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ABSTRACT
Data lakes aim to avoid vendor lock-in and enable interoperability
between different query engines on a single copy of data. While
early data lakes were only collections of files in various formats,
they have since evolved to incorporate some features traditionally
associated with relational databases. Today, Apache Parquet is the
de facto standard file format for relational data in data lakes. This
standardization is fundamental to interoperability, but it comes at
the cost of physical data independence because query engines inte-
grate tightly with Parquet. As a result, adoption of novel approaches
in the areas of file formats, access paths, and storage media has been
limited. We propose the Active Data Lake architecture as a way to
restore physical data independence and demonstrate its potential
experimentally through three example optimizations.
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1 INTRODUCTION
Lakehouse architecture. The lakehouse architecture [82] has
gained significant traction as a paradigm for data storage and ana-
lytics in the cloud. The lakehouse aims to unite the benefits of the
data lake, namely interoperability between query engines through
a single copy of data in open formats, with the performance and
seamless user experience of a data warehouse. Traditional data lakes
store data in open formats such as Apache Parquet [33] loosely or-
ganized in directories. Lakehouse systems extend this design with a
layer of metadata and a transaction protocol. These enhancements,
known as Open Table Formats (OTFs), improve performance and
restore essential database features such as ACID transactions and
schema evolution to the data lake setting. The most widely adopted
OTFs are Apache Iceberg [31], Delta Lake [4], and Apache Hudi [28].
Today, all major open-source systems and cloud data warehouses
support at least one OTF [9, 18, 22, 25, 45, 50, 59, 63, 69, 80].
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Parquet and format ossification. The Parquet file format has
become the de facto standard for interoperability and is deeply inte-
grated into most query engines. While the lakehouse (and data lake)
approach of giving query engines direct access to a standardized
file format achieves the goal of interoperability, it has stifled innova-
tion on the storage layer. Should any engine start writing data in a
format other than Parquet, interoperability breaks, thereby limiting
real-world adoption of alternative file formats. Not only have file
formats with faster decoding schemes such as BtrBlocks [49] or
FastLanes [1, 2] not seen meaningful real-world adoption, even Par-
quet encodings that were added a decade ago (Parquet v2) remain
underutilized due to concerns that the consuming engine might
lack support for the used encoding and thus be unable to read the
produced file [48]. While recent efforts on self-describing encod-
ings [39, 83] enable the evolution of encodings, the evolution of
entire file formats remains unsolved.
Limitations of lakehouses. Beyond stagnation in file formats, the
lakehouse architecture faces broader challenges. The responsibility
of optimizing the data layout is placed on individual clients or back-
ground services. Yet no component observes the entire workload,
making it difficult to identify the right optimizations. Indexing op-
portunities are limited: only zone maps and partitioning are used
to prune data, leaving significant potential for further optimization.
As a result, many vendors develop additional, proprietary accel-
eration layers, leading to duplicated efforts and undermining the
open ecosystem. Additionally, fine-grained governance is nearly
impossible, and many design decisions of current table formats are
based on the properties of (disk-based) object stores.
Compromised physical data independence. A key principle of
relational databases is the ability to modify the physical storage for-
mat without requiring changes to application logic. This principle,
known as physical data independence, is one of Codd’s twelve foun-
dational rules for relational database systems [13], and has been
a cornerstone of database system architecture. In the lakehouse
ecosystem, however, the database has been decomposed into query
engine and storage layer, with the query engine effectively acting
as an application from the storage layer’s perspective. Since the
storage layer in modern lakehouses is only a passive repository of
files, it lacks the ability to provide physical data independence. The
authors of the original lakehouse paper acknowledged this limi-
tation [82] but dismissed its impact, arguing that lakehouses still
achieve state-of-the-art performance. While a system that directly
exposes data files may be performant at any given moment, it is
inherently difficult to evolve. Migrating to a new data file format is
prohibitively expensive, and being the first to adopt a new standard
comes at the cost of interoperability, creating strong incentives to
maintain the status quo. This has led to the stagnation of used data
encoding techniques that we observe today.
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Figure 1: The Active Data Lake architecture decouples the
physical data representation from the interface used for in-
teroperability by serving virtualized files (e.g. Parquet).

