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Abstract
Data pipeline frameworks provide abstractions for implementing sequences of data-intensive transformation
operators, automating the deployment and execution of such transformations in a cluster. Deploying a data
pipeline, however, requires computing resources to be allocated in a data center, ideally minimizing the overhead
for communicating data and executing operators in the pipeline while considering each operator’s execution
requirements. In this paper, we model the problem of optimal data pipeline deployment as planning with action
costs, where we propose heuristics aiming to minimize total execution time. Experimental results indicate that
the heuristics can outperform the baseline deployment and that a heuristic based on connections outperforms
other strategies.
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1. Introduction

A recent report from the European Commission forecasts an increase to 8.4 million data professionals
in the EU27 by 2025, with 1.8 million positions to be added in the period between 2020 and 2025, leading
to a shortage of approximately 484,000 positions [1]. The shortage of highly trained human resources
calls for data processing platforms accessible to a broader category of users (the so-called citizen data
scientists) having strong data expertise, moderate statistics training, and low expertise in programming
and distributed computing [2, 3]. Several recent technology trends acknowledge this situation through
the development of data pipeline frameworks [4, 5, 6, 7, 8, 9] relying on a flow-based programming
model [10], in which the data pipelines are implemented as directed graphs where nodes represent
computational operators that transform data and require diverse runtimes, and edges represent the
flow of data between these operators.

In these frameworks, the goal is to enable non-technical experts (aka citizen data scientists) to quickly
build, debug, and maintain high-quality data pipelines at scale within a cloud cluster by providing
high-level abstractions in their programming model. Since users design data pipelines, and are not
assumed to comprehend the underlying engine that deploys and executes the pipeline, the resulting data
pipelines derive a non-optimal allocation of resources to execute it. Thus, data pipeline engines must
provide optimization techniques to assure an optimal usage of computing resources in a distributed
system and minimize data-intensive communication costs during graph execution.

The problem of optimizing a pipeline execution is similar to the task of constraint optimization [11],
which has been a focus of research on automated planning. Indeed, research in that area has focused
on developing algorithms to compute optimized solutions for optimization problems with constraints,
leading to fast and reliable algorithms [12]. With such a research background, we develop a model
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for automated planning algorithms that use heuristic search and state-dependent action costs to solve
the problem of optimally allocating computation tasks to the worker nodes of a distributed system for
executing a data pipeline. We chose to formalize the problem in terms of automated planning (instead
of, e.g., a discrete optimization problem) partly to showcase recent advances on numeric planning, and
partially to assess the limits of current heuristics and planning systems on that space. We evaluate our
optimization methods using the pipeline engine of the SAP Data Intelligence commercial product 1,
called VFlow 2, which adopts a flow-based programming model, and whose execution model is based
on a distributed Kubernetes container orchestration platform.

This work provides two main technical contributions: I) We model several optimization methods that
determine how the operators of a data pipeline should be deployed on the worker nodes of Kubernetes
clusters; II) We perform an experimental analysis of the proposed approaches with a real-world industry
data pipeline processing system, report our findings and indicate directions for future performance
improvement.

We organize this article as follows. Section 2 provides an overview of automated planning and
data pipelines. In Section 3, we model the elements and constraints of deploying data pipelines and
computing plans. Then, in Section 4 we describe the approaches to pipeline grouping for reducing the
total execution time. Section 5 explains our experimental methodology that compares the results of
the heuristic approaches against solutions from a random baseline approach on various workloads.
Section 6 shows our empirical performance results for the different approaches using pipelines with a
sequential or parallel topology in which we vary the number of special operators and the computational
load. Finally, Section 8 summarizes our key contributions and points toward future work.

2. Background

This section introduces the formal background upon which our application relies. We start with a
formalization of Automated Planning and the elements of problems in this formalism in Section 2.1.
Section 2.2 then formalize data pipelines and how their definition relates to deployment in an underlying
high performance infrastructure. This allows us to formalize the pipeline optimization problem of
Section 3.

