the solver

towards feasible solutions more quickly. A possibility to mask the cost for

very large clusters and query sets would be to pre-compute placement and

resource allocation before enacting decisions, i.e., outside of the auto-scaling

decision loop, although this would require more significant changes to Flink

and the Flink Kubernetes Operator. It is also possible to interrupt the search



88Chapter 6. Optimized Multi-Query Task Placement and Resource Allocation

after a timeout duration for an approached solution. Overall, we conclude this

evaluation by answering RQ6.4 affirmatively for common workload sizes.

6.6 Summary

This chapter highlighted the inefficiencies of state-of-the-art resource alloca-

tion and task placement strategies inDSP systemswhen handlingmulti-query

workloads with heterogeneous resource demands. Operators with varying

CPU andmemory requirements lead to suboptimal resource utilization due to

the inability of existing systems to adapt resource allocations and placements

dynamically. Furthermore, the prevalent round-robin task placement strategy

fails to consider the specific resource needs of tasks, resulting in fragmented

workers and increased resource wastage. Based on these observations, we

designed and implemented Charon, an integrated auto scaler that combines

fine-grained resource allocation with optimized multi-query task placement.

By dynamically adjusting CPU and memory allocations based on operator

needs and modeling placement as a bin-packing problem, Charon achieves

significant improvements in resource efficiency and consolidation over the

state of the art. Experiments with the Nexmark benchmark show its ability

to reduce wasted resources, lower the number of required TM, and balance

trade-offs between downtime and consolidation.

This work opens several interesting perspectives. First, the use of ILP

solvers for task placement allows for the easy integration of additional con-

straints and optimization goals. For example, future work could explore the

integration of network-aware placement strategies that consider data locality

and inter-task communication patterns to further optimize performance. Sec-

ond, Charon currently assumes homogeneous TM capabilities; extending the

placement algorithm to handle heterogeneous TM configurations could en-

hance its applicability in diverse cloud environments. Finally, while Charon

focuses on CPU and memory resources, future research could investigate the

inclusion of other resource types, such as GPU or storage I/O, to provide a

more comprehensive resource management solution for DSP systems.

In the last two chapters, we presented two complementary auto-scaling

solutions for DSP systems. These solutions address key challenges in resource

allocation and task placement, demonstrating significant improvements in

resource efficiency and system performance. In the next chapter, we will ex-

plore a complementary direction by investigating how to predict, prior to

deployment, the performance of DSP queries under various configurations.

Publications. The work presented in this chapter contributed to the follow-

ing publication:

Charon: Fine-GrainResourceAllocation andOptimizedTaskPlace-
ment forMulti-QueryDistributed StreamProcessing. Donatien Schmitz,



6.6. Summary 89

GuillaumeRosinosky, and Etienne Rivière. In Proceedings of the 41st ACM/SI-

GAPP Symposium On Applied Computing (SAC), 2026. Thessaloniki, Greece.

The artifact associated with this publication is available on GitHub [25e].
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In this chapter, we address a complementary aspect of resource management

in DSP systems: capacity planning. While previous chapters focused on fine-

grain elasticity, we now turn our attention to the challenge of determining

the appropriate resource allocation for DSP applications before deployment.

To this end, we present StreamBed, a capacity planning framework designed

to assist practitioners in estimating the required resources for their DSP jobs,

prior to deployment.

We begin by introducing, in Section 7.1, the motivation behind capacity

planning in DSP systems and the challenges it entails, followed by a com-

plementary review of related work. We then provide an overview of the

StreamBed framework, detailing its architecture and key components, in Sec-

tion 7.2. Subsequently, we delve into the specific components of StreamBed,

namely the Capacity Estimator (Section 7.3), the Configuration Optimizer

(Section 7.4), and the Resource Explorer (Section 7.5). We also discuss the

implementation details of StreamBed in Section 7.6. Finally, we evaluate the

effectiveness of StreamBed through a series of experiments, presented in Sec-

tion 7.7, and conclude with a summary of our findings and potential future

directions in Section 7.8.

7.1 Motivation

It is hard to know, before the full-scale deployment of a new query, the re-

sources budget that it will eventually require after elastic scaling, or how these

resources will have to be configured to sustainably ingest a target workload

(i.e., achieve a given capacity). As another example, the use of a total of twelve

servers and the parallelism of each of the five operators in Figure 7.1’s con-

figuration at peak capacity is the result of runtime decisions that depend on

the scaling behaviors of operators and their reaction to operational condi-

tions, e.g., the amount of RAM (heap, managed, network memory) provided

to each of the tasks, the performance of the storage sub-system, or char-

acteristics of the input stream. As another example, in Chapter 5, the auto

91
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Figure 7.1: DSP engines scale out to handle increasing rates. Reconfigura-
tions apply the necessary parallelism for a query operators (its configura-
tion) to increase its capacity. Our objective is to determine in advance the
resources budget and its configuration for a target, large rate.

scaler needed five reconfigurations to find a sustainably stable configuration

forQ8. The scaling behavior of queries is often sub-linear, disallowing simple

proportionality-based predictions. They often exhibit non-trivial resource us-

age and performance patterns, such as load spikes due to stragglers [FBD20]

or imbalance between tasks’ loads due to skew [Gul+16; Kal+18; Zou+22].

Uncertainty in the resource requirements of queries often leads practi-

tioners to exercise caution and over-provision their infrastructure, as pre-

sented in Chapter 3. An infrastructure that cannot scale out to the needs

of a query could, indeed, result in cascading failures and query termina-

tion [Pau20]. When DSP jobs are deployed in a public cloud, the problem

becomes that of mastering costs, as uncontrolled scale-out may lead to pay-

ing for a large amount of on-demand resources.

Capacity planning tools for DSP queries can help practitioners to address

these challenges. Figure 7.2 illustrates three use-cases of such tools. First,

in a public cloud setting, capacity planning can help to estimate the cost of

running a query at a target throughput for a certain duration, allowing users

to budget their expenses in advance. Second, in a private cloud setting with

limited resources, capacity planning can help to determine if a new query

can be safely deployed alongside existing ones without exceeding the avail-

able resources. Finally, capacity planning can provide an initial configuration

for a new query, reducing the number of runtime reconfigurations needed

to reach the desired capacity and avoiding the associated costs and service

interruptions.

Numerous prior works have studied the problem of resource provision-

ing for DSP queries. One line of work is based on benchmarking, which tar-

gets the deployement of a query at a production scale. For example, Theodo-
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Figure 7.2: Use-cases of capacity planning for DSP queries. On the left, it
helps to determine the cost of running a large query at a certain throughput
and for a certain duration in the cloud. In the middle, it allows for deter-
mining if a new query can be safely deployed alongside others in a private
cloud with limited resources. On the right, it returns an initial configuration
for a query, avoiding the costs and service interruptions of many scale-out
reconfigurations.

lite [HH21; HH22] is a systematic method for benchmarking the scalability

of DSP systems, such as Flink and Kafka Streams. Theodolite implements

different search strategies piloting tests with varying CPU budgets, verify-

ing if service-level objectives (SLO) are met for each of them, and forming a

scalability profile. It defines “realistic” use cases (e.g., downsampling, time-

based aggregation, hierarchical aggregation) and workload dimensions (e.g.,

number of keys, window size) to evaluate how resource needs grow with

workload. The authors also provide a cloud-native benchmark framework

and implementations for Apache Flink and Kafka Streams, showing that both

scale roughly linearly, but configuration choices strongly impact efficiency.

However, the synthetic nature of the benchmarks limits their applicability

to real-world queries. Rafiki [Pfi+22] allows determining the configuration

(level of parallelism) of each operator of a query by piloting a series of runs

and gradually increasing the parallelism of each operator based on observed

backpressure metrics.