Active Data Lakes. In this paper, we propose the first architecture
that provides both interoperability and physical data independence.
Rather than exposing physical data representation through direct
access, we introduce a layer of abstraction that decouples the on-
wire representation used for interoperability from the physical
storage format. Traditional, passive data lakes require all query
engines to understand the same file format – in practice Parquet.
As the left-hand side of Figure 1 illustrates, this can lead to inter-
operability issues if a query engine is unable to read the stored
Parquet data. In contrast, the Active Data Lake is a server sitting
between query engine and storage, which allows access to the same
data through multiple interfaces and virtualization. For instance, it
allows data written in a new, native data format to remain accessi-
ble as a virtualized Parquet file, ensuring backwards compatibility
with engines that do not support the new format. This enables in-
teroperability between query engines, even if there is no file format
that both engines support. While the Active Data Lake architecture
introduces an additional network hop, usually between instances
in the same availability zone, the latency of this hop is negligible
compared to the latency of cloud object stores.
Contributions. (i) In Section 3, we propose an architecture that en-
ables both interoperability and physical data independence. (ii) We
demonstrate that file virtualization can achieve near-native perfor-
mance in Section 4. This allows offering multiple access methods to
a single copy of data. (iii) We show in Section 5 that the Active Data
Lake can transparently improve performance through prefetching.
(iv) In Section 6, we show that transaction rates can be significantly
improved while maintaining existing data lake interfaces.

2 RELATEDWORK AND BACKGROUND
2.1 Related Work
Data lake history: FromHDFS to lakehouse.Data lakes emerged
in the late 2000s as a response to the high cost and vendor lock-in
associated with traditional data warehouses. Early implementa-
tions ran on Hadoop [27] clusters, using HDFS [66] for storage
and MapReduce [20] programs for compute. Hive [79] introduced
declarative queries to the data lake ecosystem in 2010 through a
SQL interface. In 2013, Parquet [33] and ORC [32] were introduced
to standardize data layouts. Gradually, cloud object stores like Ama-
zon S3 replaced HDFS, enabling independent scaling of storage
and compute. To address reliability and consistency challenges,
OTFs such as Hudi [28], Delta Lake [4], and Iceberg [31] emerged
between 2016 and 2018. In 2020, Databricks introduced the term
lakehouse [82] to describe OTF-based architectures combining the
openness of data lakes with the performance of data warehouses.

DuckLake. In 2025, DuckLake [62] challenged the lakehouse archi-
tecture by opting to track metadata in a relational database instead
of using files stored on cloud object storage. DuckLake makes the
observation that despite OTFs’ efforts to rely exclusively on object
storage, a database is still required for (multi-table) transactions.
Based on this observation, DuckLake elevates the role of the data-
base from catalog to handling and storing all metadata in normal-
ized relational tables. This approach resembles the architecture of
systems like Snowflake and BigQuery, which use FoundationDB
and Spanner respectively for their metadata [15, 53]. The DuckLake
specification does not restrict the transactional DBMS choice as
long as the system supports basic SQL. While DuckLake rethinks
the metadata layer of the data lake, the data layer remains un-
changed and clients continue to directly access data in the form
of Parquet files on cloud object storage. Thus, DuckLake does not
achieve physical data independence.
Composable data systems. Our proposed architecture contin-
ues the trend of composable data systems [61] which breaks the
traditional database monolith into modular components that can
be mixed and matched to facilitate the development of special-
ized data systems. While current efforts decompose the database
into language frontend (e.g. Ibis [43]), optimizer (e.g. Calcite [8],
Orca [71]) and execution engine (e.g. DataFusion [51], Velox [60]),
they standardize the data storage layer as OTFs on cloud object
storage. Our architecture additionally allows for the modularization
and specialization of the data storage layer.
From unstructured files to managed tables. The evolution of
data lakes reveals the desire for and the trend towards warehouse-
like performance and functionality. This trend is far from complete
as ongoing efforts in the areas ofmulti-table transactions [42, 44, 46],
lower commit latency [74], table format agnostic data pruning [14]
and fine-granular access control [67], and cross-engine caching [36]
demonstrate. However, the current architecture of lakehouses can
only partially provide such functionality due to the lack of physical
data independence: Concurrent transactions on the same tables are
always conflicting, commit latency is bound by the (high) latency
of object stores, catalog based data pruning is table but not file
format agnostic, fine-grained access control requires trusting all
participating clients, and caching needs to be integrated into every
single client. In contrast, by providing physical data independence,
the Active Data Lake makes these features straightforward.