2.1. Automated Planning

We leverage automated planning techniques to drive the optimization. Automated planning is a sub-area
of Artificial Intelligence concerned with finding sequences or policies of actions (i.e., plans) able to
transition an agent from a given initial state to a desirable goal state [13, 14, Ch. 1]. A classical planning
problem can be described as one of graph search, in which the nodes in the graph represent states,
edges represent transitions between states that are caused by applying an action at a state. The solution
to a planning problem is a sequence of actions (edges) that forms a path to traverse this graph from a
unique initial state to any one of the goal states. Domain experts seldom define such graphs explicitly,
but rather use a logic-based description language (which we define later) to induce the actual search
graph. This allows graphs with huge state-spaces to be defined compactly. In what follows we adopt
the planning terminology from Ghallab et al. [15] to represent states and actions in planning domain
problems.

The most fundamental part of a classical planning task is the planning domain. A planning domain is
a formal description of the dynamics of an environment in which an agent acts. Definition 1 formalizes
a planning domain.

Definition 1 (Planning Domain). A planning domain Ξ consists of a pair ⟨ℱ ,𝒜⟩, which specifies the
knowledge of the domain, and comprises: a finite set of facts ℱ , i.e., a set of ground instantiated predicates,

1https://www.sap.com/products/technology-platform/data-intelligence.html
2https://api.sap.com/api/vflow/overview
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defining the environment state properties; and a finite set of actions 𝒜, which is technically a set of ground
instantiated operators, representing the actions that can be performed in the environment.

States 𝑠 ⊆ ℱ consist of facts from a planning domain indicating properties that are true at any
moment in time and follow the closed world assumption so that any fact not included in a state is
false. Conditions or formulas in our formalism comprise positive and negated facts (f , ¬ f) representing
an implicit conjunctive formula indicating what must be true (alternatively, false) in a state. The
positive part of a condition 𝑐 (pos(𝑐)) comprises the positive facts, and the negated part of a condition
neg(𝑐) comprises the negated facts. We say a state 𝑠 supports a condition 𝑐, 𝑠 |= 𝑐 (alternatively, 𝑐 is
valid in 𝑠), if and only if all positive facts are present in 𝑠, and all negated facts are absent in 𝑠, i.e.,
𝑠 |= 𝑐 if and only if (𝑠 ∪ pos(𝑐) = 𝑠) ∧ (𝑠 ∩ neg(𝑐) = ∅). An action a ∈ 𝒜 is represented by a tuple
𝑜 = ⟨pre(a), eff(a), cost(a)⟩ containing the preconditions pre(a), the effects eff(a), and a non-negative
cost cost(a), indicating possible transitions between states.

The transition of a state 𝑠 into a new state 𝑠′ using an action a is represented as the transition function
𝑠′ = 𝛾(𝑠, a). The transition is valid iff 𝑠 |= pre(a), and 𝑠′ = (𝑠 ∪ pos(eff(a)))− neg(eff(a)).

A planning task (or planning instance) is the formal description of a task to be solved in a given
planning domain. Planning tasks comprise a planning domain Ξ and a planning problem. A planning
problem describes the finite set of objects of the environment, the initial state from which the planning
problem starts, and the goal state which an agent desires to achieve.

Definition 2 (Planning Task). A planning task is a tuple Π = ⟨Ξ, ℐ, 𝐺⟩, in which ℐ is an initial state,
𝐺 is a goal condition, and Ξ is a planning domain.

The solution for a planning task, which we call a plan, is a sequence of actions that an agent can
perform in a planning domain to achieve the goal state 𝐺 from the initial state ℐ . Definition 3 formalizes
the notion of a plan and an optimal plan.

Definition 3 (Plan). A plan 𝜋 for a planning task Π is a sequence of actions 𝜋 = ⟨a1, . . . , a𝑛⟩ that
induces a sequence of states ⟨𝑠0, 𝑠1, . . . , 𝑠𝑛⟩ such that ℐ = 𝑠0 |= pre(a1), 𝑠𝑛 |= 𝐺 and that every state
𝑠𝑖 ∈ 𝜋 is such that 𝑠𝑖−1 |= pre(a𝑖) and 𝑠𝑖 = 𝛾(𝑠𝑖−1, 𝑎𝑖). The cost of a plan is the sum of the cost all of its

actions such that cost(𝜋) =
𝑛∑︁

𝑖=1

cost(a𝑖). We say a plan is optimal, denoted 𝜋*, if its cost is minimal, that

is, if no other plan 𝜋 has cost(𝜋) < cost(𝜋*).

