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Abstract

The so-called data lakehouse systems were introduced for facilitating man-
agement and analytics of data contained in a data lake. Lakehouses removed
the need of having (proprietary) data warehouses on top of those data lakes,
which often required expensive ETL pipelines for ingesting data.

Lakehouse systems have become a popular technology, with the ability of
integrating with multiple data sources. One common type of data source used
in analytics tasks is streaming data, which can be integrated with lakehouses
through modern stream processing engines. Although there is a need for
integrating lakehouses and streaming data within the industry, there has
been no previous research evaluating the throughput of lakehouses when
ingesting that data.

Our work focuses on that research question by developing a benchmarking
tool that evaluates the throughput of lakehouses when ingesting streaming
data. We evaluated ingestion of individual events, as well as batched data.
In our experiments, we included Iceberg and DuckLake and we also looked
at DuckLake’s "data inlining" feature to understand how it impacts per-
formance. The results show that DuckLake is able to outperform Iceberg’s
throughput in both ingestion modes, although data inlining only provided
performance gains when ingesting individual events.

We believe this work provides a first attempt at measuring the through-
put of lakehouse systems when ingesting streaming data. Future works can
use our benchmark as a baseline and extend it to other lakehouse systems.
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Chapter 1

Introduction

1.1 Motivation and research questions

Many modern data storage architectures rely on so-called data lakes, which
consist of (cloud) object storage, e.g. Amazon S3!, Azure Blob Storage?,
for storing large amounts of (un)structured and semi-structured data in
a centralized place [51]. Part of the data can then be copied into data
warehouses through a process called "extract, transform, load" (ETL), so
that it can be used for further downstream analytics tasks [33|. Although
this two-tier architecture has become widespread among many enterprises, it
has a few drawbacks. ETL pipelines used to load data into warehouses can
be time-consuming and error-prone, causing the data in the warehouse to be
outdated and sometimes inconsistent [40]. Additionally, maintaining the two
systems is expensive and redundant, since part of the data is stored in both
the data lake and the warehouse [33|. Finally, the flexibility of storing various
file formats in the same place comes with the cost of managing different file
versions and metadata, which with time can transform the data lake into a
"data swamp" [9].

Following the limitations of data lakes and the two-tier architecture,
Michael Armbrust et al. [33] proposed a new data storage architecture called
data lakehouse. A lakehouse, also referred to as an open table format,
builds on top of data lakes by structuring data into tables that are stored
in immutable columnar formats, e.g. Apache Parquet3. These tables are
managed with centralized metadata files that keep track of the current
schema and the different versions of the table, all while ensuring that updates
to tables occur in ACID [20] transactions [33]. Furthermore, the use of
open formats for storage gives users control over their data, in contrast to
proprietary formats of data warehouses [9], [33], [40]. These characteristics

"https://aws.amazon. com/s3/
2https://azure.microsoft.com/en-us/products/storage/blobs/
Shttps://parquet.apache.org/


https://aws.amazon.com/s3/
https://azure.microsoft.com/en-us/products/storage/blobs/
https://parquet.apache.org/

allow analytical tasks to be performed directly on the lakehouse tables, thus
eliminating the need of having a separate data warehouse, thus eliminating
the need for a two-tier architecture.

Although open table formats have gained popularity since their introduc-
tion, some aspects of lakehouses have led to important questions in recent
works. For instance, Paras Jain et al. [35] suggest that performing high
frequent insertions into lakehouse tables can be challenging, because every
insertion creates a new data file and requires updating the metadata files as
well. Further, inserts in Delta Lake, a popular lakehouse format, can have
up to hundreds of milliseconds of latency due to its reliance on object stores,
which limits the throughput of streaming workloads, as mentioned in [8].
By contrast, the recent introduction of DuckLake [30] brought significant
changes on how to handle write transactions to tables, while still ensuring
ACID transactions. This is all thanks to the use of a traditional database
management system (DBMS), e.g. PostgreSQL*, for handling table metada-
ta. In addition, DuckLake introduced the idea of "data inlining" [14], which
is meant to improve performance of small insertions.

At the same time, many modern stream processing systems, e.g. Apache
Spark®, Arroyo® and RisingWave”, can integrate with lakehouse systems,
which emphasizes the demand for up-to-date, real-time data in industry use
cases, as it was also pointed out by Michael Armbrust et al. [33]. Despite this
demand for integrating stream processing engines (SPEs) with lakehouses,
no work has been done yet to evaluate the throughput of open table formats
when performing data stream insertions. Therefore, this thesis will fill that
gap, by focusing on the following research question:

"How can we evaluate the throughput of data streams in lakehouse
systems?"

In addition, the following sub-questions will be answered
1. What are the current state-of-the-art benchmarks for lakehouses?

2. What are common patterns used in benchmarks for stream processing
systems?

3. How can we ensure our benchmark is actually fair?

4. What is the difference in performance of current lakehouse systems
when evaluated with our benchmark?

5. What is the performance gain of the "data inlining" feature of DuckLake
in comparison to other lakehouse formats?

‘https://www.postgresql.org/
*https://spark.apache.org/
Shttps://www.arroyo.dev/
"https://risingwave.com/
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1.2 Thesis structure

The rest of this thesis is structured as follows: Chapter 2 goes over the
relevant background for this thesis, such as the different lakehouse tech-
nologies, how they are implemented and relevant features for this research.
Chapter 3 talks about the existing work on benchmarking lakehouses and
the different metrics employed by these benchmarks and the systems that
they evaluate. Chapter 4 describes the methodology employed to develop our
own benchmark and the reasoning behind those decisions. We also describe
our experimental setup here. Chapter 5 presents the results of our exper-
iments, which are discussed in Chapter 6. In Chapter 6 we also propose
possible directions for future work. Finally, Chapter 7 concludes this thesis
by looking back at the main research question and key findings of our exper-
iments.



Chapter 2

Background

Before we can develop our benchmark, we need to first understand how
lakehouses work and which characteristics are relevant to the goal of this
thesis. We will look at Iceberg and Delta Lake (Sections 2.1 and 2.2), which
are the two most popular and more mature lakehouse formats based on
GitHub stars count and initial release date respectively [24], [45]. Moreover,
we will look at DuckLake, which brings innovative and relevant features for
our research (discussed in Section 2.3), despite it still being in version 0.3.

This chapter will also go over the definitions of data stream and through-
put, as well as guidelines on performing fair benchmarking.

2.1 Iceberg

Iceberg was developed in 2017 at Netflix and in 2018 it was released as an
open-source project within the Apache Software Foundation®.

2.1.1 Architectural design
Data layer

At the base of Iceberg’s architecture, there is a data layer, which consists
of data files that constitute the Iceberg table. They can be stored in one
of three formats: Parquet, ORC? or Avro®, with Parquet being the most
common due to its widespread adoption and performance gains [26].

Metadata layer

Besides the data layer, there is the metadata layer, which keeps track of the
data files locations, the version history of the table, as well as its current

"https://www.apache.org/
*https://orc.apache.org/
Shttps://avro.apache.org/
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Figure 2.1: Architecture of an Iceberg table, as presented in [26].

schema. The files in the metadata layer are:

e Manifest files: Stored in Avro format, these files store pointers to
multiple data files, as well as metadata about them, such as the mini-
mum and maximum values of a file’s columns and the number of records
[26]. The metadata in manifest files is used for filtering data files during
read operations, which helps improve read performance [26].

e Manifest lists: Manifest lists are another set of Avro files that indi-
vidually point to a collection of manifest files. Together, the manifest
files referenced by a manifest list constitute a specific snapshot, i.e.
version, of an Iceberg table [26].

e Metadata files: These are JSON files that contain schema informa-
tion about the table, as well as the snapshot history and a pointer
to the current snapshot of that table [26]. A new metadata file is
created after every update to the table, marking the creation of a new
snapshot. Figure 2.1 depicts the architecture of an Iceberg table, where
the newest metadata file has a pointer to both snapshots "s0" and "s1".