2.2 Advantages of Lakehouses over Data Lakes
Single table ACID transactions. Through their transaction pro-
tocols, OTFs promise ACID compliant transactions. This promise,
however, currently holds only for single-statement and single-table
transactions (and at very low speeds). All major OTFs are currently
working on removing this limitation [42, 44, 46].
Schema evolution. OTFs offer the ability to modify a table’s
schema without having to rewrite existing data files. To achieve
this, OTFs restrict possible schema changes, ensuring that existing
files remain interpretable and define clear semantics for reconcil-
ing possible differences between the table schema and the schema
defined in individual data files.
Learning 1. The demand for database-like functionality led to the
rise of lakehouse architectures.
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No reliance on listing operations. While data lakes need listing
operations to discover all files in the directory associated with a
table, OTFs avoid listing operations by explicitly storing the path
to all relevant data files in the metadata files. Listing operations
are problematic due to their considerable latency and the need for
sequential API calls as a single list API call returns at most 1,000
objects on AWS S3 [64] and 5,000 on Azure Blob Storage [6].
File-level pruning abilities. When processing very selective
queries over many data files, having to access each data file’s footer
only to determine that it does not contain qualifying data can sig-
nificantly degrade performance. OTFs store min/max statistics for
each column at file granularity to allow pruning entire files.
Learning 2. Raw data files alone can not match the performance
of a data warehouse. Additional, up-to-date metadata is needed for
competitive performance.

2.3 The Role of the Catalog
In relational databases, the catalog acts as the central repository of
metadata that defines the structure, organization, and access control
of data stored within the database. While a core idea of the data
lake and lakehouse architectures was to avoid always-on services
to eliminate potential sources of failure and improve availability,
all OTFs have since introduced such an always-on component in
the form of a catalog. Notable catalogs include Apache Polaris
(incubating) [37] and Project Nessie [58] for Apache Iceberg, and
Unity Catalog [12, 16] for both Iceberg and Delta Lake. Iceberg
has introduced a language-agnostic REST API [29] to unify the
interfaces of different catalog implementations.
Discoverability. The catalog exposes APIs to list managed tables
and maps logical table names to physical locations. Without a cat-
alog, each engine must be manually configured with the physical
paths of individual tables.
Governance. Catalogs enable role-based access control by hid-
ing unauthorized tables from listings or using credential vending
to grant clients temporary access to the underlying storage after
authentication.
Transaction handling. In Apache Iceberg, the catalog is respon-
sible for atomically swapping the pointer to the current top-level
metadata file, which is usually implemented using a relational data-
base. In Apache Hudi and Delta Lake, the catalog is currently not
involved with transactions. However, current proposals [42, 46]
would introduce a dependency on the catalog for multi-table trans-
actions despite the existence of catalog-avoiding approaches [40].
Scan planning. A recent addition to the Iceberg catalog REST
specification is a catalog-driven scan planning API [14]. Currently,
each client has to implement parsing of Iceberg’s three metadata
file types and file-level pruning based on partitions and zone maps.
The new API allows clients to delegate determining which data files
need to be accessed for a query to the catalog by communicating
their table-level filters. This development introduces new oppor-
tunities: By offloading metadata parsing and data pruning to the
catalog, clients can abstract away table format details, extending
read interoperability to any engine capable of reading Parquet files.
Additionally, catalogs can implement optimizations that were previ-
ously infeasible, such as leveraging secondary index structures not
defined by the Iceberg specification for more efficient file pruning.

Learning 3.While a key design paradigm for data lakes was to rely
solely on files stored on cloud object storage, an active component
(the catalog) had to be reintroduced. The trend of delegating increas-
ing responsibility to the catalog clearly shows that a significant
share of users can accept active components in their architecture.