Note that Definition 3 allows for multiple optimal plans, which may have the same cost, and are
thus equivalently optimal. Modern planners use the Planning Domain Definition Language (PDDL)
as a standardized domain and problem representation medium [16]. PDDL encodes a number of
expressive planning formalisms, such as STRIPS-style [17] planning tasks. For simplicity, most planning
formalizations assume that every action in 𝒜 has cost 1, so that the optimal plan is the plan with the
smallest number of actions. Here, we define actions with varying costs that depend on the state of the
environment, where the environment considered in this work relates to the configurations of a platform
to run data pipelines.

2.2. Designing and deploying data pipelines

In the flow-based programming model [10], a data pipeline corresponds to a type of application that
processes large amounts of data and produces results promptly. We refer to processing as the capacity of
data pipelines to ingest, transform, and output data with high throughput and low latency [18]. At the
design level, the data pipelines considered in this article are graphs in which nodes are operators and
edges represent the flow of data, following the flow-based programming paradigm [10]. Operators3 are
responsible for performing operations with data. Operators can be written using different programming
3Note that we explicitly make a distinction between operators (i.e., elements of the data pipeline formalism) and actions (i.e.,
state transformation functions in the planning formalism)



languages using a Software Development Kit (SDK) provided by the data pipeline framework, formalized
as Definition 4.

Definition 4 (SDK). Let 𝒮 be the set of all SDKs made available by the pipeline engine. An SDK 𝑆 ∈ 𝒮
provides a programming environment and runtime specific to a programming language, with tools such as
an API for the user to program operators and interact with the pipeline framework. Thus, the data pipeline
framework can provide SDKs for developing operators in Java, Python, Go, etc.

Implementations of operators can differ in requirements that need to be satisfied by the runtime
system in order to be executable, and tags associated with an operator encode these requirements.
Definition 5 formalizes the notion of a tag.

Definition 5 (Tag). Let 𝒯 be the set of all possible tags defined by the user. A tag 𝑡 ∈ 𝒯 denotes a
requirement that has to be satisfied for an operator to be executable, i.e. a specific library or package
(possibly a specific version of each).

Definition 6 brings together Definitions 4 and 5 into the formal operator within a pipeline.

Definition 6 (Operator). A pipeline operator 𝑂 = ⟨id , 𝑆, 𝑇 ⟩ comprises an identification id , the SDK
𝑆 ∈ 𝒮 it is developed with, and a set of tags 𝑇 ⊆ 𝒯 that it requires in order to execute.

The runtime environment in which an operator must be executed is set by creating a Docker image
(later called OS image) [19], which is is a lightweight way to package code, run-time and all dependencies,
and by associating tags to the OS image that reflect the characteristics of the environment. Definition 7
formalizes the notion of an image in terms of the tag requirements from Definition 5.

Definition 7 (Image). An image 𝐼 ⊆ 𝒯 is a set of tags that the image specification supports, representing
a possible grouping for operators’ tags satisfied by the image.

A designer of a data pipeline can then tag an operator to indicate the runtime environment required
for its execution. By default, when deploying a data pipeline for execution, the execution framework
searches for an OS image whose tags match all the required tags of the operators in the data pipeline.
In this case, all operators become part of a default “group”. Operators in a group are deployed as a
container running in a Kubernetes Pod [20]: they share the libraries and packages available in the
environment defined by the containerized OS image. Definition 8 formalizes such matching of tags to
images as a group.

Definition 8 (Group). Let 𝒢 be the set of groups in a data pipeline and 𝒪 be the set of operators in a
data pipeline. A group 𝐺 ∈ 𝒢 then is a tuple ⟨𝑂𝐺,𝐼⟩, where 𝑂𝐺⊆𝒪 is the set of operators in the group and
𝐼 ∈ ℐ is the image associated to the group. Since all operators have to be grouped, explicitly or implicitly,
the intersection between operators in each group has to be empty, i.e. 𝑂𝐺𝑖 ∩𝑂𝐺𝑗 = ∅ for all 𝐺𝑖, 𝐺𝑗 ∈ 𝒢
with 𝑖 ̸= 𝑗.