Another class of work proposes to model the DSP queries, their perfor-

mance, and their scalability. Truong et al. [THS17; Tru+18] use queueing

theory to model each DSP operator as a queue and predict system behav-

ior under load. They measure execution time, inter-processing time, and

variance at runtime, then apply approximation methods to estimate queue

length, latency, and stability. By gradually increasing input rate, they de-

termine each operator’s effective utilization—the maximum safe load before

queues become unstable or backpressure occurs. An algorithm then fits uti-

lization levels to observed queue sizes, enabling prediction of throughput lim-

its and resource needs. Some authors propose to model the performance and

resource usage of queries based on general characteristics, learning from a

large set of queries and identifying a general model, e.g., mixture-density
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networks [Kho+15; Kho+16] or zero-shot cost models [Hei+22; Agn+23] (dis-

cussed in Section 4.1). These approaches require initial training using a large

set of queries (typically, several thousands). As no dataset of real queries of
this size exists, the authors have to resort to synthetic, randomly-generated

queries that may not represent real workloads.

Prior research proposed various techniques for capacity planning in DSP

systems, including benchmarking and modeling approaches. However, these

methods often rely on synthetic benchmarks or require extensive training on

large datasets of queries, which may not accurately reflect real-world work-

loads. In this work, we propose StreamBed, a capacity planning tool that

models the performance and resource usage of DSP queries based on their

actual execution traces.

7.2 Overview

We detail StreamBed objectives, operational model, and target workloads.

Then, we provide an overview of its components.

Objectives and assumptions. StreamBed targets long-running queries that

need to scale out to hundreds of cores for their execution. We consider a

system formed of two clusters: a large one is dedicated to production deploy-

ments, while a much smaller one is dedicated to capacity planning. The two

clusters use the same hardware and network interconnect, to make observa-

tions on one transposable onto the other.

The goal of StreamBed is to build a capacity planning model for a specific
DSP query provided by the user. We assume that a dataset, representative of

the input of the job, is also provided by that user, e.g., historical data for the

corresponding source stored in a data lake or using artificial data generators.

We do not require, however, that the query ran previously on this dataset or

any other dataset. The query does not have to be modified by the user, but

StreamBed needs to be informed of fields in events’ schemas used to represent

event time, if any. This information is needed to replace recorded, historical

times with emulated times in controlled runs of the query.

We assume that the submitted DSP job uses an arbitrary combination of

stateless and windowed operators including joins, as is common for contin-

uous queries [Ver+23]. This means that operators do not accumulate state

without limit, but operate on a working set formed of the events received

over a window, defined based on time and/or a number of events.
1
We do

1
We do not target batch processing jobs [Car+15], where the processing throughput is

dictated by the job deployed capacity and not by its sources, and where some operators such

as non-windowed joins may keep accumulating state for all events of an input before they can

process another.
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Figure 7.3: StreamBed workflow. The user submits her query and a repre-
sentative dataset. The resource explorer builds a capacity planning model
from capacity estimations with small resource budgets. For each budget, the
configuration optimizer determines the best resource allocation and its MST
via controlled benchmarking by the capacity estimator.

not make assumptions on the length of this window or the sizes of operators’

working sets.

StreamBed builds amodel allowing querying the necessary resources bud-

get for different input rates (i.e., the number of task slots and their resource

profile) as well as their appropriate configuration (parallelism for each op-

erator). The returned configurations must be able to sustain the requested

throughput without over- or under-provisioning.

StreamBed handles skew (and the resulting imbalance in the loads of tasks

of a given operator) and the unpredictable load peaks due to stragglers by

considering the measured capacity as the maximal sustainable throughput

(MST [IPV17; Kar+18; CYH20]) of the query under a specific resources budget,

and the evolution of this MST with varying budgets.

StreamBed components. The general workflow and the three nested com-

ponents of StreamBed are illustrated in Figure 7.3. At the top-most level, the

Resource Explorer (RE) drives the exploration of different resource budgets,
i.e., numbers of task slots with a given resource profile. For each budget,

the RE collects the achievable capacity or Maximal Sustainable Throughput

(MST) and the associated configuration, which it uses to build a capacity plan-
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ning model. The choice of profiles is driven by a Bayesian Optimization al-

gorithm for a set of target candidate models. In Figure 7.3, the RE evaluates

three such resource budgets.

The determination of the best configuration and of achievable MST for

a given resource budget is under the responsibility of the Configuration
Optimizer (CO). For resource profiles that have not yet been evaluated, a

first step evaluates in-situ (using the lowest-level component, the Capacity

Estimator) a minimal configuration with a parallelism of 1 for each operator,

to collect usage metrics. Then, the CO leverages BIDS2 (Bounded-Inverse

DS2), an evolution of the DS2 algorithm able to determine, in one pass and

for a bounded resource budget, the best possible configuration. In Figure 7.3,

the CO determines the MST for the smallest of the budgets submitted by the

RE for evaluation.

The determination of the MST of a given configuration is performed by

the Capacity Estimator (CE), which uses in-situ, controlled runs of the job

in the small-scale testbed. Determining the MST experimentally is a com-

plex task. Performance tends to fluctuate heavily during ramp-up phases,

while the state of operators and buffers between tasks are not stabilized at

their peak size. Performance is also generally highly unstable when operat-

ing above the MST, and queries may exhibit important variations of resource

usage over time. We devise a controlled data injection strategy that can effec-

tively determine the MST of a configuration by stress-testing it and adjusting

input rates using a dichotomous strategy.

In the following sections, we detail these components in a bottom-up

fashion, starting with the Capacity Estimator (Section 7.3), following with

the Configuration Optimizer (Section 7.4), and finishing with the Resource

Explorer (Section 7.5).

7.3 Capacity Estimator

The role of the Capacity Estimator (CE hereafter) is to determine experimen-

tally the Maximal Sustainable Throughput, or MST, of a job in a specific con-

figuration, upon request of the Configuration Optimizer. TheMST, a common

performance metric for DSP [IPV17; Kar+18; CYH20], is the highest possible

average actual rate that can be processed by the configuration, that corre-

sponds to the injected rate (i.e., no piling up of unprocessed records between

the Source operator and the rest of the job). The goal of the CE is to estimate

the MST in a small amount of time, while guaranteeing its accuracy, in par-

ticular with respect to the impact of stateful operators, skew, and stragglers.

The CE must also take into account that injected rates higher than the MST

often lead to chaotic behaviors such as unsteady actual processing rates.

Load injection. The CE uses controlled load injection, attaching rate-limited
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sources to the job. These sources can connect with a distributed storage in

a data lake, allowing the use of data at rest as a representative input. Alter-

natively, StreamBed can employ as a source an online pseudo-random event

generator provided by the user. In both cases, sources attempt to inject events

at up to a fixed target rate but abide by the back-pressure received from down-

stream operators.

Warmup phase. A newly started job will typically accept incoming load

at a much higher throughput than its steady-state MST. Two factors explain

this. First, each edge of the job graph is associated with buffers; back-pressure

mechanisms only kick in when the fill rates of these buffers reach a thresh-

old. Initially, empty buffers lead to a temporarily higher “absorption capac-

ity”. Second, stateful operators start with an empty state that gradually grows

until it reaches a steady state (e.g., a full sliding window of events). Initially,

operations requiring to access state can be much faster, possibly biasing mea-

surements. These observations lead us to the need for a warmup phase prior

to any measurement, to observe performance metrics on a stabilized job.

Evaluation strategy. A policy decides on variations of the input rate, and on

when to measure the actual processing rate. A naive approach to determin-

ing the MST would be to start from a low target rate and gradually increase it

until the source starts observing a certain back-pressure level. This approach

is inappropriate for two reasons. First, it mixes the necessary warmup phase

with the actual measurement phase, risking estimating the MST of a job that

has not reached its steady state. Second, it does not take into account the

inertia of the job under test: A change in input rate leads to cascading ef-

fects on buffer occupancies and back-pressure levels. These effects often take

several seconds, and sometimes several minutes, to stabilize. Using an ever-

increasing rate bears risks that this stabilization never occurs.

We propose a strategy, illustrated by Figure 7.4, that takes into account

these concerns by using fixed target throughputs, including necessary stabi-

lization phases but avoiding measurements during these phases. It starts with

a sufficiently long warmup phase where we inject throughput at the maxi-

mal possible rate, building up sufficient state at stateful operators and filling

buffers. Reaching this steady state can require several minutes of warmup,

primarily depending on available memory and the size of the working state

of stateful operators.