3 ACTIVE DATA LAKES
Data lakes and lakehouses. Data lakes achieve interoperability
by standardizing the storage format, and reduce vendor lock-in
by storing data in customer-owned buckets on cloud object stor-
age. However, in doing so they require tight integration with the
chosen standard file format and storage device by systems access-
ing the data lake. As such, they lose the concept of physical data
independence, a concept that allows database systems to evolve
their internal data format and access paths without requiring every
application to be updated to support the new data format.
Active Data Lakes. We propose the Active Data Lake architecture
as the first architecture to achieve both interoperability and physical
data independence. The Active Data Lake architecture distinguishes
itself from the traditional data lake architecture by treating the
storage layer as a first-class citizen, making it a standalone, active
component instead of a collection of passive (meta-)data files. This
decision advances the current trend in lakehouses that rely more
and more on an active component in the form of the catalog in
order to offer data warehouse-like functionality and performance.
A clear distinction from current architectures is the decision not
to allow direct reads from storage. All read and write operations
pass through the Active Data Lake, making it a central component
that is capable of making workload-driven decisions. A dedicated
service for storage allows offering query engines multiple access
methods for the same physical copy of data through the means of
virtualization. This approach decouples the on-disk and on-wire
representations, restoring physical data independence.
Virtualized access. The Active Data Lake offers clients the ability
to request data as virtualized files in a format that may be distinct
from the native representation. These virtual files do not need to
be materialized, but can be transcoded efficiently (see Section 4)
into the target format when requested. Internally, the Active Data
Lake can use a native format that offers better performance than
Parquet. Depending on the query engine’s capabilities, it can either
request the data as a Parquet file, prompting on-the-fly transcoding
of the requested data for each HTTP range request or ask the
Active Data Lake for the data in the native format, in which case
no transformation is necessary and the engine can profit from the
improved performance of the native file format.
Virtualization enables format evolution. To illustrate how the
Active Data Lake’s virtualization capabilities enable the evolution
of file formats, consider the scenario depicted in Figure 1. Query
engine B has implemented file format X as a replacement for Apache
Parquet, which is the current data file format for a particular table.
Meanwhile, query engine A still only supports Parquet and has no
plans to implement support for format X, for example due to its lack
of adoption. Without virtualization, interoperability breaks as soon
as engine B starts writing data in the new format X. When using
the Active Data Lake, however, query engine A still has the ability
to access the entire table, with the data represented as a collection
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Figure 2: Read query life cycle in the Active Data Lake.

of Parquet files. Years later, when format X has gained adoption, a
newly developed query engine C may support only format X and
not Parquet. Although query engine A has still not added support
for X, query engines A and C can work on the same physical copy of
the data through the Active Data Lake’s virtualization capabilities.
While optimal performance still requires support for the physical
file format, it is no longer needed for interoperability.

3.1 The Active Data Lake in Action
To better understand how the Active Data Lake interacts with other
components, we examine the lifecycle of a read query as illustrated
in Figure 2. The Active Data Lake sits between the execution en-
gines and the physically stored data, allowing it to observe all
changes to the data. In Section 8.1, we discuss the impact of such a
central component on bandwidth, scalability, and availability. Its
interface exposes an internal catalog, which allows the ecosystem
to discover available tables and views. The Active Data Lake is
also responsible for collecting up-to-date statistics, which can be
used by the optimizer to generate an optimized plan for the current
query. The query engine initiates a transaction, communicating
what tables it intends to read together with their filter predicates.
The Active Data Lake then provides a consistent snapshot of the
data for the duration of the transaction. The query engine then
accesses the already partially filtered data from the Active Data
Lake, reducing the amount of data that needs to be transferred and
allowing the Active Data Lake to use advanced data pruning and
indexing techniques internally.

3.2 Architectural Simplification
The attentive reader might have noticed that the internal architec-
ture of the Active Data Lake shown in Figure 2 closely resembles
the internal architecture of a traditional database system. In this
section, we discuss how the Active Data Lake architecture deviates
from the architecture of existing data lakes, a return to the layered
architecture of database systems, and highlight key differences be-
tween the Active Data Lake and classical database systems. We
focus on the storage layer. Other database system components such
as the execution engine, optimizer, and parser are summarized as
the query layer. We distinguish between logical data, access paths,
physical data, and storage device integration. Figure 3 illustrates our

analysis and sketches the architectures of data warehouse, data lake,
lakehouse, DuckLake, and the Active Data Lake. Arrows indicate
necessary integrations with non-adjacent layers.
Database systems. Database systems and data warehouses are
inherently complex systems. To manage this complexity, they tradi-
tionally have a layered architecture. Each layer adds some form of
abstraction and only needs to integrate with the layer directly below
it. This architecture allows the evolution of individual components
without requiring changes to the entire system. In particular, appli-
cations only need to integrate with the logical data representation,
namely the relational model, through SQL, giving the warehouse
the ability to evolve the internal data format and processing engine.
Traditional interoperable architectures. Traditional architec-
tures for interoperability depart from a layered architecture and
require tight coupling between all clients and both the chosen data
file format and underlying storage medium. In pure data lakes, each
engine must independently handle access path selection and main-
tain the mapping between logical and physical data. Lakehouse ar-
chitectures shift this responsibility to the Open Table Format (OTF)
and the catalog, requiring additional integration efforts. DuckLake
unifies the two layers into a relational database with a specific
schema but still requires every client to integrate with the chosen
database schema as well as file format and used storage device.
Active Data Lake. Our architecture elevates the storage layer to
a fully-fledged active component. This makes it possible to define
a clean interface between query and storage layer which does not
necessitate a tight integration of each client with access paths,
physical data, and storage devices, simplifying integration with the
Active Data Lake. The design follows our learnings from Section 2:
We emphasize the active component as it allows us to reintroduce
additional database features that are not possible in the lakehouse
architecture. Internally, the Active Data Lake can use a clean layered
architecture just like the lower levels of a database system.
Active Data Lake vs DBMS. Despite their similar internal archi-
tectures, fundamental differences between Active Data Lakes and
database systems remain. Unlike database systems, which tightly
couple storage and a proprietary query engine, the Active Data
Lake only handles the storage layer. This separation of concerns
continues the trend of composable data systems and enables inter-
operability between specialized data processing frameworks on a
single copy of the data.