Catalog

In order to manage Iceberg tables, a catalog server is used. The goal of the
catalog is to point to the latest metadata file of a table, as well as ensure that



this pointer is updated atomically [25], [26]. Consequently, all interactions
with an Iceberg table must go through the catalog server. This avoids
inconsistencies when clients are concurrently writing to the same table.
Although many technologies can be used as catalog, e.g. AWS Glue* and
Hive Metastore®, the developers of Iceberg provide a REST API spec [5] as an
attempt to unify catalog access across different engines and languages. One
prominent implementation of the Iceberg REST catalog is Apache Polaris®,
which uses a PostgreSQL database to store the latest metadata pointer.

2.1.2 Writing to Iceberg tables

Writing data to an Iceberg table, e.g. via INSERT, involves the following
steps [26]:

1. First, the engine checks the catalog to get a pointer to the current
metadata file, so that it can read the current table schema.

2. New data file(s) are written using the chosen storage format for the
table.

3. The engine will then write the manifest file(s) that will contain meta-
data about the new data file(s), as well as a pointer to them.

4. Next, a new manifest list file is created, which will point to the new
manifest file(s). In addition, existing manifest files are added to this
new list, which together will correspond to the new snapshot of the
table.

5. The engine writes a new metadata file which contains a pointer to
the new snapshot (manifest list), as well as a history of all previous
snapshots.

6. Finally, following the principle of optimistic concurrency [25], the engine
will assume the table has not changed since the start of the operation
and will try to atomically update the catalog to point to the new meta-
data file. However, if a concurrent write has created a new snapshot in
the meantime, changing the metadata pointer fails and the engine has
to retry. Iceberg tries to structure changes in such a way to minimize
the cost of retries [4].

“https://docs.aws.amazon.com/glue/latest/dg/what-is-glue.html
*https://hive.apache.org/
Shttps://polaris.apache.org/
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2.2 Delta Lake

Delta Lake was introduced in 2020 by Armbrust et al. [8]. It was originally
developed at Databricks” and it was open-sourced in 2022 [43].

2.2.1 Architectural design
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Figure 2.2: The architecture of a Delta Lake table, as presented in [8].

Data files

At its core, a Delta table consists of a directory containing data files, which
are stored in the Parquet format. As shown if Figure 2.2, this data can be
partitioned to improve efficiency of read queries, but this is beyond the scope
of this thesis.

Delta log

The metadata of a Delta table is stored in a subdirectory, called "delta log".
This directory contains JSON files, each named in increasing order according
to the table version they correspond to, e.g. 00001.json, 00002. json,
00003. json, etc. The log files themselves consist of actions, e.g. add and
remove, that were applied to the data files in order to obtain the respective
version [8].

Furthermore, Delta also keeps track of so-called "checkpoint" files. These
are Parquet files consisting of all the actions in the JSON files up until
that point in time. These checkpoint files are created periodically (the
default being every 10 transactions), so that Delta can stay performant when
reconstructing the current state of a table from the log files [8]. The name
of the most recent checkpoint file is stored in a _last_checkpoint file, as
depicted in Figure 2.2.

"https://www.databricks.com/
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Figure 2.3: Overview of a Unity Catalog, which can be used to manage multiple Delta
Lake tables [49].

Catalog

Delta Lake can be connected with a catalog, allowing the management
of multiple tables and creating interoperability between other open table
formats, such as Iceberg. The most popular catalog used to manage Delta
tables is Unity Catalog®. There are two versions of this catalog: A proprietary
version maintained by Databricks and an open-source version. We focus on
the latter, since it is freely available. Similar to the Polaris catalog, the Unity
Catalog server can be accessed through a REST API and it uses a relational
database to store information about the Delta tables that it knows about.

Although a catalog server is not part of the Delta Lake specification, as
it is in Iceberg’s case, we include it in our research to make sure we perform
a fair comparison between the systems we are analyzing (see also Section
2.5).

2.2.2 Writing to Delta tables

The process of writing data to a Delta table can be broken down into the
following steps [8]:

1. Delta will first look for the _last_checkpoint file. Using the checkpoint
file’s ID, all subsequent log and checkpoint files are listed.

2. Using the listed files, the engine will read them to reconstruct the
current state of the table, as well as statistics such as min and max
values of columns and partitioning information.

3. Once all those files have been read, new data objects are written
(possibly in parallel) to the underlying file storage.

Shttps://www.unitycatalog.io/
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4. Then, assuming the latest log file has ID n, Delta attempts to create
a new log file named n + 1.json. Since there can only be one file
corresponding to a specific version of the table, creating the new log
file needs to happen atomically. If this step fails due to a concurrent
write operation, the transaction can be retried.

5. (Optional) Depending on the configured interval for writing checkpoints,
a new checkpoint file will be created and the _last_checkpoint file is
updated to reflect that change.

It is important to note that, like in Iceberg (Section 2.1.2), optimistic
concurrency control is employed for write operations. However, Delta relies
on the underlying object store’s mechanism to ensure transaction atomicity
[8]. For instance, Azure Blob Store, Google Cloud Storage and Amazon S3
support conditional write operations 23], [39], [41], thus ensuring that only
one client can create a log file with a specific name.

2.3 DuckLake

DuckLake is an open table format introduced in 2025 as part of the DuckDB
Foundation. Although it is currently an experimental release (as of writing,
the current version is 0.3 [19]), we believe it will be a valuable addition to
our research, as its specification proposes a new way of storing metadata and
an interesting approach for handling changes to its tables.

2.3.1 Architectural design
Data layer

DuckLake’s data layer consists of Parquet data files on the chosen storage
system, which make up the table.

Catalog database

Similar to Iceberg, DuckLake also includes a catalog in its specification.
However, DuckLake’s catalog differs from Iceberg’s in that it stores all of the
table’s metadata instead of storing the pointer to the current metadata file.
In total, the catalog database contains 22 tables that together keep track
of the schema, snapshots, data files, tables, statistics and partitioning infor-
mation of DuckLake tables [16]. Currently, DuckLake supports DuckDB?,
SQLite!®, PostgreSQL and MySQL!! as its catalog database [12]. Figure 2.4
shows the most relevant tables stored in the catalog [16]:

“https://duckdb.org/
Yhttps://sqlite.org/index.html
"https://www.mysql.com/
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Figure 2.4: Architecture of a DuckLake table, as presented in [30].
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table: This is where the DuckLake tables’ name, path and schema are
stored. In addition, it tracks the snapshot interval in which the table
is valid.

table_stats: This contains metadata about the DuckLake tables,
such as the number of records and the total file size of the data files
that compose this table.

column: This table stores the columns that are part of the DuckLake
table. The main attributes are the column’s name, its type and default
value.

table_column_stats: Similar to table_stats, this table contains
metadata about each column in a DuckLake table, e.g. min and max
values and whether the column has NULL values.

partition_column: Contains partitioning information about columns
on which partitioning has been enabled. It also stores the transfor-
mation function that is applied to the column to obtain the partition
key, if such a function is required. For instance, if a table contains a
timestamp column, one can apply a transformation function to that
column and use the resulting value as the partitioning key.

data_file: This table stores information about the data files, such as
the path, format (for now, only Parquet is allowed [16]), number of
records in the file and the size in bytes.

file_column_stats: Similar to table_column_stats, this table stores
column statistics on a file level, e.g. amount of records, min and max
values and number of NULL values.

delete_file: Similar to data_file, this table stores the path and
format of delete files!?, but it contains the number of records deleted
by the file.

snapshot: This table is used for representing the snapshots, i.e. ver-
sions, of the DuckLake instance. Every change to a table will result in
a new snapshot with a corresponding timestamp.

snapshot_changes: For each snapshot, this table stores a list of changes
that were made to the DuckLake instance, e.g. CREATE, INSERT, UPDATE,
ALTER.