The warmup phase is followed by the evaluation itself, using a dichoto-

mous approach similar to a binary search. We consider a maximal and a

minimal rate, max𝑟 and min𝑟 , initially set to ∞ and 0. The search progresses

in phases. In each phase, a target rate 𝑟 is tested. If the test is successful,

which the algorithm determines as the actual processing rate being equal
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Figure 7.4: The Capacity Estimator uses an evaluation strategy based on
fixed-rate load injection, with a dichotomous search following an initial
warmup phase. Black plain lines show the target input rate, while black
dashed lines show the actual, measured processing rate. Dashed, thin red
lines present the maximal and minimal rates max𝑟 and min𝑟 .

or very close (i.e., ≥99%2
) to the incoming rate then min𝑟 = 𝑟 . Otherwise,

max𝑟 = 𝑟 . The next target is the average between these two values, i.e.,

𝑟 = (max𝑟 + min𝑟 )/2. The search stops when reaching a configurable sensi-

bility (e.g., the next value of 𝑟 is within 1% of the previous) or after a maximal

number of iterations.

A measurement for a target rate 𝑟 starts with a cooldown phase, using a

low (but non-zero) rate allowing operators to process events in their input

buffers and recover from saturation in the previous measurement. Then, the

target rate 𝑟 is applied for an injection phase. We measure the actual process-

ing rate after a short duration to enable a local ramp-up for the new injection.

During the observation phase, we measure the achieved rate from the point

of view of the source and its stability and collect busyness metrics and actual

input rates for all operators.

The metrics for the final measurement are returned along with the MST

to the Configuration Optimizer.

7.4 Configuration Optimizer

The second component of StreamBed is the Configuration Optimizer, or CO

for short. It receives from the Resource Explorer a query and a resource bud-

get, i.e., a number of task slots with a given profile (amount of RAM). Its goal

is to return the optimal configuration fitting this budget, together with its

MST as measured in situ using the CE.

2
Due to the use of a rate limiter, the actual rate can never exceed 100%.
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Symbol Description

B Task slots budget

𝜆𝑜 Observed true processing rate of a task of operator 𝑜

𝑟𝑜 Observed ratio of operator 𝑜’s input rate over source’s rate

𝜋𝑜 Optimal parallelism of the operator 𝑜

𝜆∗
src

Optimal input rate of the source operator

𝜆∗𝑜 Optimal input rate of one operator instance 𝑜

Table 7.1: Notations used by the BIDS2 algorithm.

The CO requires usage metrics for the execution of a minimal configu-
ration, i.e., where each operator has a parallelism of 1. These usage metrics

include the actual input rate and the level of busyness of each single-task op-

erator, i.e., the percentage of time it spends actually processing events. The

CO maintains a cache of these single-task configuration metrics for different

resource profiles, reusing previous measurements when possible. When no

data exists, the CO requests the CE to evaluate this single-task configuration

with the target profile. An exception to this reuse rule is when the Resource

Explorer explicitly requests the evaluation of a single-task configuration as

part of its exploration.

Based on observed metrics on the single-task configuration, we formulate

the problem of determining the optimal capacity for the target resource bud-

get, i.e., the highest possible source input rate. The corresponding best possi-
ble configuration is the one where the busyness metric of all tasks, across all

operators, is the highest possible while avoiding the saturation of any task.

We solve this optimization problem using an algorithm we name BIDS2, for

Bounded-Inverse DS2. In contrast with the original DS2 presented in Sec-

tion 2.3.7, BIDS2 does not determine the amount of necessary resources for

a given input rate, but determines the optimal configuration for a bounded
resource budget. The configuration resulting from the optimization is given

as an input to a call to the CE to determine its MST and experienced busyness

levels.

BIDS2 algorithm. Table 7.1 lists the variables used in the optimization. Our

goal is to maximize the throughput of the source:

max 𝜆∗
src

(7.1)

To this end, wemust find 𝜋𝑜 the level of parallelism for each operator 𝑜 . 𝜋𝑜
is the decision variable for each operator 𝑜 , 𝑜 varying between 1 and the num-

ber of operators of the job excluding the sources. As Kalavri et al. [Kal+18],
we assume in this optimization problem a linear relation between the pro-
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cessing rate and the level of busyness: we compute the true processing rate

𝜆𝑜 of a task of operator 𝑜 by dividing its actual processing rate by the average

busyness level of its tasks. While this relation can be considered as linear at

a small scale and is sufficient in this module, linearity is not guaranteed at

higher scales: in StreamBed, we manage this non-linearity when building the

model at the Resource Explorer level, as it will be reflected in the different

capacities measured for different budgets and profiles.

We compute the optimum processing rate 𝜆∗𝑜 of an operator 𝑜 based on its

parallelism 𝜋𝑜 , as given by Equation 7.2.

∀𝑜 : 𝜆∗𝑜 = 𝜋𝑜 · 𝜆𝑜 (7.2)

Then, we compute using Equation 7.3 the rate of each operator expressed

as a function of the decision variable input rate 𝜆∗𝑠𝑟𝑐 : The ratio 𝑟𝑜 , precom-

puted using the actual rates returned by the CE is used as a multiplier to

estimate this proportion.

∀𝑜 : 𝜆∗
src
· 𝑟𝑜 ≤ 𝜆∗𝑜 (7.3)

Finally, we set the constraint in Equation 7.4 that the sum of the paral-

lelism for the different operators should be exactly the number of task slots

B: ∑︁
𝑜

𝜋𝑜 = B (7.4)

The configuration resulting from the optimization is given as an input

to a second call to the CE, allowing it to determine its MST and to return it

together with observed metrics.

7.5 Resource Explorer

The goal of the Resource Explorer (RE) is to build the capacity planningmodel

for a target unknown query. It drives the collection of capacity measure-

ments and configuration information for different resource budgets (number

of tasks) and resource profiles (total amount of memory per task). Based on

configurations and rates received from the CO, the RE can further determine

an optimal configuration for a (predicted) resource budget.

The RE models the relation between resources and capacity as a surrogate
model, i.e., an approximation of a complex system replacing expensive simu-

lation models [AAM20]. The RE identifies the most representative function

that describes the relation between a number of TS Π (all used, i.e.,

∑
𝜋𝑜 = Π)

using resource profiles with M MB of memory per TS and the resulting ca-

pacity 𝜆∗𝑠𝑟𝑐 as detailed in equation 7.5.
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𝑓 (M,Π) = 𝜆∗𝑠𝑟𝑐 (7.5)

Some jobs may have a linear scaling profile but this is not the case for

all of them. In particular, jobs containing stateful operators, aggregates, and

especially joins often see their improvement in performance decrease with

additional resources. We must model these sub-linear scaling profiles appro-

priately, i.e., using monotonically increasing functions with a derivative that

decreases slowly over time. Based on our experience and on results from other

researchers [Gul+16], we select in StreamBed two simple functions, logarithm

and square root, matching this requirement and performing well in practice.

StreamBed can easily accommodate alternative functions. The three linear

regressions we use are given in equations 7.6, 7.7, and 7.8, with 𝑎 and 𝑏 the

slopes of the functions of the surrogate models, applied to the quantity of

memory and task slots, and 𝑐 the intercept. The goal of the RE is to determine

which of the three models fits best the observations, find coefficients 𝑎, 𝑏, and

𝑐 , and use the chosen model.

𝑎M + 𝑏Π + 𝑐 = 𝜆∗𝑠𝑟𝑐 (7.6)

𝑎 logM + 𝑏 logΠ + 𝑐 = 𝜆∗𝑠𝑟𝑐 (7.7)

𝑎
√

M + 𝑏
√

Π + 𝑐 = 𝜆∗𝑠𝑟𝑐 (7.8)

Overview. The RE builds concurrently the three candidate models based on a

succession of measurements by the CO. Themodel is then used to extrapolate,

for high values of 𝜆∗𝑠𝑟𝑐 , values of Π that are outside of that search space.

The construction of surrogate model candidates must balance their ex-

trapolation capacity and the cost of collecting measurements. The collection

of the MST for a given resource budget and resource profile requires running

the CO and up to two instances of the CE. Due to the need for the query to

stabilize to its steady state, these steps easily represent dozens of minutes of

data collection in the test cluster.