3.3 Additional Benefits
Data access path innovations. Indexing capabilities of existing
data lakes are limited: Iceberg and Delta Lake only support parti-
tioning and zone maps to eliminate entire data files. While Hudi
supports indexes such as bloom filters, hash-partition-based pri-
mary keys, and storing user-defined indexes as black box binary
objects [35], the responsibility for using the indexes is again put on
the client, leading to the risk that some clients can not use the index
structures. This risk is particularly high for user-defined indexes.
Not only do these clients miss out on the performance benefits of a
particular index, but their inability to update the index leads to stale
index structures. The Active Data Lake, in contrast, can use and
maintain any index internally without requiring implementation
effort from query engines, enabling fast innovation.
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Logical data independence. Logical data independence allows
changing logical structures, e.g., the schema of a table, without
breaking applications. Views are crucial for logical data indepen-
dence by acting as a stable abstraction layer between the physical
schema and application logic. Support for views in OTFs is limited;
Hudi does not support them at all, Iceberg and Delta Lake support
defining views within the catalog [17, 34]. Their implementation is
limited to storing a SQL string and passing it to the client for eval-
uation. The client is responsible for assembling the view, making
it vulnerable to schema changes in the underlying table. Conse-
quently, these formats fall short of full logical data independence.
In contrast, the Active Data Lake handles views internally, enabling
true logical data independence.
Flexible storage media. The virtualization offered by the Active
Data Lake abstracts the physical location of the data. This not only
allows clients to access data stored on devices they do not natively
support, but also opens up further optimization opportunities. For
instance, an Active Data Lake implementation could implement
a cross-client caching layer, which is completely transparent to
all involved engines. While current efforts in Hudi [36] also work
towards cross-client caching, direct access necessitates integration
with all participating clients. More generally, the Active Data Lake
can transparently implement tiered storage, using low-latency stor-
age for frequently accessed data and metadata, cloud object storage
for cold data, and archival storage services such as Amazon S3
Glacier [5] for historical data. In Section 5, we show how the Active
Data Lake can be used to improve the performance of clients for
environments they are not designed for.
Workload-aware optimizations. Current data layout optimiza-
tions are either best effort or user defined. The reason for this is
that individual clients have limited knowledge of the total work-
load on the data lake. In an extreme, but realistic case, a particular
client’s sole responsibility might be to load data into the data lake
while entirely different clients are used to process the imported
data. Thus, it is difficult to assess whether data should be optimized
for frequent reads, or should be compressed aggressively to reduce
storage costs. In contrast, the Active Data Lake is a central compo-
nent involved in all read and write operations. As such, it can keep