2Delete files are used to mark which records have been deleted from a table without
actually deleting any files. This is done because Parquet files are immutable and would
have to be rewritten every time a record is updated or deleted. By using delete files,
deleted records can be reconciled at read time in a process called merge-on-read (MoW)
[35], which is beyond the scope of this thesis.

14



e schema: This table stores the different schemas that can be used
to separate DuckLake tables into namespaces. The table stores the
schema name, its path in the file system, as well as the snapshot interval
in which that schema is valid.

2.3.2 Writing to DuckLake
Writing to DuckLake tables happens in the following steps [30]:

1. First, the Parquet files are written to storage, unless data inlining
(2.3.3) is enabled and the number of inserted rows is lower than the
set threshold.

2. Then, in a single database transaction, the following tables are updated
to reflect the new changes:

e data_file

e table_stats

e table_column_stats

e file_column_statistics
e snapshot

e snapshot_changes

DuckLake enforces a primary key constraint on the snapshot id in
the snapshot table [13|. If two clients try to concurrently create a
new snapshot, one of them will fail due to a PRIMARY KEY constraint
violation [13]. In that case, DuckLake will try to solve the conflict
without having to rewrite the data files. For that, it looks at the
snapshot_changes table to see what changes were made by the trans-
action that succeeded. If there are no logical conflicts, e.g. both clients
just added new data, the failed client can retry the transaction without
having to rewrite the data files [13].

2.3.3 Data inlining

One feature that sets DuckLake apart from Delta and Iceberg is the so-called
"data inlining". This feature allows DuckLake to be configured such that
writes that insert fewer rows than a set threshold are stored in the catalog
database, rather than written out as Parquet files [14]. This can increase
the performance of DuckLake for frequent, small, inserts such as a streaming
events. The "inlined" data is immediately visible for read operations and it
can be flushed out to Parquet files once enough data has been accumulated
in the catalog [14].

15



2.4 Data streams

Streaming data can be defined as data that is produced by one or more
sources continuously and thus, is considered unbounded [17], [48]. As opposed
to finite datasets that can be processed in their entirety by methods such as
MapReduce [27], streaming datasets usually do not have a "final" data point,
so streaming processing engines (SPEs) rely on approaches such as (micro-
)batching and windowing to create finite groupings from the unbounded data
for processing [48]. In addition, streaming events can also be processed indi-
vidually as they arrive to the processing engine, such as in Spark’s "real-time
processing" mode [28]. Some use cases where stream processing is commonly
applied include IoT sensor-monitoring, fraud detection, advertisement ana-
lytics and processing of logs for web services [53].

Modern streaming platforms such as RisingWave and Arroyo provide firs-
class support for writing data to Iceberg and Delta Lake, through native
connectors. In addition to that, we believe that the inlining feature of
DuckLake would be very well-suited for writing streaming data. These
characteristics of both modern SPEs and lakehouses indicate that there are
industry use cases that require integration between them, which further high-
lights the relevance of our main research question.

2.5 Benchmarking

When it comes to evaluating systems’ performance, it is crucial that the
comparison is done fairly to avoid misleading results. In that regard, Raasveldt
et al. [38] highlight some of common pitfalls when benchmarking database
systems. These pitfalls were obtained from a literature review on best
practices and recommendations for both benchmarking in general and bench-
marking of database management systems (DBMSs). The authors then
identified seven!3 different pitfalls that can occur during DBMS benchmark-
ing, namely:

1. Reporting non-reproducible results: In scientific research in gen-
eral, it is required that results are reproducible, so that they can be
independently verified. Benchmarking is no exception to this rule.

2. Sub-optimally optimizing systems: In cases where the authors of
a paper are comparing their own system with the state of the art,
they might feel tempted to not properly optimize the systems they are
comparing with, so that they get favorable results [38]|. In some other

1311 the original paper, the authors report "cold" vs "hot" runs and "cold" vs "warm"
runs separately [38] , so they reported eight pitfalls in total. We believe however that they
pertain to the same aspect of benchmarking, so we include them all in the same pitfall.

16



cases, failure to properly optimize a system might happen due to lack
of familiarity with that system.

3. Overly-optimizing a system: Similarly to the previous pitfall, one
might optimize their system to perform really well on a specific bench-
mark. This can be done by optimizing a system for the specific dataset
or workloads present in a benchmark, which are all known prior to
execution.

4. Benchmarking code that contains bugs: Sometimes, performance
measurements can be influenced by bugs in the SUTs or in the code
performing the benchmark. Bugs can lead to an unfair advantage by
skipping a step of the benchmark workload or by only working with a
specific dataset [38].

5. Comparing systems that are fundamentally different: Bench-
mark results can only be considered fair if they were obtained from
systems that provide the same functionality. Otherwise, one of the
systems might be given an unfair advantage by avoiding a set of con-
straints present in other systems. Raasveldt et al. [38] exemplify this
by comparing a complete DBMS with an algorithm specialized in one
task. The algorithm has an advantage because it takes fewer aspects
into account than the DBMS [38].

6. Ignoring preprocessing time: When running benchmarks, the SUTs
often have to be initialized with the dataset used in benchmark’s
workload. This initialization can sometimes include preprocessing steps
that a system executes to speed up performance of subsequent tasks.
The example given in [38] mentions the creation of database indexes,
which if ignored, might favor a system that has efficient, but slow-to-
create, indexes.

7. Comparing "cold", "warm" and "hot" runs: The concept of
a "cold" run refers to executing a benchmark for the first time on a
system for which no data has been cached on the host operating system
yet. By contrast, subsequent runs of the benchmark are considered
"hot", due to the creation of caches and other optimizations that the
underlying operating systems might execute. Raasveldt et al. [38] also
alert for "warm" runs, which can occur when the SUT is restarted to
perform a "cold" run, but caches are still present in the OS memory

[38)].

In addition, the authors in [38] suggest practices on how to prevent these
pitfalls from happening. In some cases, such as that of non-reproducible
experiments, it can be easily avoided by including a detailed specification of
the configuration parameters used, hardware specifications and source code.
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However, other pitfalls are not so trivial to avoid. For instance, making
sure the SUTs are not running sub-optimally can be hard depending on
the amount of configuration available for each system. Nonetheless, we will
follow the checklist provided in [38, Appendix A| and mention it whenever
relevant throughout this thesis.
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Chapter 3

Related Work

3.1 Benchmarking lakehouses

Lakehouses are a novel technology when compared to the more established
DBMSs like PostgreSQL or MySQL. Therefore, not many studies have been
published evaluating the performance of open table formats. For that reason,
we focus on two notable works in this section: LHBench [35] and LST-Bench
[10].