However, when the execution framework cannot find a single matching OS image, the user must
manually group operators according to their required tags until the remaining non grouped operators
can be matched by a single OS image. Alternatively, in order to have control over which requirements a
user needs for specific tasks, users can manually group operators and create an OS image specific to the
grouped operators. Finally, we bring together the notion of an undeployed Data Pipeline incorporating
the elements from Definitions 4–6 in Definition 9.

Definition 9 (Data Pipeline). Let 𝐸 = ⟨𝑂𝑖, 𝑂𝑗⟩ be an edge tuple representing the directed connection
between two operators 𝑂𝑖 and 𝑂𝑗 . A data pipeline then is a tuple 𝒟 = ⟨𝒢, ℰ⟩, containing the specified
groups and edges between all operators.

Figure 1 exemplifies a data pipeline with operators grouped using different requirements, specified
by tags. Here, the data pipeline is executable if the runtime framework has at least two images 𝐼1 and
𝐼2, such that ⟨𝑡1, 𝑡2, 𝑡3, 𝑡5⟩ ⊆ 𝐼1 and ⟨𝑡1, 𝑡3, 𝑡4⟩ ⊆ 𝐼2.
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Figure 1: Data pipeline illustration at design level

3. The pipeline optimization problem

At design level, data pipelines are graphs in which nodes correspond to operators and edges represent
the flow of data. There may be multiple concrete implementations of data pipelines4 and many open
source systems do, including Flink [21], Storm and others. In this work, we focus specifically on the
implementation provided in the VFlow engine where operators perform computing operations with
data. Operators in VFlow can be written using different programming languages using SDKs provided
by the data pipeline framework.

Given a data pipeline 𝒟 from Definition 9, with a set of connected operators, we must find the optimal
grouping configuration, in terms of total execution time, which satisfies the constraints imposed by the
operator tags 𝑇 . It is therefore an optimization problem under constraints, where the constraints are
the tags of operators, which must match the tags of an OS image to belong to the same group.

The runtime environment in which operators execute can be set by creating groups of operators.
These runtime environments are executing on container images (e.g., Docker images) where each group
ideally has the same image associated to it. This allows the operators of the same group share resources,
libraries, and packages available in that environment. In order to have control over which requirements
a user needs for specific tasks, Users can manually group operators and create an image specific to the
grouped operators. In the default group, VFlow associates available images and stock images that are
tailored to the basic requirements of each SDK. In case operators are not explicitly grouped by users
they belong to an implicit group such that the pipeline framework automatically associates an image to
it using the available images and stock images that are tailored to basic requirements of each SDK.

4. Automating operator grouping

In this section, we detail three optimization methods: two greedy approaches and one approach based
on deriving specific costs. As a baseline, we define a random approach that optimizes the pipeline
by selecting random images and adding random operators. We use PDDL to create descriptions of
state-space search problems involving a variety of domains independently of the underlying AI search
engine, enabling us to solve the problem of Definition 2. Such flexibility, coupled with the number of
efficient planning software available [22, 23], allows us to prototype a number of optimization strategies
for grouping in order to achieve desirable deployment properties.

In order to generate an optimized graph, we provide two such specifications to a PDDL planner such
as ENHSP [24, 25], and the resulting plan can then be translated into an optimized graph. We illustrate
this workflow in Figure 2.

4We refer to data pipelines as graphs and use the term interchangeably.
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Figure 2: Planner workflow.

4.1. Connection heuristic

The connection greedy approach prioritizes the creation of groups with a minimum number of intergroup
communication links. To encode this approach using PDDL, we use different weights for intragroup and
intergroup communication, respectively 5 and 20. We assign a medium cost for instantiating groups,
since creating many groups will lead to more intergroup connections. Figure 3a exemplifies a solution
using this approach, where the number of intergroup communication links is only one and two operator
groups are created.

4.2. Node heuristic

The node approach prioritizes the creation of groups with as many nodes as possible, greedily searching
for groups with a larger number of operators. To encode this approach using PDDL, we use the same
weights for intragroup and intergroup communication, respectively 5. We assign a very high cost for
instantiating groups, which forces the planner to search for configurations with a very small number
of groups. Figure 3b illustrates an example of a solution using this heuristic. As we can see, this
solution ignores the number of intergroup connections, leading to two groups with many intergroup
connections.
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(b) Node Heuristic.