The model construction happens in three phases. First, in a candidate
search phase, we use a black-box optimization technique to determine new

resource budgets and profile candidates optimizing the distance between the

prediction of the current best model and the actual results of the runs. Second,

in a model selection phase, we determine which of the three models has the

best potential for extrapolation. Finally, as the best model is selected, it can

be used to directly predict the MST for a given configuration.

Model performance. We measure the accuracy of the candidate models

with the root mean squared error (RMSE), a quantitative measure of howwell

the model predicts the resource requirements by comparing predicted values
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with the results obtained by the CO. Lower RMSE values indicate a better-

performing model.

The predictive capabilities of the models are determined using Leave-

One-Out Cross-Validation (LOOCV): for each observation in the data set, we

evaluate if the model trained on all other observations provides a good (low)

RMSE value. LOOCV helps to minimize overfitting and provides a reliable es-

timate of the model’s predictive capabilities, especially in cases where there

are few observations [Ng97].

Candidate search. The goal of the candidate search is to find a number

of candidate couples (M , Π ) and their corresponding MST that reduce the

training error for the current best model.

The search space is 2-dimensional. The number of task slots Π ranges

from the number of operators of the query to the number of cores in the

test cluster. 𝑀 is discretized using a configurable level of granularity. The

maximal value for 𝑀 is the largest possible in the test cluster when divided

by all cores.

If we consider a query with 9 operators on a test cluster with 48 cores (39

possible values for Π ) and memory ranging from 512 MB to 4 GB in incre-

ments of 512MB (8 possible values) then the search space admits 312 different

combinations.

An intensive evaluation of the search space (i.e., a grid search [DN19]) is

simply too costly. We use instead Bayesian Optimization (BO) [Ant21], an op-

timizationmethod targeting black-box functions, often used for expensive-to-

evaluate problems such as hyper-parameter optimization [FH19]. BO is based

on a probabilistic model (a Gaussian Process) approximating the true function

coupled to an acquisition function guiding the search for the optimal point for

a cost function supplied by the user. The acquisition function balances explo-

ration (searching in uncertain locations of the search space) and exploitation

(searching in regions with low predicted error) of candidate points, collected

in set 𝐷 . Typical acquisition functions include Probability of Improvement,

Expected Improvement, and Lower Confidence Bound. The RE uses Expected

Improvement as it balances the search for low mean (exploitation) and high

variance (exploration) candidates.

The candidate search must identify configurations that are likely to yield

better RMSE values for the currently better candidate model. The cost func-

tion in Equation 7.9 identifies the lowest LOOCV score amongst candidate

models, reducing the training error.

BestModel(𝐷) = argmin

model∈{linear,log,sqrt}
LOOCV(𝐷,model) (7.9)

The set 𝐷 is bootstrapped by collecting measurements from the 4 “cor-

ners” of the search space, i.e., 4 combinations of lowest and highest values of
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Π and M , enabling to compute an initial LOOCV score for the three candidate

models. The general behavior of the training process is that, following an ini-

tial chaotic phase, the RMSE decreases until new individuals start to worsen

the score. Our stop criterion takes this behavior into account. We proceed to

a minimum of 3 measurements in addition to the 4 corners. Then, we stop

when the RMSE increases by more than 10% between two measurements, or

when reaching the maximal number of 20 measurements (by default).

Following this bootstrap phase, BO proceeds to execute the candidate

search phase by calling the acquisition function, a call to the CO followed

by error computation using Equation 7.9 as the cost function, and then the

adaptation of the internal probabilistic models based on the received candi-

date couple (M , Π ). Note that, to account for the unavoidable measurement

variations that happen when collecting MST from the CO and the CE, the RE

may decide to re-evaluate a candidate couple that has been previously eval-

uated to reduce uncertainty. Our experience is that, indeed, variations are

common between two runs with the same budget and profile in particular for

complex queries involving joins and/or windowed operations.

Model selection. Following the BO, we select the most appropriate model

from the three candidates based on their predictive capability. To evaluate

it we use a 50:50 split on 𝐷 . Since we want to compute the extrapolation

capability, we use the first half of 𝐷 with observations with the lowest values

of Π as the training set to predict the other half as the test set, as commonly

reported in the literature [SLM18; SW22].

We apply each candidate model and evaluate how well it predicts obser-

vations in the test set. The model with the lowest average RMSE for points in

the test set is selected (obviously, we use the model trained on the full 𝐷 and

not only on the training set used for model selection).

Model usage. The model considers the resource budget and their profile as

independent variables. It can be used directly to derive the capacity. Return-

ing the necessary resource budget for a target input rate requires, however, to

solve the model inversely. We adopt an iterative strategy where we consider

one or several memory value(s)
3 𝑀 and we incrementally increase Π until the

predicted capacity matches or exceeds the request.

StreamBed tends to estimate resource budgets for which the requested

rate is very close to the maximum capacity. To guarantee that the requested

rate will be sustainable, the RE applies a slight over-provisioning factor by in-

terrogating the model with 110% (by default) of the requested rate. This tun-

able factor accounts for the fact that, while in our experience the RE reports

a throughput close to the MST temporary slowdowns (due to the network or

3
The user’s production cluster may already be configured with a specific profile, or she

may want to know which profile is best for her query.
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Figure 7.5: Technical components of StreamBed. StreamBed requests the ex-
ecution of controlled runs of a query under test, evaluates its performance
for a given configuration, and drives the exploration of resource budgets to
build a capacity planning model.

JVM overheads) may lead to small decreases in capacity that are then difficult

for the system to catch up.

The model returns the number of task slots and their profile but not their

configuration. If requested, this configuration can be computed using a final

pass of BIDS2 using the true processing rates and busyness levels collected

for the largest number of cores in 𝐷 with the selected resource profile(s).

7.6 Implementation

StreamBed uses a cloud-native stack with Kubernetes [25g] supporting a data

lake using Apache Kafka for data ingestion, storage, and replay and Flink for

processing, as described in Section 4.3.3. We use the Strimzi Kafka Kubernetes

Operator [Str23] to use Kafka as a source of data for Flink and Spotify’s Flink

Kubernetes Operator [Spo23] to be able to deploy Flink easily with different

memory and CPU settings. Because this work was done prior to the official

release of Flink Kubernetes Operator, we use the alternative Spotify’s Kuber-

netes Operator to be able to deploy Flink easily with different memory and

CPU settings. Figure 7.5 illustrates the technical components of StreamBed

and their interactions. The artifact associated with this work is available on

GitHub [25f].

Capacity Estimator. The CE interacts with a running, unmodified instance

of Flink v.1.14.1, using Apache Zeppelin [Apa23] notebooks. Runtime mea-

surements (e.g., about processing rates and busyness) are collected using Pro-

metheus [24b] with a 5-second aggregation period.

We deploy a Flink instance in the test cluster without auto-scaling fea-

tures, using only dedicated cores for every TS without simultaneous multi-
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threading. This instance is deployed by the CE on demandwith a fixed, homo-

geneous resource profile for the TS. It is re-deployed only if the CO requests

a different profile, which takes less than a minute.

The CE must be able to control precisely the rate at which the source of a

query under test in the small cluster receives data. We developed a novel rate-
limited Kafka source connector extending the regular Apache Flink Kafka

source [Fli22]. This rate-limited source obtains data from a first Kafka topic

as well as rate control information from a secondary topic.

Configuration Optimizer and Resource Explorer. The RE and CO are

both developed in Python. Contrary to the previous Chapter that used the

OR-Tools library, the CO uses the Python PuLP library [COI23] coupled to the

CBC (Coin-or Branch and Cut) solver [COI17] both developed by the COIN-

OR foundation. This change is only due to this work being done prior to the

previous Chapter. Metrics are retrieved from CE runs in Prometheus using

the prometheus-api-client library [San23]. The RE uses the scikit-optimize li-

brary [Hea+21] for BayesianOptimization and the scikit-learn library [Ped+11]

for the regression.

7.7 Evaluation

We wish to answer the following research questions:

■ RQ7.1: Is the evaluation of the MST by the CO and CE accurate, i.e.,

can the RE rely on these measurements for its model training?