The authors in [35] leverage the TPC-DS benchmark [47] to evaluate
three lakehouse systems, namely Apache Iceberg, Delta Lake and Apache
Hudi!. Although the authors focused on query performance of lakehouses
when reading data, they also presented some results for insert operations.
They looked at the creation time of TPC-DS tables with 3 TB of bulk
data. Their results show that Iceberg and Delta have similar loading times
around 2,700 and 2,300 seconds respectively, whereas Hudi takes around
20,000 seconds to load all the data. They attribute this difference to Hudi
performing more preprocessing at insertion than Delta and Iceberg. The
authors performed a second experiment where they loaded 100 GB of TPC-
DS data into each lakehouse and the results were proportional to the first
experiment: Delta took around 420 seconds, Iceberg took around 320 seconds
and Hudi took upwards of 2,400 seconds to load all the data. It is important
to stress that these experiments were run on Spark clusters of 16 workers,
each with 8 virtual CPUs and 61 GB of memory [35].

Camacho-Rodriguez et al. [10] presented LST-Bench, which also uses the
TPC-DS benchmark, but extends it to include workloads that measure spe-
cific characteristics of lakehouses. For instance, the authors looked at the
impact that merging many data files into fewer, larger files had on read per-
formance. They also looked at how not performing those merge operations
can degrade metrics such as CPU usage, memory consumption and disk I/0O.

'Hudi is another open table format that we excluded from this thesis due to the lack
of a dedicated catalog for it.
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Their findings show that merging data files significantly helps maintain per-
formance of Delta Lake and Iceberg, whereas Hudi, again, did not benefit so
much from those merge operations. This result agrees with [35], as discussed
previously. Furthermore, the results of LST-Bench showed that not merging
data files can degrade the performance up to 6.8x [10|. Finally, they also
utilized clusters of 17 nodes, where each node consisted of 8 virtual CPUs
and 64 GB of memory [10].

Both papers, though quite comprehensive in their analyses, do not inves-
tigate the performance of writing streams of data into lakehouses. To the
best of our knowledge, no other work has been done on that regard either.
Therefore, we will address that gap in this thesis.

3.2 Common streaming benchmark patterns

Although our work does not focus on SPEs, we go over relevant characteristics
of SPE benchmark systems, so that we can draw ideas for designing our own
benchmark.

Yue et al. [53] performed an extensive survey of benchmarks of SPEs,
focusing on four characteristics: (i) Dataset type, (ii) data ingestion method,
(iii) SUT, (iv) metrics collected. We focus here on dataset type, the data
ingestion method and metrics collected. The SUTs mentioned in [53] are not
relevant, since our thesis does not look at the performance of SPEs.

3.2.1 Dataset type

As Yue et al. [53, Table 2| show in their paper, datasets are classified into
either synthetic or real-world data. Their results indicate that there is a
relatively even usage of both types of datasets. In cases where a synthetic
dataset is used, e.g. the Linear Road benchmark [7], it is due to the bench-
mark workload requiring a specific schema for the data. Another example,
though not mentioned in [53], is the PGVal benchmark [42], which required
a deterministic dataset of web server logs, so the authors had to generate
their own data.

In terms of real-word data, Yue et al. [53| found a variety of datasets in
the compiled benchmarks. These datasets include IoT sensor data, Twitter
data, network traffic data, e-commerce data, online game data, etc.

As discussed in Section 2.4, there are few requirements that characterize
data streams. Therefore, many datasets are suitable for simulating streams
of data.
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3.2.2 Data ingestion

The vast majority of benchmarks gathered in [53] make use of Apache Kafka?
to ingest data. Kafka is a "distributed event streaming platform" [6] that
acts as an event broker between data producers, e.g. an IoT sensor, and
consumers, such as Apache Spark, Apache Flink® or client APIs for various
programming languages. An event is always written to a Kafka topic, so that
different types of events can be easily organized and consumers can consume
events from the topics they are interested in.

The few papers compiled in [53] that do not use Kafka for data ingestion
mostly use a self-designed ingestion method. For instance, Linear Road [7]
uses the MIT Traffic Simulator [52], which generates data into flat files that
are read by a data driver to simulate incoming traffic data.

In other cases, such as in [29], the authors argue that using an event
broker such as Kafka can lead to bottlenecks in the benchmark pipeline. In
short, they suggest that the process of storing and partitioning incoming data
by the broker can slow down the rate at which SPEs can consume that data
[29]. They instead use an in-memory generator, which they tuned to make
sure it can produce data faster than the fastest consumer in their benchmark
[29]. However, they do not provide any source code for their generator, nor
do they supply any data comparing Kafka with their own generator, so it is
unclear whether Kafka would have been a bottleneck in their system.

3.2.3 Metrics

In terms of performance metrics compiled by Yue et al. [53], most benchmarks
focus on throughput (Section 3.2.4), processing latency, CPU/memory/network
usage and disk I/O. Some benchmarks focus on other aspects of SPEs, such
as processing guarantees [42] and scalability capacities [21].

In this thesis, we focus primarily on throughput of data streams, which
is the main objective of our research question. In addition, we collect CPU
usage and disk I/O metrics for a more fine-grained overview of the systems’
resource utilization. We do not look at latency, since no processing will be
done on the data streams before writing them to the lakehouses. Further, we
will not look at memory usage because we will not be writing large amounts
of data at once. Rather, we will look at small, constant writes, so we expect
memory consumption to be relatively low. Finally, we will not collect net-
work usage metrics, since our experiments will be run locally. We believe
this might help to more accurately measure throughput because having a
network connection to the storage layer would add noise to our results when
writing events in the lakehouses.

*https://kafka.apache.org/
Shttps://flink.apache.org/

21


https://kafka.apache.org/
https://flink.apache.org/

3.2.4 Throughput

When benchmarking streaming processing engines (SPEs), a common metric
used is the system’s throughput, which is defined as the amount of events
that the system under test (SUT) can process in a given unit of time. In
terms of execution time, Henning et al. [22| presented a thorough approach
for measuring throughput, where they run their experiments for 15 minutes
and repeat it three times. In addition, Henning et al. [21] run their experi-
ments for five minutes, but the first minute is considered "warm up", which
relates to the idea of "cold" vs "warm" runs discussed in [38]. Both of these
approaches will be adapted for our experiments.

22



Chapter 4

Methodology

In this chapter we discuss the implementation of our benchmarking tool. We
go over the data ingestion process, data formats used and the metrics that
we collect. We also give an overview of the experimental setup, making sure
to include as many details to facilitate reproducibility of our results.

4.1 Benchmark design

Arrow IPC

Producer

I N
v \
“"Arrow data
VA

/
Parquet

Filesystem

Parquet

NYC taxi dataset

Figure 4.1: Overview of the components in our benchmarking tool.

4.1.1 Dataset

Our benchmark uses the TLC Trip Record Data [44], which is a publicly
available dataset of taxi trips in New York City. We use specifically the
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trip data of yellow taxi cabs during November 2025, totaling 4,181,444 trip
records. This dataset provides a good representation of real-world stream
data, since taxi trips are constantly occurring. Further, the dataset can be
easily extended to include data from previous years, in case there is the need
to scale up the benchmark.

As a preprocessing step, we added a single column to the dataset with an
integer id for each trip. This helps us track statistics for each trip processed
by our system and it also increases reproducibility of our results.

4.1.2 Data ingestion

Following the approach of previous works, we ingest the dataset into a Kafka
broker instance, using the Kafka Python client API'. For reproducibility
purposes, the broker runs in a Docker container. A single topic is created for
the events being produced and we delete that topic after every experiment,
to ensure we do not mix events from different runs. The Kafka producer
runs in a separate Python process, so that our benchmark can consume the
Kafka events independently.

4.1.3 Data format

We use the Arrow format for data representation in our benchmark. Apache
Arrow? is a standardized, in-memory columnar format, which facilitates
data exchange between systems implementing it. The columnar layout of
Arrow data also makes it very efficient for writing it in Parquet format
[1]. Furthermore, the Arrow specification includes an inter-process com-
munication (IPC) mechanism [2], which can be used to stream arrow data
while avoiding the use of serialization or extra copies to/from the in-memory
Arrow layout. Therefore, we use the IPC mechanism for producing data to
the Kafka broker, so that the consumer can read it as Arrow data directly.