Figure 3: Proposed heuristics.
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Figure 4: Fibonacci and pipeline optimizer.

4.3. Random baseline

The random baseline approach groups operators by randomly selecting an image from the list of
available images and then grouping all operators satisfied by the selected image, if there are any. This
algorithm randomly selects images and groups operators until no operators are left to be grouped.
This process of randomly selecting groups works as follows. First, we randomly select an available
image capable of executing operators based on the available tags of this image. Second, we select all
𝑛 operators that can run using this image. Third, if the number of operators is greater than 0, we
randomly compute a number from the range [1, 𝑛], which defines how many of these possible operators
our new group will contain. Finally, we generate a new group with the selected operators and repeat
this process until all operators are assigned to a group.

5. Evaluation methodology

The evaluation of our solution requires that we design different examples of data pipelines and generate
a synthetic workload that incur substantive computing. We instantiate data pipelines following the two
most common types of patterns that users design: sequential and parallel executions. As a workload
choice, we choose the computation of Fibonacci sequences, which allows us to parameterize the amount
of work that needs to be computed by an operator by defining the size of the sequence. We detail these
in the following sections.

5.1. Workload configuration

In order to evaluate the grouping methods, we use two patterns of synthetic data pipelines built from
the same operator which computes the 𝑛𝑡ℎ number of the Fibonacci sequence and sends it to the next
operator. This operator allows us to control the processing time of a data pipeline. The two patterns of
data pipelines, illustrated in Figure 5, are as follows:

1. a topology representing sequential computation steps;
2. a topology representing independent and concurrent paths of sequential computation steps.

We define two parameters to generate pipeline optimization problems with varying degrees of
complexity. These parameters are: number of special tags (later called special_ops) and Fibonacci
step.

The special tag represents operators with specific library requirements beyond what is included in
the standard images associated with operators in each sub-engine. Those necessitate specific images to
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Figure 5: Graph topologies used in evaluation.

be run in VFlow. By default, all operators have default "golang" tags, and all images have the default
tag. In addition to the default tag "golang", we create three distinct special tags (spt-1, spt-2, and spt-3),
where each special tag belongs to a single specific image. When the parameter "special_ops" has the
value 𝑛, then 𝑛 randomly selected operators will receive a special tag. If 𝑛 ≤ 3, then all the operators
with special tags will have distinct tags between (spt-1, spt-2, spt-3). Otherwise, two operators can have
the same special tag. For example, if 𝑛 = 4, two operators will have the special tag spt-1.

The goal of the special tag is to increase the complexity of the optimization problem, mirroring real
deployment scenarios where operators require specific libraries (e.g., machine learning frameworks,
specialized data processing tools) that cannot coexist in a single image due to dependency conflicts
or size constraints. By default, all generated pipelines already contain one special tag to ensure the
problem cannot be trivially solved by including all operators in a single group. As the number of special
tags increases, the problem of grouping the operator becomes more difficult.
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Figure 6: Experiment results for Line topology.

The Fibonacci step is an application parameter related to increasing the 𝑛 values. The 𝑛 value starts
as 5 (the fifth element of the Fibonacci sequence) and the Fibonacci step ranges from 2 to 4. As this
parameter increases, the overall execution time of the graph increases steeply. Figure 4a illustrates the
propagation of the Fibonacci step parameter in a parallel topology, where 𝐹 (𝑛) is the algorithm that
computes the 𝑛th element of the sequence, and 𝑓𝑠 is the Fibonacci step parameter. The same logic of an
individual line of the parallel topology is applied to the linear topology pipeline.

The pipelines consist of 14 operators, where 12 are computing operators, one is a generator, and one
is a terminator. The first operator is a generator, which sets up the workload for the other operators.
The generator sends a message to all connected operators, sending the 𝑛 (5 as default) value for the
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Figure 7: Parallel topology experiments

Fibonacci operator. This message is sent 5 times, to ensure continuous communication throughout the
execution of the operator. The generator is connected with a terminator operator, which signals the
end of the execution of the pipeline once all other operators finish. Finally, the other twelve operators
are Fibonacci operators, which receive a message with the 𝑛 value and compute the 𝑛𝑡ℎ element of the
Fibonacci sequence. After computing the sequence, each operator sends a message to the next one with
𝑛+ 𝐹𝑖𝑏𝑜𝑛𝑎𝑐𝑐𝑖𝑠𝑡𝑒𝑝, which will set up the execution of the next operator.