■ RQ7.2: Is the CO effective at deriving the “best possible” configuration

for a given resource budget?

■ RQ7.3: Is StreamBed able to predict, based on small-scale runs, an accu-

rate budget of resources, their profile, and their configuration, such that

a production run based on this prediction is neither over- nor under-

provisioned?

■ RQ7.4: How much resources and time are necessary for StreamBed to

build capacity planning models?

We first present our workloads and our experimental setup. Then, we an-

swer questions RQ7.1 and RQ7.2 using micro-benchmarks at the CE and

CO levels. Finally, we answer questions RQ7.3 and RQ7.4 using macro-

benchmarks involving the RE and the full StreamBed stack as well as a com-

parison to production-scale deployments.
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Query Description

Min rate

(×103 evt/s)

Q1 Currency conversion: converts bid values from

dollars to euros

1,600

Q2 Selection: filter bids with specific auction identifier 3,600

Q5 Hot items: determine auctions with most bids in last

period

50

Q8 Monitor new users: identify active users in last period 1,400

Q11 User sessions: compute number of bids each user

makes while active

60

Table 7.2: Minimal rates used for the selected Nexmark queries.

7.7.1 Experimentation infrastructure

Target workload and queries. Weuse representative queries from the Flink

SQL implementation of Nexmark. According to our target assumptions, we

consider queries with no continuously increasing state, i.e., we exclude Q3
as it consists of an incremental join. As described in the previous Chapters,

Nexmark provides a data generator that we use with its default settings, i.e.,

the input event stream features 2% of events linked to persons, 6% proposing

auctions, and 92% representing bids by the former to the latter. The average

sizes of these events are respectively 200, 500, and 100 Bytes. We populate the

data lake (Kafka) with pre-generated data streams that we use as data-at-rest

input for StreamBed operations.

Experimental setup. StreamBed needs sufficiently many nodes supporting

data injection and source operators (if these are under-dimensioned, it may

return unsuccessfully after failing to replay a target rate). Table 7.2 presents

as a reference the minimal rate that a single-task configuration supports for

each query. Queries Q1, Q2, and to a lesser extent Q8 have a high minimal

rate, while Q5 and Q11 process fewer events per second.

When replaying data at rest, the limiting factor are our modest SSDs, with

a peak capacity per Kafka server of about 1,200,000 events/s. This represents,

for our target queries, a minimal number of 8 Kafka nodes for 𝑞5 and 𝑞11 and

16 Kafka nodes for 𝑞1, 𝑞2, and 𝑞8 to be able to inject rates decided during the

RE exploration (obviously, using machines with multiple, high-performance

drives would allow reducing this number). Rate-limited source operators are

CPU-bound. We must also ensure they never are the limiting factor when

testing a specific configuration. We identified that 64 source tasks are neces-

sary to support the maximal rate that the Kafka nodes can serve (4 servers).

The test cluster uses 3 servers with 48 task slots to leave 2 available cores
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Figure 7.6: Accuracy of the MST estimation under various resource budgets
and task profiles. TheMST estimated by the CE for the configuration decided
by the CO is replayed at 100% of the predicted rate for the upper row and
at 150% of the predicted rate for the lower row. Colors represent runs that
sustainably process the target rate (green), approach or meet the target with
instabilities (purple), or fail (red).
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per machine for system management. Similarly, we use up to 64 GB of RAM

per machine, resulting in a maximum profile of 4 GB per task. As for the

previous chapters, we also dedicate 3 nodes for Kubernetes, Prometheus, and

the Flink Job Manager.

7.7.2 Experimentation results

RQ7.1 MST estimations. We first evaluate the accuracy of the CO and CE

in identifying the MST of small-scale runs.

A run for the CE with queries Q1, Q2, and Q11 uses a warmup of 120

seconds and measurements of 75 seconds (30 seconds of ramp-up, 30 seconds

of observation and 15 seconds of cooldown). The cooldown uses a through-

put of 200 events per second and per source, for a total of 6,400 events/s.

One CE run performs 8 iterations for a total duration of 645 seconds. For

complex queries Q5 and Q8, our initial evaluations highlighted the need for

longer measurements, due to the longer time necessary for our configura-

tions to use RocksDB disk storage and not only the in-memory cache: We use

a 450-second warm-up, a 900-second duration, and 7 iterations, for a total of

900 seconds (15 minutes); we also increase cooldown throughput to 12,800

events/s.

We query the CO for 16 combinations of resource budgets and profiles

per query. We consider 3 to 16 tasks forQ1, 3 to 6 forQ2, and 12 to 48 forQ5,
Q8, and Q11 (the high achievable rate of Q1 and Q2makes it unnecessary to

test them with the full cluster). We use memory profiles of 0.5, 1, 2, and 4 GB.

We run each query with the 16 configurations returned by the CE, using

their estimated MSTs as the target rate. We observe if each configuration

supports the estimated rate sustainably for 10 minutes preceded by a warmup

of 2 minutes. Figure 7.6 presents the results in its upper row. For each of

the 16 configurations, a box presents first the target rate returned by the CE

for this configuration (for instance, Q8 with 12 TS of 2 GB has an MST of

1.92×106 events/s) and the observed rate, expressed as a ratio of this target.

A high level of variation in the measurements, as presented by the standard

deviation of this ratio across all measurements, is a sign that the job is close

or past saturation.

Finally, we report in the lower row of Figure 7.6 results using a target rate

of 150% of the estimated MST. A configuration passing this test means that

its estimation was too conservative.

Simple queries Q1 and Q2 show little variations. All their tested config-

urations sustainably process the estimated MST at 100% but fail with 150%.

Query Q11 shows good results but slightly higher variations. This is due to

the behavior of its stateful GroupBy (window) operator and resulting strag-

glers. For these three queries, a general linear scale behavior seems to apply
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with increasing numbers of TS. The impact of memory is less clear and high-

lights the variability of the in-situ data that the RE receives as an input (and

that the BO will address by repeating runs where the RMSE error is impor-

tant).

For complex queries Q5 and Q8, we observe a lower level of repeatability
and lower scaling capabilities in terms of task slots. ForQ5, our investigation
is that the factor of instability lies mostly in the Join operator and its very

uneven load across tasks, as we also highlight in the next experiment. For

Q8, variability is caused by the presence of stragglers due to the windowed

operators using a non-overlapping window size of 10 seconds, lower than

our 5-second monitoring period, and leading to “sawtooth-like” load profiles.

For both queries, results with 150% of the MST injected show that some es-

timations (in particular with 32 TS/4 GB and 48 TS/2 GB for Q8) can be too

conservative. This behavior is not predictable from one run to the next, and

we did not select a “good run” but the one performed in the whole series. This

indicates again that the REmust accommodate variations in the data collected

in particular for more complex queries.

For all memory profiles, Q1, Q2, and Q11 achieve at worst 95% of the

expected rate, and often 99-100%, this showing we manage to answer posi-

tively RQ7.1. For Q5 and Q8, performance is much lower and very volatile

with 0.5 and 1 GB. This is caused by state needs that cannot be satisfied with

these feeble memory values, highlighting the impact of insufficient memory

for efficient scaling. In the next sections, we focus on 2- and 4-GB profiles for

these two queries.

RQ7.2 Configurations. We now evaluate the result of the CO optimization,

zooming in the largest configuration for each query running at 100% of the

estimatedMST (i.e., bottom-right corners of matrices in Figure 7.6’s first row).

Figure 7.7 presents the distribution of the time series measurements over each

10-minute run. Most scaled-out operators reach their peak capacity at some

point in time during the run, even if the median busyness is lower. This is the

expected behavior: Operators must be provisioned to handle peak load. For

Group By (window) and Joins, we observe a wide range of busyness levels,

due to the skew and the stragglers resulting from upstream Group By (win-

dow) operators’ uneven output rates. For the Join of Q8, additional tests with
a forced lower parallelism (not shown) lead to saturations, back-pressure cas-

cades, and instabilities; the measured busyness of 60% seems to be a practical

maximum. Some stateless, scaled-out operators such as the first Filter of Q5,
Q8, and Q11 have relatively low busyness levels, due to an important level

of back-pressure from downstream tasks. Overall, the CO can avoid under-

provisioned operators with frequent busyness levels of 100%, thus answering

favorably the RQ7.2.
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Figure 7.7: Distribution of task busyness levels measurements. The numbers
above box plots are the parallelism of operators.