4.1.4 Lakehouses

Our benchmark can interact with the different lakehouse systems in two
ways. The default way uses a dedicated library® for each system, which is
optimized for that specific lakehouse format and is compatible with Arrow
data. Alternatively, the benchmark can be run with DuckDB as the client
for all three lakehouse formats, since it has first-class support for all three
formats [11]. In both cases, the client used to interact with the lakehouse is
considered part of SUT and is reported explicitly for clarity of results.

"https://docs.confluent.io/platform/current/clients/
confluent-kafka-python/html/index.html

*https://arrow.apache.org/

3Pylceberg, delta-rs and DuckDB
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Additionally, all catalog servers are run on Docker containers, so that the
benchmark can be run on any machine, thus contributing to reproducibility
of experiments. The only exception is when using DuckDB as a catalog
for DuckLake. In that case, the catalog is stored in a local file. This
combination is only used when running experiments that involve the "data
inlining" feature (Section 2.3.3).

4.1.5 Metrics

All collected metrics are stored in a local database for further analysis. The
throughput is calculated as the number of events written to the given lake-
house system, divided by the total number of seconds that the experiment
was executed. In addition, the following metrics are collected:

e Time taken to read each event from the Kafka broker: We
expect read times to be low and consistent, since our benchmark reads
events one at a time. Nonetheless, we collect this data to ensure that
reading the data does not cause any bottlenecks in our experiments.
This time is measured using the perf_counter_ns function from the
time module, which provides the "highest resolution for measuring
short durations" [46].

e Time taken to write each event to the lakehouse table: On top
of looking at the throughput, we analyze the individual writing time of
each event to see if systems can keep consistent writing times. Again,
we use perf_counter_ns to measure write times.

e CPU usage: We run a separate Python thread that collects the total
CPU usage percentage every second. For that, we use the psutil [18]
Python library.

e Disk I/O: Similar to CPU usage, we collect the amount of bytes
written to the machine’s main disk at a one-second interval. psutil
returns the total amount of bytes written since system startup, which
strictly increases over time. Instead, we focus on the difference in bytes
written between every second, so we can relate the average number of
bytes written per second with the throughput of each system.

4.2 Experimental setup

Combining the approaches in [21], [22], we perform three runs of five minutes
for each lakehouse, where we consider the first run to be cold and the others to
be hot. To ensure cold runs, we restart the machine running the experiments
after the three runs for each lakehouse.
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Regarding the lakehouse systems evaluated, we only evaluate Iceberg and
DuckLake. During the setup of our experiments, we encountered a bug in
the delta-rs library, which prevents access to tables through Unity Catalog.
We opened a GitHub issue? for this, but as of writing this thesis, the problem
has not been solved yet. Although it is still possible to access and write to
Delta tables without Unity Catalog, we believe this would give an unfair
advantage to Delta, since the other two systems are connected to catalogs.

4.2.1 Insertion modes

We insert data in two different ways, namely individually and batched. In
the first mode, as soon as an event is read by the Kafka consumer, it is
inserted into the SUT and the insertion time is measured. This mode of
insertion will give us insight in the raw throughput of each system, in a
scenario where events cannot wait for window /batch operations.

When inserting batches, we accumulate 1,000 events in an Arrow table
before inserting them at once into the given lakehouse table. Here, we
evaluate a scenario where a streaming engine would use a window function
for grouping incoming data and processing them in some way before writing
them to the lakehouse.

4.2.2 Configuration

For DuckLake and Iceberg we use the default configuration of each system,
except for the Parquet compression codec and the number of threads used
by each system. We set the former to use the snappy [34] algorithm, which
provides fast compression speeds. We explicitly set the number of threads
to 1, since our benchmark inserts a single event in the SUT each time. FEven
in the case of Iceberg, where multiple metadata files are written at every
insert, these files must be written sequentially, because each metadata file
holds a reference to another data- or metadata file below it (Figure 2.1).
We confirmed there is no benefit to using multiple threads by running some
initial tests, where we noticed no increase in the number of events inserted to
the lakehouse table when going from 1 to 16 threads. In fact, in the case of
DuckLake, there was a significant decrease in the number of events inserted,
as shown in Figure 4.2.

In addition, we perform runs using the "native" client for each lake-
house, DuckDB for DuckLake and Pylceberg for Iceberg, as well as using
DuckDB for both. This will give us insight into how much of the perfor-
mance is impacted by the client used for interacting with the lakehouse
tables. Pylceberg does not have the option of interacting with other open
table formats, so we cannot use it to write to DuckLake.

‘https://github.com/delta-io/delta-rs/issues/3966
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Number of Kafka events written to each lakehouse after 1 minute, using 1 thread vs. 16 threads
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Figure 4.2: Comparison of using 1 thread vs. 16 threads for writing events to DuckLake
and Iceberg in a time span of 1 minute.

Finally, when running experiments with the inlining feature of DuckLake
enabled, we set the write threshold to be one more than the number of
elements being inserted, i.e. 2 for writing individual events and 1001 for
writing batches. The values do not matter, as long as they are bigger than
the amount we are inserting into DuckLake.

4.2.3 Hardware and software specs

All experiments were executed on a local machine for which the hardware
specification can be found in Table 4.1. We believe that running experiments
locally significantly reduces complexity and noise that would otherwise be
present in a cloud environment.

OS Linux Mint 22.3 - Cinnamon 64-bit
CPU AMD Ryzen 7 5700U 1.8 GHz base clock
8 cores and 16 threads

Memory 2x 8 GB DDR4 @ 1600 MHz
Intel 660p 1 TB NVMe M.2
SSD Up to 1,800 MB/s for sequential writes
Up to 220,000 IOPS for random writes

Table 4.1: Overview of the hardware specs used for running our benchmark

All software, as well as their versions can be found in Table 4.2. We hope
to make our experiments as reproducible as possible, following the guidelines
presented in [38]. We also made our source code available on GitHub?.

Shttps://github.com/schmidtvinicius/thesis/tree/main/benchmark
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Software Version
Python 3.12
Kafka (Docker) 4.1.0
PostgreSQL (Docker) 18.0
Polaris (Docker) 1.3.0-incubating
DuckDB (Python) 1.44
Pylceberg (Python) 0.10.0
PyArrow (Python) 22.0.0
confluent-kafka (Python) 2.12.2

Table 4.2: Overview of the software and libraries used by our benchmark, as well as their
specific versions.
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Chapter 5

Results

5.1 Writing events one by one

5.1.1 Total events written

Figure 5.1 shows how many events were written to each lakehouse table.
We can see that the first run of each SUT performed slightly better, before
stabilizing at lower levels in the subsequent hot runs. Therefore, we focus on
results from hot runs throughout the rest of this thesis. Other results can
be found in Appendix A.
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Figure 5.1: Throughput of each SUT in a time span of 5 minutes when writing events one
by one. The run numbers correspond to the repetitions of each experiment, where run 0
is considered cold and runs 1 and 2 are considered hot.

Looking at the amount of events written to the different SUTs in Figure
5.1, we can see that DuckLake had a much higher throughput than Iceberg.
Using DuckDB did improve Iceberg’s throughput, but it was nonetheless

much lower than DuckLake’s.
Focusing now on the first hot run of each SUT, we see from Figure 5.2
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Figure 5.2: Boxplot of bytes written to disk at every second when inserting individual
events to each SUT (hot run). The measurements were taken at intervals of 1 second.