5.2. Experiment Execution

To optimize data pipelines, we set up a framework to measure our experiments, which comprises the
following processes:

• a parser to convert vFlow graphs into a planning task in PDDL;
• a numeric planner to compute a grouping strategy to optimize the parsed pipeline, yielding a

PDDL-based plan; and
• a converter to interpret this PDDL plan into a vFlow graph, which is executed in an installation

of VFLow and extracts performance metrics, e.g., execution time.

VFlow includes a profiling tool to evaluate the performance of the designed approaches, which allows us
to collect data on three metrics: setup time, execution time, and total time. The setup time measures how
long it took to prepare the environment; execution time tracks how long the pipeline took to execute
after the setup phase. The total time is the setup time plus the execution time.

Figure 4b illustrates the architecture of our approach. VFlow exports data pipeline graphs in JSON
format, which serves as the medium of communication between VFlow and our optimizer. A graph
described in JSON is sent to a converter, which converts JSON to a planning description language, PDDL.
The PDDL has two files, the domain, and problem. The domain is where we define the optimization
strategy (the ones we detailed in Section 5.1), dictating how we optimize the given pipeline. The problem
comprises the details of the given graph, detailing the operators (as black boxes) that are going to run,
how they are connected forming the topology of the given graph, and the necessary tags to run each
operator. With these files we execute the planner, ENHSP [23], which outputs a plan. The plan is the
optimization steps, which define the number of groups and which specific images are going to be used
to optimized the graph. We then use a converter to convert the plan (sequence of optimization steps) to
a JSON description of the optimized graph, which runs using the VFlow profiler.

6. Experimental results

In the following, we show the quantitative results we obtained from running our experimental evaluation.
We first describe the experimental environment in which we deployed the data pipelines, and follow by



a description of the results obtained for each topology of graphs that we generated, i.e. line and parallel.

6.1. Experimental setup

The experiments are executed in a virtualized cloud cluster composed of two worker nodes. Docker
containers using the Centos-72 image run within the worker nodes, where the containers are organized
in pods managed by Kubernetes (version 1.19.13).

To evaluate our approaches, we run each graph five times to account for variations in the cluster’s
performance. We distinguish the measurements of the first execution (cold start) from the other
executions (warm starts). As metrics, we compute the mean setup time, execution time, and total time
discussed in the previous section.

We compare our approaches (connection, node, and random) to the default baseline that has no
grouping assuming that all operators are run in a single group. For line topology experiments, it
represents an optimum grouping, as all operators are sequential and in the same image. For parallel
topology experiments, the default baseline runs all operators in a single group, which prevents them to
benefit from the parallelism of the topology. Note that it would be impossible to run the graphs with
only one image due if the special tags were real software constraints, so the default baseline is not
a viable strategy outside of this evaluation scenario. Considering this, we include it as a method for
comparison, highlighting the effects of having no groups in different scenarios.

6.2. Line topology

Our first batch of experiments uses the line topology with sequential operators. We vary the parameters
described in Section 5.1, running nine distinct baseline graphs, and optimizing each graph using all four
approaches, resulting in 36 graphs. Figures 6a, 6b, 6c show the average results in milliseconds for all
approaches, dividing these results into Setup, Execution, and Total time. Results from these experiments
show that the heuristics provide performance gains, mainly in terms of setup time. Figures 6b and 6c
show that the connection based heuristics also achieved performance gains in execution time. Such
results indicate that planning heuristics are effective at optimizing stream processing applications.

6.3. Parallel topology

The experiments with parallel lines topology use three lines of four operators. We vary the parameters
described in Section 5.1, running nine distinct baseline graphs with the same procedure we did for
the line topology. Figures 7a, 7b, and 7c show the results obtained for three distinct combinations
of parameters. Figure 7b shows the random approach performing well, even outperforming some
heuristics in execution time. The random approach creates more groups, which increases the graph’s
setup time. Hence, the approaches’ contrast in the total time is insignificant if we consider the standard
deviation. However, as the execution time is often longer with higher workloads, in some cases, the
execution speed-up can compensate the higher time for setup.