RQ7.3 Capacity planning: accuracy. Our final evaluation explores the

capacity of StreamBed to build an effective and accurate capacity planning

model RQ7.3 and the cost of building this model RQ7.4.
Table 7.3 presents the uses of the models for large requested rates and Ta-

ble 7.4 presents the results and building costs of the models. Queries Q1, Q2,
and Q11 are identified with a linear scaling model, while Q5 and Q8 respec-

tively use the log and square root models. We can see that the models identify

a minor impact of memory profiles for all queries (also clear in the values of

coefficient 𝑎 in the models). For Q5, the small variation (<1%) between the 2-

and 4-GB profiles is a result of the uncertainty in the CO measurements. We

can also observe that the effect of increasing rates differs between tasks, e.g.,

with coefficient 𝑏 in the linear models of Q1, Q2, and Q11.
We validate the predictions using large-scale production runs. These runs

use up to 85 nodes from the Gros cluster described in Section 4.3.3, using up

to 69 nodes for Flink TMs (for Q5) and up to 36 Kafka nodes (for Q11). As
our cluster does not allow supporting with Kafka the rates requested for Q1
andQ2we inject for these queries data directly using sources paired with the

Nexmark generator.

We adopt a similar strategy as for testing small-scale runs to verify that

the predictions of StreamBed are neither over- or under-provisioned. A pre-
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Number of TS with profile
Query Requested rate 0.5 GB 1 GB 2 GB 4 GB

Q1 160 ×106 179 179 179 178

Q2 190 ×106 69 69 69 69

Q5 2.5 ×106 - - 1069 1079

Q8 15 ×106 - - 179 176

Q11 20 ×106 565 564 562 559

Table 7.3: Capacity planning results for the five queries.

diction is not under-provisioned if it sustainably supports the requested rate

over time. A prediction is not over-provisioned if, when injecting a higher

rate (we use 120% and 150% of the requested rate) the query shows signs of

instability or insufficient capacity. High instability in the observed rate shows

that we are above the MST and should be avoided. We also observe the pend-
ing records metrics, i.e., how many events generated by the fixed-rate source

“pile up” at the source operator due to back pressure. While a small amount

of buffering is normal in a setup close to full utilization, an ever-increasing

pending records metric is a clear sign of an under-provisioned system.

Figure 7.8 presents the results of production-scale runs using the number

of TS (cores) given in Table 7.3. We measure rate and pending records metrics

after a ramp-up period of 5 minutes, for a duration of 30 minutes (Q1,Q2, and
Q11), 90minutes (Q5), and 120minutes (Q8). ForQ1 andQ2, the actual rate is
exactly the one requested at 100%, while 120% and 150% rates are not matched

and lead to ever-increasing pending records.

For Q5, for readability, we present separately the 100% rate and the two

other rates for the two considered profiles (2 GB and 4 GB). The 100% rate

is sustained in both cases but with 2 GB per TS, we observe temporary in-

stabilities. Resulting pending records are, however, later absorbed by the job

indicating that the saturation point is not reached. With 4 GB, the query is

very stable. In both cases, we observe chaotic behavior in terms of throughput

for 120% and 150%, meaning the saturation point was reached.

For Q8 we consider only the 100% and 150% cases for readability. In-

terestingly, we can see the impact of long-term instabilities that StreamBed

can account for in the model (i.e., as these show earlier on small-scale jobs

than on large-scale ones with high parallelisms for the concerned operators).

Here, while the query is initially able to process 150% of the requested rate

for a time, we observe that pending records gradually accumulate and pro-

voke instabilities, making the query non-sustainable. The reason is that the

working set of the query fits for a time dependent on the total memory before

introducing congestion. We observe this effect both with 2- and 4-GB profiles.
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Figure 7.8: Large-scale production runs using capacity planning models (Ta-
ble 7.3). For each query, we present the requested rate (thin red line) and the
actual rate when injecting 100% (blue), 120% (yellow), and 150% (purple) of
this rate. The second row present accumulated pending records. We present
the 100% and (120%, 150%) cases separately for each of the two profiles of Q5
to improve readability.
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– Min/Max – – Runs – — Coefficients —
Query TS RAM #CO #CE Duration Model 𝑎 𝑏 𝑐

Q1 2/16 0.5/4 9 10 139 min. lin 1.0 9.9E5 -7.6E5

Q2 2/6 0.5/4 14 20 248 min. lin 7.5 3.0E6 -2.7E6

Q5 9/48 2/4 14 14 252 min. log -7.6E3 5.7E5 -1.2E6

Q8 9/32 2/4 13 13 234 min. sqrt 2.6E3 1.4E6 -3.9E6

Q11 4/48 0.5/4 16 20 252 min. lin 4.1 3.9E4 -2.1E5

Table 7.4: RE training results and costs, chosen model, and coefficients.
#CO/#CE are number of calls to the two modules.

Overall, the predictions are accurate, with a slight over-provisioning in

some cases as can be expected with our 110% over-provisioning factor, posi-

tively answering RQ7.3.

RQ7.4 Capacity planning: cost. Table 7.4 presents the results of a run of

the RE for each of the five queries, with the number of calls to the CO and

CE, the training time, and the resulting models. The training by the RE uses

9 (for Q1) to 16 (for Q11) calls to the CO. These calls result in 10 to 20 calls

to the CE, as not all CO calls require evaluating a single-task configuration

that is already in the cache. The complete duration of a CO call is about

24-minute long when the single-task configuration did not run, and about

13-minute when it did (for Q5 and Q8 a CO call takes 18 minutes always, as

single-task configurations are tested first as part of the corners to bootstrap

𝐷). The CO optimization itself takes about 100 ms, while BO steps at the RE

level have a negligible duration (<1 ms). In total, the total training duration

ranges from 139 minutes for Q1 to 252 minutes for Q5. These durations are
reasonable considering the costs and scale of the target production deploy-

ments, answering favorably RQ7.4.

Summary. Our evaluation answers positively to our research questions.

The collection of individual measurements by the CE is most often accurate

but can yield noisy outputs when memory is insufficient for the considered

query. Despite this uncertainty, our production-scale evaluation shows that

StreamBed was able to correctly perform capacity planning, even for queries

with sub-linear scaling profiles.

7.8 Summary

We presented StreamBed, a capacity planning system for stream processing

allowing to derive scaling and configuration decisions for large-scale Flink

jobs from a series of controlled, small-scale runs of a target query. StreamBed

permits to estimate accurately the needed capacity to run sustainably very
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large-scale queries without the need to execute them on actual production in-

frastructure or to build less accurate and expensive genericmodels. Moreover,

it can identify cheap configurations able to run non-linear scaling queries that

the state-of-the-art elastic scaler DS2 is not able to converge to.

StreamBed conducts a series of small-scale executions of a target query

while varying resource configurations and input rates to build a model of

the query’s performance. It then leverages this model to predict the needed

resources to run the query at large scale. Our evaluation on a set of represen-

tative Flink SQL queries from the Nexmark benchmark shows that StreamBed

can estimate accurately the needed resources to run large-scale queries, while

requiring only 3 nodes in the process.

Publications. The work presented in this chapter contributed to the follow-

ing publication.

Streambed: Capacity Planning for Stream Processing. Guillaume

Rosinosky, Donatien Schmitz, and Etienne Rivière. In Proceedings of the

18th ACM International Conference on Distributed and Event-based Systems

(DEBS), 2024. Lyon, France, 90-102.

The authors of this publication are listed in alphabetical order with Dr.

Rosinosky as the first author due to his leading contribution to this work.
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With the growing adoption of Distributed Stream Processing (DSP) systems

in various domains, efficient resource management of such system has be-

come a critical challenge. The high level of computation abstraction allowed

by DSP systems simplifies the development and deployment of streaming ap-

plications by decoupling application logic from low-level resource manage-

ment details. However, it often leads to suboptimal resource utilization re-

sulting from the allocation of static resource amounts and naive task place-

ment strategies. Inefficient resource management increases operational costs

by requiring more worker nodes than necessary. The analysis of real-world

workloads presented in Chapter 3 further highlights the prevalence of multi-

query scenarios and the heterogeneous resource requirements of queries in

production environments.