SUT Median (MB) | IQR (MB)
DuckLake 2.154 0.502
Iceberg (Pylceberg) 0.291 0.594
DuckLake + Inlining 1.204 0.193
Iceberg (DuckDB) 0.459 0.380

Table 5.1: Median and interquartile range, in megabytes, of the box plots presented in
Figure 5.2.

that DuckLake was often able to write more bytes per second than Iceberg,
which is in line with the total events written, shown in Figure 5.1. We
can also see from Table 5.1 that the median number of bytes written to
DuckLake was about an order of magnitude larger than that of Iceberg with
Pylceberg. In addition, Iceberg + Pylceberg seems to have a more unstable
rate of bytes/second, which is reflected by the highest interquartile range,
i.e. spread, presented in Table 5.1.

5.1.2 Write times

Looking at Figure 5.3, we can see that DuckLake has more consistent write
times than Iceberg + Pylceberg, based on the difference in the spread
between them. Using Iceberg with DuckDB produces a smaller spread, and
thus more consistent write times, but its median is still around an order of
magnitude slower than both DuckLake runs. The median write times of each
SUT are consistent with their respective amount of bytes/second and events
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written (Figures 5.2 and 5.1).
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Figure 5.3: Box plots of the time spent writing each individual event to the lakehouse
tables during the first hot run, in seconds.

suT Median (ms) | IQR (ms)
DuckLake 9.889 0.667
Iceberg (Pylceberg) 346.208 341.194
DuckLake + Inlining 9.169 0.711
Iceberg (DuckDB) 124.303 22.650

Table 5.2: Median and interquartile range, in milliseconds, of the box plots presented in
Figure 5.3.

We observed that the write times for Iceberg increase over time, as shown
in Figure 5.4, which explains the larger spread in the data when compared to
other SUTs. Although using Iceberg with DuckDB help control the spread
of write times, we can see from Figure 5.4 that they still get larger, as more
data is written. By contrast, DuckLake’s write times seem to stay more or
less constant throughout the whole run.

Regarding the DuckLake instance with inlining enabled, we find that
the time taken to flush the inlined events to a Parquet file on disk was
around 200 milliseconds, as shown in Table 5.3. This is about 20x slower
than the median write time of DuckLake without inlining, and about 2x
slower than the median of Iceberg with DuckDB. However, DuckLake with
inlining enabled was able to outperform the median write time of Iceberg
with Pylceberg by around 1.5x.
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Figure 5.4: Scatter plots of time spent writing individual event to each SUT during the

first hot run, in seconds.

Run number | Flush time (ms)
0 219.874
1 205.867
2 193.615

Table 5.3: Time taken by each DuckLake + Inlining run to flush inlined data to a single
Parquet file, in milliseconds.

5.1.3 Read times

The box plots in Figure 5.5 go over the time spent reading each individual
event from the Kafka broker. We can see that the median read times of
DuckLake runs were slightly higher than Iceberg’s, but the almost all read
times were lower than 1 millisecond, with most times staying between 0.1
and 0.2 milliseconds. These measurements indicate that no system had a
major advantage over others due to significantly higher read times.

5.1.4 CPU usage

We observed that Iceberg with DuckDB consistently utilized a higher per-
centage of the CPU than the other three SUTs. Nonetheless, all systems
were mostly stable throughout the runs, except for a few spikes and dips,
as shown in Figure 5.6. These observations can be attributed to the noise
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Figure 5.5: Box plots of the time spent reading individual events from Kafka during the
first hot run of each SUT, in seconds.

caused by other processes running in the background, such as the Docker
containers or even OS processes.
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Figure 5.6: CPU usage percentage measured at every second throughout the first hot run
of writing individual events to each SUT.
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5.2 Writing events in batches of 1,000

5.2.1 Total events written

Figure 5.7 shows the total number of events written to each SUT when
writing data in batches of 1,000 events. As observed in the previous exper-
iments, the cold run was slightly better than the hot runs, so we focus on
the latter instead.

We can see that all systems performed significantly better than when
events were written one by one to the lakehouse tables. The biggest improve-
ment can be noticed when using Iceberg with DuckDB, which managed to
surpass DuckLake with inlining enabled. We also observed that inlining led
to a decrease of in the amount of events written to DuckLake. That is in
contrast to the previous experiments, where inlining had in fact improved
the throughput of DuckLake.
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Figure 5.7: Throughput of each SUT in a time span of 5 minutes when writing events
in batches of 1,000. The run numbers correspond to the repetitions of each experiment,
where run 0 is considered cold and runs 1 and 2 are considered hot.

When looking at the amount of bytes written at every second in Figure
5.8, we see that all systems wrote fewer bytes per second than when writing
events one by one. From Table 5.4 we can see that median number of
bytes written to disk differed less between the SUTs than in the previous
experiment. The exception here was DuckLake + inlining, which had a
median about twice as big as the second highest median.

In terms of the spread of the data, both DuckLake instances wrote
bytes at a more consistent rate than the Iceberg instances. In contrast
to the previous experiment, DuckDB worsened Iceberg’s data spread when
compared to Pylceberg. In addition, DuckLake with inlining and Iceberg +
DuckDB had less stable rates of bytes/second than their counterparts in the
previous experiment. Overall, Iceberg -+ Pylceberg differed the least between
writing individual and batched events, whereas all other three SUTs had a
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lower median number of bytes written per second.
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Figure 5.8: Box plots of bytes written to disk at every second when inserting batches
of 1,000 events to each SUT (hot run). The measurements were taken at intervals of 1
second.

SUT Median (MB) | IQR (MB)
DuckLake 0.154 0.341
Iceberg (Pylceberg) 0.258 0.502
Iceberg (DuckDB) 0.242 0.727
DuckLake + Inlining 0.573 0.372

Table 5.4: Median and interquartile range, in megabytes, of the box plots presented in
Figure 5.8.

5.2.2 Write times

The write times of the SUTs shown in Figure 5.9 are in line with the results
presented in Figure 5.7. We see that Iceberg + Pylceberg had the highest
write times of all SUTs, with a median write time about 3x higher than
the second highest median (DuckLake + Inlining). For all SUTs the median
write time was higher than the previous experiments because every write
operation involved batches of 1,000 event, in contrast to individual events in
the previous experiment.

Regarding stability of write times, Iceberg + Pylceberg was also least
stable system, given by its higher IQR. All the three other systems showed
a similar, lower spread in their write times.
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With respect to the flush times of DuckLake + inlining, we see in Table
5.6 that it took around 2 seconds to flush the inlined data. This represents
a tenfold increase compared to the previous experiment. Furthermore, the
flush times were about 3% slower than the highest median write time.
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Figure 5.9: Box plots of the time spent writing each batch of 1,000 events to the lakehouse
tables during the first hot run, in seconds.

SUT Median (ms) | IQR (ms)
DuckLake 77.439 6.942
Iceberg (Pylceberg) 644.842 84.695
DuckLake + Inlining 189.746 10.625
Iceberg (DuckDB) 160.086 8.189

Table 5.5: Median and interquartile range, in milliseconds, of the box plots presented in
Figure 5.9.

Run number | Flush time (s)
0 2.287
1 1.992
2 1.974

Table 5.6: Time taken by each DuckLake + inlining run to flush the inlined batches of
data to a single Parquet file, in seconds.

Looking now at Figure 5.10, we can see that write times behave in a
similar way as the previous experiment. When using Iceberg with Pylceberg,
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we see the same effect where write times get larger as more events are added
to the Iceberg table, which again explains the bigger spread of Iceberg’s write
times presented in Table 5.5. DucklLake + DuckDB had the lowest and more
consistent write times, with the other two SUTs presenting occasional spikes
in write times, but staying mostly consistent throughout the experiment run.
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Figure 5.10: Scatter plots of the time spent writing each batch of 1,000 events to each
SUT during the first hot run, in seconds.