Figures 8a and 8b show the results for the first execution of two parameters configuration. As we can
see, the setup time for the first execution is much higher, which impacts the performance of the random
approach when the workload is small (Fibonacci step = 1). As the workload increases, execution time
gains outweigh setup time losses.

7. Related Work

Researchers have applied automated planning to various stages of software engineering, including
application synthesis, deployment, and optimisation of distributed systems. In stream processing
and cloud-native environments, planning methods help manage component composition, resource
allocation, and runtime adaptation. These approaches differ in formalism (classical planning, HTN
models, preference-based search, and cost-sensitive optimisation) and target distinct problems such as
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Figure 8: Parallel topology experiments, only first execution.

flow graph generation, operator placement, and service orchestration. In what follows, we illustrate
these directions and provide context for our contribution.

Arshad et al. [26] develop Planit, a system that uses temporal planning to automate the initial
deployment and dynamic reconfiguration of distributed software systems. Their planner, LPG, generates
plans that minimise total execution time, using durative actions and explicit time annotations. While
their work addresses deployment, it targets general-purpose component-based systems, focusing on
scheduling actions under temporal constraints. In contrast, our work assumes a fixed data pipeline and
optimises its deployment over a distributed infrastructure using numeric planning with state-dependent
action costs. We do not model reconfiguration or time-based scheduling, and they do not optimise
for execution efficiency of the deployed system beyond plan duration. The two approaches operate at
different levels of abstraction and solve distinct optimisation problems.

Early work by Riabov and Liu [27] introduces SPPL, a domain-specific extension of classical planning
tailored to stream processing composition. Their planner constructs workflows by selecting and con-
necting components to satisfy goal predicates, modelling streams as immutable entities with structured
input/output ports and predicate propagation. This approach exposes structural regularities in stream
processing domains that traditional PDDL encodings have struggled to exploit efficiently. Building on
this foundation, Sohrabi et al. [28] develop a preference-based HTN planning framework that translates
Cascade flow patterns into HTN domains, enabling more expressive composition and optimisation.
Their work inherits the compositional focus of SPPL but replaces its custom formalism with a general-
purpose HTN planner, allowing integration of user preferences and improved scalability. Unlike prior
work on stream processing composition using Classical and HTN planning [27, 28], which focuses on
synthesising pipeline structures from abstract flow patterns, our work assumes a fixed pipeline and
addresses the orthogonal problem of optimally deploying it on a distributed infrastructure. While all
three approaches leverage AI planning, we focus on numeric planning with state-dependent action
costs to minimise execution time, rather than preference-based HTN planning for goal satisfaction.

Georgievski et al. [29] and Quenum and Josua [30] also focus on composition, applying HTN planning
to generate cloud-ready applications from abstract component models. The former handles instance
creation, duplication, and configuration processes using a formal model (Aeolus). By contrast, the
latter generates hierarchical plans, matches actions to serverless functions across providers, and refines
compositions using constraint satisfaction over QoS attributes. Unlike [28], they target cloud services
rather than stream processing. Like the other work in this section, it applies planning to optimise
structure or configuration. In contrast, the contribution of this paper optimises deployment.



8. Results discussion and closing remarks

The connection heuristic approach overall had better results. However, although with a high standard
deviation, the random strategy with more groups has the best results for the parallel topology. We
believe that this happens because the random approach created many groups that are capable of
executing the processing steps in parallel. Moreover, the results show that more groups for the line
topology do not improve the total execution time. The connection strategy, although consistently good
in the line topology, does not consider possible parallel executions.

Our results show that the usage of AI techniques can improve the setup and execution time of pipelines
by optimizing the grouping of operators. In this work, our optimization goal was the total execution
time. In the future, other desirable evaluation metrics can be included, such as the infrastructure cost of
running a graph (which includes the number of pods used) or the resilience of the deployed graph.

A hybrid strategy could also be explored to optimize each line of the parallel topology individually.
In future work, we could evaluate grouping strategies based on TCO metrics that measure the total
performance time per dollar (on a given cloud platform).
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