This thesis has explored two key aspects of resource management in DSP

systems: fine-grained resource scaling and proactive resource planning. The

former focuses on dynamically adjusting the resources allocated to individual

operators based on their workload characteristics, while the latter aims to

model and predict resource requirements of queries prior to their full-scale

deployment. We discuss the main insights and contributions of this work

in the following sections. Then, we outline several promising directions for

future research in this area.

8.1 Summary and Insights

The goal of this thesis was to improve the resource efficiency of DSP systems.

The first step towards this goal was to understand the resource requirements

of streaming queries in real-world workloads. In Chapter 3, we analyzed a

production DSP cluster and highlighted the prevalence of multi-query work-

loads and the heterogeneous resource requirements of queries. This analysis

motivated the need for more sophisticated resource management strategies

that can adapt to the dynamic and diverse nature of streaming workloads.

Building upon these insights, Chapter 5 introduced Justin, a hybrid CPU

and memory auto-scaler for Apache Flink. Justin extends the state-of-the-art

DS2 [Kal+18] auto-scaler by incorporating memory allocation into the scal-

ing decisions. DS2 finds appropriate operator parallelism based on observed

115
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busyness levels, but assumes a fixed memory allocation per task. Justin con-

tinuously collects metrics about the resource usage and storage performance

of each operator’s tasks (i.e., state access latency and cache hit rate), allowing

it to adjust both CPU and memory allocations for each operator indepen-

dently. We presented the Justin scaling policy that chooses between horizon-

tal and vertical scaling actions based on their metrics. Our results showed that

Justin can produce configurations using less CPU and memory for complex

stateful queries while requiring the same or fewer reconfiguration steps than

DS2. We note however, that for some queries with write-heavy workloads,

Justin’s memory adjustments has little impact on performance, as the state

access pattern does not benefit from additional memory.

A key limitation of Justin is that it considers each query in isolation when

making scaling decisions. This approach can lead to suboptimal resource uti-

lization in multi-query scenarios, as it can lead to fragmented resource alloca-

tion across worker nodes without proper consideration of task placement. To

address this limitation, Chapter 6 introduced Charon, an integrated scheduler

for multi-query DSP workloads that combines fine-grained resource alloca-

tion with optimized task placement strategies. While Justin focuses on the

memory requirement of operators at a fine granularity, Charon focuses on

optimizing CPU allocation and task placement across multiple queries. Addi-

tionally, by identifying stateful and stateless operators, Charon can allocate

memory only to the former, leading to significant memory savings. This ap-

proach results in the collocation of a greater number of tasks on each worker

node, thereby reducing the overall number of nodes required to support a

given workload. Charon employs a bin-packing-based task placement strat-

egy that optimizes the allocation of tasks across workers, taking into account

their specific CPU and memory requirements. Our evaluation demonstrates

that Charon can significantly reduce the number of worker nodes required to

sustain multi-query workloads compared to the default Flink scheduler, while

maintaining the target throughput.

Finally, this thesis has highlighted the importance of proactive resource

planning in DSP systems. It is crucial for practitioners to have tools and

methodologies that can predict the resource requirements of streaming queries

prior to their deployment. Accurate resource planning can help avoid over-

provisioning and under-provisioning of resources, leading to cost savings

and improved performance. Previous approaches to resource planning of-

ten rely on synthetic benchmarks or require large amounts of synthetic data,

which may not accurately reflect the characteristics of real-world workloads.

In Chapter 7, we introduced StreamBed, a framework for modeling and pre-

dicting the resource requirements of large-scale streaming queries, based on

small-scale executions with real-world data. StreamBed builds a resource us-

age model allowing users to predict the resource requirements of a query
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at a desired rate. To do so, StreamBed runs a serie of small-scale execu-

tions of the query with varying resource allocations and input rates, col-

lecting detailed metrics about resource usage and performance. StreamBed

guides the exploration of the configuration space using Bayesian Optimiza-

tion, minimizing the number of necessary test runs. Using the collected met-

rics, StreamBed builds a resource usage model that captures the relationship

between input rate, resource allocation, and performance. Our evaluation

shows that StreamBed can accurately predict the resource requirements of

complex streaming queries, enabling effective resource planning and man-

agement.

8.2 Opportunities for Future Work

In this section, we outline several promising directions for future research

in the area of resource management for DSP systems. These directions build

upon the insights and contributions of this thesis and aim to further enhance

the efficiency and effectiveness of our proposed solutions.

Skew Awareness. Both Justin and Charon make implicit assumptions about

the absence of skew, i.e., unbalanced key popularities leading to an imbal-

anced load between the different tasks of an operator. In practice, skew is

a common phenomenon in streaming workloads and can significantly im-

pact the performance and resource utilization of DSP systems. Future work

could explore the integration of skew detection and mitigation techniques

into the auto-scaling and resource allocation strategies proposed in this the-

sis. While previous skew mitigation techniques have focused primarily on

load balancing through key re-partitioning [Nas+15; Nas+16], integrating

resource-aware strategies could provide a more holistic approach to handling

skew in DSP systems. For instance, Justin and Charon could be extended to al-

locate heterogeneous memory and CPU resources between tasks of the same

operator based on their individual observed load. The mechanisms for fine-

grain resource allocation introduced in this thesis could be leveraged to this

end with small modifications to the exposed API and the Adaptive Scheduler

of Flink.

Evaluating Latency. In this thesis, we focused on throughput as the primary

performance metric for evaluating the effectiveness of our proposed resource

management strategies. Another important performance metric in DSP sys-

tems is latency, whichmeasures the time taken for a data tuple to be processed

from ingestion to output. While the relationship between throughput and la-

tency is linked, optimizing the throughput does not necessarily guarantee

optimal latency performance. If we take the example of a system-under-test

that is able to sustain a target throughput at its maximum capacity, the latency
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might differ if the operators’ buffers are full or nearly empty.

Numerous work have focused on improving latency in DSP systems, from

intra-operator communication optimizations [Wu+18] to latency-aware elas-

tic scaling [Hei+14; LJK15]. Future work could explore the integration of la-

tency considerations into the auto-scaling and resource allocation strategies

proposed in this thesis.

TaskPlacementOptimizationHeuristics. Charon employs a bin-packing-

based task placement strategy to optimize the allocation of tasks across work-

ers. The algorithm used is known to be NP-hard. We have shown in the

evaluation of the task placement strategy that the time taken to compute the

placement of a large number of tasks can be significant, potentially impacting

the responsiveness of the system to dynamic workload changes. In that case,

exploring alternative optimization heuristics could lead to faster computation

times while still achieving better task placement than the current approach.

One possibility could be to pre-compute the different possible placements

multiple tasks combinations and store them in a lookup table. During a re-

configuration, the placement algorithm could then query this table to quickly

find a near-optimal placement without having to solve the bin-packing prob-

lem from scratch. A hybrid approach combining pre-computation to reduce

the search space of the bin-packing algorithm could also be explored.

Integration of Additional Constraints in Charon. Charon currently fo-

cuses on optimizing CPU and memory allocation for tasks based on their

busyness levels and statefulness. However, DSP systems often operate in en-

vironments with additional resource constraints, such as network bandwidth

limitations and storage I/O bottlenecks. Systems such as CapSys [Wan+25]

have highlighted the importance of considering network capacity in task pla-

cement decisions. Future work could extend Charon to incorporate these ad-

ditional resource constraints into its resource allocation and task placement

strategies.

We also note that, for instance, stateful operators doingwrite-heavywork-

loads may be bottlenecked by storage I/O rather than memory. In such cases,

Charon could be extended to monitor storage I/O metrics and prevent co-

locating I/O-intensive tasks on the same worker node, thereby avoiding con-

tention and improving overall performance. This extension could be easily

integrated in the bin-packing algorithm by adding a constraint that limits the

total I/O load on each worker node, effectively balancing the total load across

all resources.