5.2.3 Read times

The read times of all runs (Figure 5.11) were very similar to each other,
with the Q3 for all box plots being below 0.1 milliseconds. We can again
confirm that no SUT had an unfair advantage caused by significantly faster
read times of our benchmark tool.

5.2.4 CPU usage

In terms of CPU usage, all systems presented very similar percentages through-
out their runs, as we can see in Figure 5.12. DuckLake instances showed
slightly higher CPU percentages overall than Iceberg. We also see that all
four runs had a dip and spike around halfway through, which is likely due
to some underlying operation running in the local machine’s OS.
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Figure 5.12: CPU usage percentage measured at every second throughout the first hot
run of writing batched events to each SUT.
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Chapter 6

Discussion

6.1 DuckDB vs. Pylceberg

We would first like to discuss the differences observed between DuckDB
and Pylceberg, when running experiments with Iceberg. The difference in
throughput between the two clients was considerably large when writing both
individual events and batches of events.

6.1.1 Faster write operations

If we look at the experiments where events were written one by one to
the Iceberg table, we see that Parquet files written by DuckDB are 2.9
kB in size, while Pylceberg produced files of 8.2 kB. This difference of
almost 3x in size is surprising, given that both clients were configured to
use snappy compression (Section 4.2.2). We believe this difference might
be caused by Pylceberg not applying compression to files that contain few
rows. Our reason for this claim is that when writing batches of 1,000 events,
both DuckDB and Pylceberg produced Parquet files of similar size, ranging
between 37 kB and 40 kB.

We expect similar internal differences to be present in the implementation
of DuckDB’s and Pylceberg’s JSON and Avro writers as well. For instance,
Iceberg’s metadata JSON files will grow larger with time because they contain
all the data from previous metadata files. As a consequence, write times will
increase after each append, as we observed in Figure 5.4. However, the write
times of DuckDB increased at a much slower rate than Pylceberg’s did. We
believe this difference is thus linked to a more efficient implementation of
DuckDB’s metadata writer. This would also explain why DuckDB was still
faster than Pylceberg when writing batches of 1,000 events, given that the
Parquet file sizes were similar between both clients in that case.

Based on the performance difference between DuckDB and Pylceberg,
we focus the rest of our discussion on Iceberg + DuckDB, following the
guidelines of fair comparison presented in [38].
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6.2 Single events vs. batches

6.2.1 Throughput

Writing events in batches significantly improved the throughput of all sys-
tems. This is also reflected by the increase in the median write time relative
to the increase in events written per file. While we increased the latter by a
factor of 1,000, the former increased by 20x at most (DuckLake + Inlining).
This performance increase is directly tied to how Parquet files work: The
file format is meant for efficiently storing compressed columnar data in row
groups, so that it can be used for analytics tasks [37]. It also stores metadata
to further improve read efficiency. Consequently, the overhead associated
with writing a Parquet file makes it more well suited for multiple rows
(events) per file, rather than a single row. In fact, the recommended row
group size is between 512 MB and 1 GB [36].

Despite the performance gains brought by writing data in batches, we
would like to stress the significant differences between Iceberg and DuckLake
when writing individual events. The results presented in Figure 5.1 highlight
the impact of each system’s design on their throughput: Every insert oper-
ation in Iceberg will create four files (one data file, one manifest file, one
manifest list and one metadata file), and a catalog transaction, that all need
to be written sequentially. In addition, the metadata file will become larger
each time, thus causing longer write times after each insert (Figure 5.4). By
contrast, writing in DuckLake involves writing a Parquet file and performing
a transaction to the catalog server. This difference in the design of each
system leads to a throughput that is about 12x higher (Figure 5.1).

6.2.2 Total bytes written

When comparing Tables 5.1 and 5.4, we noticed the median for all SUTs
was lower when writing batched events than when writing individual events,
even though the total number of events was higher in the former setting.
This difference can be explained by batched events producing fewer files
overall than individual events, as well as Parquet files being compressed. To
illustrate this, we looked at the amount of files, and their total size, produced
across the three runs of Iceberg + DuckDB and compiled the results in Table
6.1.

Writing events in batches produced almost 6x fewer files, while data
files only took roughly twice as much space on disk. These improvements
highlight the advantage of Parquet’s compression, considering that writing
events in batches was able to process about 4;34’880 ~ 172! times more events
than writing events one by one. ’

!These values were obtained by approximating the total events consumed by Iceberg
+ DuckDB in Figures 5.1 and 5.7
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Data files Metadata files
Amount Size Amount Size
Individual 7,249 21.4 MB 21,785 5400 MB

Batched 1,242 46.4 MB 3,732 183.5 MB

Table 6.1: Comparison between the amount and total size of data and metadata files
produced by DuckDB in Iceberg when writing events one by one (Individual) and in
batches of 1,000 (Batched).

Furthermore, the gains on metadata files were also substantial, where the
disk space used dropped from 5.4 GB to 183.5 MB, representing a decrease
of about 29x in size.

6.2.3 Data inlining

Interestingly, enabling data inlining for DuckLake worsened its performance
when writing batched data. In fact, Iceberg + DuckDB was also able to
consistently write more events than DuckLake + inlining. This is a surprising
result, because inlining does not write any Parquet files, but rather just
stores them in the catalog database as part of the transaction. However, the
database still writes that data to disk and, in the case of PostgreSQL, that
data is stored in a row-based way |50|, whereas the data being inserted has
a columnar format. Converting from one representation type to another can
lead to overhead, especially for larger batches of data.

In addition, we saw in Table 5.4 that DuckLake with inlining had the
highest median number of bytes written to disk. This difference could be
explained by the catalog database (PostgreSQL in this case) not compressing
the data or compressing it less than the Parquet data. As a consequence,
inlining would take more bytes, and thus more time, than directly writing
Parquet files for larger batches of data.

It is also worth mentioning that the inlining feature of DuckLake is
recommended for small appends/changes by its developers [14]. So although
this feature can be configured for any threshold, it is likely to yield better
performance gains for lower amounts of inlined data.

6.3 Data inlining trade-off

Although inlining data in DuckLake did not yield better results for batched
data, it did improve the throughput of DuckLake by about 7.5% when
writing individual results. There is still the cost of eventually flushing
the inlined data to disk, but that took only around 200 milliseconds for
roughly 30,000 events (Table 5.3). By contrast, if we individually insert
30,000 events to a DuckLake table and then merge the resulting 30,000 files
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using DuckLake’s ducklake_merge_adjacent_files function [15], it takes
about 13 seconds. It is important to realize that merging small files together
is a recommended maintenance step in lakehouse tables, so that read per-
formance is not hindered [3], [15], [31]. Therefore, the inlining feature of
DuckLake offers a big advantage when small, frequent events are inserted
into a DuckLake table, by minimizing the need of merging data files.

6.4 Research questions

Sub-question 1 "What are the current state-of-the-art benchmarks
for lakehouses?" was answered by our literature review in Chapter 3. Our
findings show that the current state-of-the-art benchmarks for lakehouse sys-
tems focus on read performance, as well as insertion performance of bulk
data. In addition, we could not find any previous works that evaluated the
throughput performance of lakehouse systems when inserting streams of data
into them.

Sub-question 2 "What are common patterns used in benchmarks
for stream processing systems?" was also answered in Chapter 3, where
we found that most benchmarks for evaluating streaming systems use a Kafka
broker for ingesting a variety of datasets, and measure the usage of system
resources, such as CPU, main memory, network and disk. In addition, many
benchmarks measure system throughput and processing latency.

When translating those findings to our research (Chapter 4), we concluded
that throughput was the main metric to focus on, but we also collected usage
metrics for CPU and disk I/O for a more in depth analysis of the results. We
used Kafka to ingest the TLC Trip Record Data dataset into our benchmark,
although we believe any dataset with enough records would have sufficed for
the purposes of our research.

Sub-question 3 "How can we ensure our benchmark is actually
fair?" was answered in Chapter 3, where we summarized the work of Raasveldt
et al. [38]. We found that there are many aspects to ensure a fair bench-
mark, such as separating cold and hot runs, reporting hardware and software
details for reproducibility and making sure the SUTs provide equivalent
functionality.

Sub-questions 4 "What is the difference in performance of current
lakehouse systems when evaluated with our benchmark?" and 5
"What is the performance gain of the "data inlining" feature of
DuckLake in comparison to other lakehouse formats?" were both
answered in Chapters 5 and 6. The throughput of DuckLake at inserting
individual events was much higher than Iceberg’s and enabling inlining only
increased that difference. When inserting events in batches, Iceberg was
able to close in the gap with DuckLake, but the latter still delivered a higher
throughput. Inlining also turned out to not be advantageous when writing
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batches of data, as it performed worse than DuckLake without inlining.
Finally, we learned that using different clients for interacting with lakehouses
can have a huge impact in performance due to internal implementation
differences.

6.5 Limitations and future work

Although we did our best to make sure experiments were fair, it is important
to acknowledge their limitations.

Firstly, the experiments were carried out on a single machine, where all
services were running in parallel. This means that processes could interfere
with each other when trying to acquire system resources, resulting in noise in
the data. We believe this is why we observed outliers in our data, especially
when looking at CPU usage (Figures 5.6 and 5.12) and bytes written per
second (Figures 5.2 and 5.8).

Additionally, we believe that running experiments at a larger scale could
add more value to our results. Lakehouses usually run in distributed cloud
environments, where they are connected to a separate catalog server and
storage system. However, running experiments in such an environment
brings its own challenges, such as orchestrating multiple cloud services,
scaling up services accordingly and accounting for network latency. This
would be an interesting challenge to tackle by future work.

Furthermore, our research focused on a scenario where only one client
inserts data into the lakehouse tables. However, in many real-life scenarios,
data streams are produced by multiple clients, resulting in concurrent insert
operations. Evaluating lakehouse systems under those conditions would
give more insight into how each of them performs when there are frequent
conflicting inserts.

Finally, due to unforeseen circumstances, we could not include Delta
Lake in our comparisons. Benchmarking it in the future would provide a
more complete picture of the current landscape of lakehouses at handling
streaming data. Based on our results, we expect Delta to perform better
than Iceberg, but worse than DuckLake when inserting individual events.
This is based on the way that Delta handles inserts by creating a new log
file, and possible checkpoint file, on top of writing Parquet data. This process
involves less steps than when inserting into Iceberg tables, and the use of
checkpoint files would help keep write performance at a constant rate, since
the log files will not grow indefinitely as more data is appended.
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Chapter 7

Conclusion

In this work we set out to evaluate the throughput of streaming data in
modern lakehouse systems. The final product was a publicly available bench-
mark tool that can be used to reproduce the results reported in this thesis,
as well as evaluate other lakehouses, e.g. Delta Lake, in the future. Other
sub-questions have been summarized in Section 6.4.

Our results showed that DuckLake has a clear advantage over Iceberg
when constantly inserting individual streaming events. The biggest gain
in performance comes from DuckLake’s architectural design, which avoids
writing metadata to separate files, by using a catalog database for tracking
metadata and handling transactions. In addition, Iceberg’s throughput de-
creases over time, due to a constant increase in size of the metadata files,
which store all previous snapshots of the Iceberg table.

When writing data in batches, Iceberg’s throughput improved signifi-
cantly, especially when paired with DuckDB, instead of Pylceberg. This
last point also highlights the importance of fair benchmarking, since using
different clients dramatically changed the results obtained with Iceberg.

When experimenting with the data inlining feature of DuckLake, we
observed moderate improvements in its throughput. However, the biggest
advantage of inlining is that the data can be flushed faster to a single
Parquet file, than having to merge all individual Parquet files after they
have been inserted. This reduces the need of running compaction of data
files and benefits read performance. When it comes to inserting batched
data however, the inlining feature decreased DuckLake’s performance, which
is likely related to the catalog database converting data from a columnar
representation to a row-based one.

Based on these results, we would recommend using DuckLake with data
inlining enabled instead of Iceberg for writing individual streaming events to
a lakehouse table at the highest throughput. When writing data in batches,
we would also advise using DuckLake, but without data inlining, as we found
that Iceberg’s metadata files will grow in size with more inserts, thus slowing
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down the system over time.

Finally, we would like to point out that lakehouses are relatively new and
evolving. Consequently, there are still few works that evaluate them, and the
existing ones focus on their read performance and bulk data loading tasks.
Our work is a first attempt at gauging the ability of lakehouse systems at
consuming continuous streams of data. We hope to provide a baseline for
similar benchmarks in the future.
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Appendix A

Additional results

A.1 Writing events one by one
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Figure A.1: CPU usage percentage measured at every second throughout the cold run of
writing individual events to each SUT.
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Figure A.2: CPU usage percentage measured at every second throughout the second hot
run of writing individual events to each SUT.
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Figure A.3: Boxplot of bytes written to disk at every second when inserting individual
events to each SUT (cold run). The measurements were taken at intervals of 1 second.
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Figure A.4: Boxplot of bytes written to disk at every second when inserting individual
events to each SUT (second hot run). The measurements were taken at intervals of 1
second.
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Figure A.5: Box plots of the time spent writing each individual event to the lakehouse
tables during the cold run, in seconds.
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Figure A.6: Box plots of the time spent writing each individual event to the lakehouse
tables during the second hot run, in seconds.
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Figure A.7: Scatter plots of time spent writing individual event to each SUT during the
cold run, in seconds.
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Figure A.8: Scatter plots of time spent writing individual event to each SUT during the
second hot run, in seconds.
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Figure A.9: Box plots of the time spent reading individual events from Kafka during the
cold run of each SUT, in seconds.
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Figure A.10: Box plots of the time spent reading individual events from Kafka during the
second hot run of each SUT, in seconds.

A.2 Writing events in batches of 1,000
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Figure A.11: CPU usage percentage measured at every second throughout the cold run of
writing individual events to each SUT.
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Figure A.12: CPU usage percentage measured at every second throughout the second hot
run of writing individual events to each SUT.
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Figure A.13: Boxplot of bytes written to disk at every second when inserting individual
events to each SUT (cold run). The measurements were taken at intervals of 1 second.
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Figure A.14: Boxplot of bytes written to disk at every second when inserting individual
events to each SUT (second hot run). The measurements were taken at intervals of 1

second.
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Figure A.15: Box plots of the time spent writing each individual event to the lakehouse
tables during the cold run, in seconds.
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Figure A.16: Box plots of the time spent writing each individual event to the lakehouse
tables during the second hot run, in seconds.
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Figure A.17: Scatter plots of time spent writing individual event to each SUT during the
cold run, in seconds.
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Figure A.18: Scatter plots of time spent writing individual event to each SUT during the

second hot run, in
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Figure A.19: Box plots of the time spent reading individual events from Kafka during the
cold run of each SUT, in seconds.
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Figure A.20: Box plots of the time spent reading individual events from Kafka during the
second hot run of each SUT, in seconds.
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