Heterogeneous Clusters. In this thesis, we have assumed a homogeneous

cluster where all worker nodes have the same resource capacities. However,

in real-world deployments, clusters may consist of heterogeneous nodes with

varying CPU, memory, and storage capabilities. This heterogeneousity can
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arise from using different hardware configurations (i.e., different generations

of CPUs, varying amounts of RAM, or different types of storage devices) or

from deploying DSP systems on cloud platforms that offer a variety of in-

stance types. Future work could explore the extension of Justin and Charon

to handle heterogeneous clusters. This extension would involve adapting the

resource allocation and task placement strategies to account for the varying

capacities of different worker nodes. Additionally, the system could take into

account the cost of different instance types when making resource allocation

decisions, aiming to minimize the overall cost of running the DSP system

while still meeting performance requirements.

Merging Justin andCharon. Justin and Charon address complementary as-

pects of resource management in DSP systems. Justin focuses on fine-grained

memory and CPU auto-scaling for individual queries, while Charon empha-

sizes multi-query task placement and resource allocation. Merging the two

approaches could lead to a more comprehensive resource management solu-

tion that combines the strengths of both.

However, we note that merging the two systems is not straightforward.

The auto-scaling policy of Justin focuses only on memory allocation and does

not consider CPU busyness levels, while Charon focuses solely on CPU busy-

ness levels and does perform a simple binary memory auto-scaling. It is hard

to know wether a decision made by the auto-scaler yielded better perfor-

mance due to a memory allocation change, a CPU share change, or a better

task placement. Additionally, fragmenting CPU and managed memory to a

finer granularity could complicate the task placement problem, potentially

leading to increased computation times for finding optimal placements, and

eventually resulting in poorer consolidations. Future work could explore the

integration of Justin’s memory auto-scaling capabilities with Charon’s CPU

busyness-based resource allocation and task placement strategies.

Enhancing Auto Scalers with StreamBed Planning. Both Justin and Cha-
ron rely on reactive scaling strategies that adjust resource allocations based on

observed metrics. While this approach allows the system to adapt to chang-

ing workloads, it still requires several reconfiguration steps to reach an opti-

mal configuration. Integrating StreamBed’s proactive resource planning ca-

pabilities into the auto-scaling strategies could enhance their effectiveness.

By leveraging StreamBed’s ability to predict resource requirements based on

small-scale executions, Justin and Charon could make more informed scal-

ing decisions from the outset. For instance, before deploying a new query

or adjusting the resources of an existing one, the auto-scaler could use the

model built by StreamBed to estimate the optimal resource allocation for the

desired throughput. This integration could reduce the number of reconfigu-

ration steps required to reach an optimal configuration, leading to improved
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performance and resource efficiency.

Monitoring and Optimizing Energy Consumption. While this thesis has

primarily focused on improving resource efficiency in DSP systems, an im-

portant aspect that warrants further investigation is the direct monitoring

and optimization of energy consumption. In Chapter 6, we showed that bet-

ter resource management and consolidation of tasks can lead to a significant

decrease in the amount of TM used by a DSP cluster. We did not however

measure the actual energy consumption of the cluster. Future work could ex-

plore the integration of energy consumption monitoring into DSP systems,

for example using the Power API [Fie+24] or similar tools.

A promising direction would be to extend the auto-scaling and resource

allocation strategies proposed in this thesis to explicitly optimize for energy

efficiency. This could involve developing energy-aware scaling policies that

consider the energy consumption of different resource configurations when

making scaling decisions. This direction is particularly relevant in the con-

text of heterogeneous clusters, where different instance types may have vary-

ing energy efficiency profiles. Systems such as NebulaStream [Zeu+19] allow

the deployment of DSP applications on edge devices with limited energy re-

sources.
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Nexmark Queries

A
Listing A.1: Nexmark table creation.

1 CREATE TABLE person (
2 id BIGINT,
3 name VARCHAR,
4 emailAddress VARCHAR,
5 creditCard VARCHAR,
6 city VARCHAR,
7 state VARCHAR,
8 dateTime TIMESTAMP(3),
9 extra VARCHAR,
10 PRIMARY KEY (id) NOT ENFORCED
11 );
12

13 CREATE TABLE auction (
14 id BIGINT,
15 itemName VARCHAR,
16 description VARCHAR,
17 initialBid DECIMAL(10, 2),
18 reserve DECIMAL(10, 2),
19 dateTime TIMESTAMP(3),
20 expires TIMESTAMP(3),
21 seller BIGINT,
22 category VARCHAR,
23 extra VARCHAR
24 );
25

26 CREATE TABLE bid (
27 auction BIGINT,
28 bidder BIGINT,
29 price DECIMAL(10, 2),
30 channel VARCHAR,
31 url VARCHAR,
32 dateTime TIMESTAMP(3),
33 extra VARCHAR
34 );
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Listing A.2: Nexmark queries.

1 -- Query 1: Convert bid prices from dollars to euros
2 SELECT
3 auction,
4 bidder,
5 0.908 * price as price, -- convert dollar to euro
6 ‘dateTime‘,
7 extra
8 FROM bid;
9

10 -- Query 2: Select bids for a specific auction
11 SELECT auction, price FROM bid WHERE MOD(auction, 123) = 0;
12

13 -- Query 3: Illustrates an incremental join (using per-key state and
timer) and filter.

14 SELECT
15 P.name, P.city, P.state, A.id
16 FROM
17 auction AS A INNER JOIN person AS P on A.seller = P.id
18 WHERE
19 A.category = 10 and (P.state = ’OR’ OR P.state = ’ID’ OR P.state =

’CA’);
20

21 -- Query 5: Illustrates sliding windows and combiners.
22 SELECT AuctionBids.auction, AuctionBids.num
23 FROM (
24 SELECT
25 auction,
26 count(*) AS num,
27 window_start AS starttime,
28 window_end AS endtime
29 FROM TABLE(
30 HOP(TABLE bid, DESCRIPTOR(‘dateTime‘), INTERVAL ’2’ SECOND

, INTERVAL ’10’ SECOND))
31 GROUP BY auction, window_start, window_end
32 ) AS AuctionBids
33 JOIN (
34 SELECT
35 max(CountBids.num) AS maxn,
36 CountBids.starttime,
37 CountBids.endtime
38 FROM (
39 SELECT
40 count(*) AS num,
41 window_start AS starttime,
42 window_end AS endtime
43 FROM TABLE(
44 HOP(TABLE bid, DESCRIPTOR(‘dateTime‘), INTERVAL ’2’

SECOND, INTERVAL ’10’ SECOND))
45 GROUP BY auction, window_start, window_end
46 ) AS CountBids
47 GROUP BY CountBids.starttime, CountBids.endtime
48 ) AS MaxBids
49 ON AuctionBids.starttime = MaxBids.starttime AND
50 AuctionBids.endtime = MaxBids.endtime AND
51 AuctionBids.num >= MaxBids.maxn;
52

53

54
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55 -- Query 8 Illustrates a simple join.
56 SELECT P.id, P.name, P.starttime
57 FROM (
58 SELECT id, name,
59 window_start AS starttime,
60 window_end AS endtime
61 FROM TABLE(
62 TUMBLE(TABLE person, DESCRIPTOR(‘dateTime‘), INTERVAL ’10’

SECOND))
63 GROUP BY id, name, window_start, window_end
64 ) P
65 JOIN (
66 SELECT seller,
67 window_start AS starttime,
68 window_end AS endtime
69 FROM TABLE(
70 TUMBLE(TABLE auction, DESCRIPTOR(‘dateTime‘), INTERVAL ’10’

SECOND))
71 GROUP BY seller, window_start, window_end
72 ) A
73 ON P.id = A.seller AND P.starttime = A.starttime AND P.endtime = A.

endtime;
74

75 --Query 11: Illustrates session windows.
76 SELECT
77 B.bidder,
78 count(*) as bid_count,
79 SESSION_START(B.‘dateTime‘, INTERVAL ’10’ SECOND) as starttime,
80 SESSION_END(B.‘dateTime‘, INTERVAL ’10’ SECOND) as endtime
81 FROM bid B
82 GROUP BY B.bidder, SESSION(B.‘dateTime‘, INTERVAL ’10’ SECOND);
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