track of global workload statistics across all clients, such as how
often data files are accessed and whether they contained any data
matching the query. Based on this information, the Active Data
Lake can accurately estimate the impact of index structures and
can use techniques such as Smooth Predicate Acceleration [11] to
automatically create only the indexes that result in a reduction of
total workload cost.
Governance. Many organizations require the ability to define and
enforce access control policies to ensure compliance with legal, or-
ganizational, or ethical standards, for instance to restrict or monitor
access to sensitive information. While the Iceberg REST specifica-
tion allows catalogs to use vended credentials to enforce access
control at table granularity by only granting clients temporary ac-
cess to the files that are part of the table, this approach only works
at a file granularity. Current proposals to allow column or row-level
access control can be divided into two categories: (1) trusting every
query engine to enforce the access policies correctly or (2) having a
(set of) trusted query engine(s) running in an isolated environment
that pre-filter or mask sensitive data. Both approaches have sig-
nificant drawbacks. Trusting every client opens additional attack
vectors as for instance the UDF implementation could be used to
inject malicious code or engine side caching could be exploited by
malicious programs running on the same machine. The alternative
approach relies on engine-specific interfaces to communicate in-
tended filtering and transfer data. One example of this approach is
Databricks Lakeguard [41], which uses Spark Connect API [72].
Optimizations apply to all query engines. Individual vendors
such as Snowflake [23] or BigQuery [53] collect statistics on top of
the information stored in OTFs to improve performance. Dremio
and Starburst go a step further by creating variants of a materialized
view that is transparently used at query time, but only accessible to
their proprietary engines [21, 75]. The vendor specific storage layer
enhancements can lead to a performance based vendor lock-in as
competing query engines can not leverage these vendor specific
optimizations. The Active Data Lake allows all query engines to
leverage internal optimizations without integration effort.
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3.4 A Compatible Way Forward
Despite the many benefits offered by the Active Data Lake archi-
tecture, one might worry about the effort and cost associated with
migrating to a new architecture. Fortunately, a gradual transition to-
wards Active Data Lakes is possible. Management of existing tables
can be transferred to the Active Data Lake by simply informing it
of the location of current metadata in OTF format and deactivating
direct access to the transferred tables. The Active Data Lake then
uses the current data layout as a starting point for optimization
without having to physically copy data. The Active Data Lake then
analyzes the workload and gradually applies optimizations such as
rewriting the data in a more efficient format. To be more precise,
we envision a transition in two stages:
1. Emulation of Iceberg metadata. By implementing the Iceberg
REST Catalog API [29], the Active Data Lake can communicate
the latest metadata location to the clients. This location can be
any service compatible with the interface of cloud object storage,
including the Active Data Lake itself. By redirecting the metadata
and subsequent data file requests to itself, the Active Data Lake
can produce the requested files on demand. This enables the flex-
ibility of abstracting away the actual location and format of the
data. However, the lack of communicated intent for the requests
prevents the Active Data Lake from pruning any data.
2. Iceberg scan planning API. Integrating with the yet to be
adopted Iceberg Scan Planning API allows moving data pruning
abilities from the query engines to the Active Data Lake.

4 BENEFIT 1: FILE VIRTUALIZATION
4.1 Motivation and Background
Network bandwidth improvements. Early cloud environments
were limited by low-bandwidth networks, making general-purpose
compression schemes such as Snappy or LZ4 crucial. However, with
recent advances in cloud networking, single instances now have
network bandwidths of up to 600 Gbit/s [76]. As a result, the de-
compression speed of general-purpose compression schemes has re-
placed network bandwidth as themain performance bottleneck [49].
While general-purpose compression schemes are optional in Par-
quet, they are essential for achieving significant compression.
Emergence of new file formats. To overcome the decompres-
sion bottleneck limiting scan throughput, recent file formats have
emerged that apply lightweight, recursive encoding schemes in-
stead of general-purpose compression. These include BtrBlocks [49],
FastLanes [1, 2], Nimble [26], Lance [52], and Vortex [73].
Parquet is here to stay. Despite these technical advances, none
of the newer formats has achieved widespread adoption. This is
not due to the technical superiority of existing systems but because
the ecosystem around data processing is resistant to change. In-
troducing a new file format breaks compatibility with the existing
ecosystem. Thus, no engine has an incentive to adopt a new format
unilaterally and query engines prioritize optimizing support for
established formats, where improvements yield immediate benefits.
Goal. In this section, we show that we can efficiently translate
between different formats and encodings, enabling the use of differ-
ent encodings for the on-wire representation than for the on-disk
format. This capability allows internal formats to evolve even with
encodings that not all engines can understand. In this section, we

show that the Active Data Lake enables saving data in a new format
while maintaining compatibility with engines that are only capa-
ble of reading Parquet files without significantly impacting their
performance. To ensure this, we have the following goals:
(1) Throughput comparable to direct reads without upfront latency.
(2) Complete transparency to the querying engine.
The second point not only ensures compatibility with existing
engines but also allows us to leverage the engine’s built-in per-
formance optimizations for Parquet files such as projection and
pruning based on the footer zone maps. Leveraging the engine’s
native capabilities is essential for good performance, as the Active
Data Lake, at this stage, is not aware of the intent/semantics of the
current query and thus is unable to pre-filter the data. As we can
not predict which row groups are pruned, and engines might have
optimizations that combine requests for nearby column chunks, we
need to support answering requests for arbitrary ranges.
Parquet. Parquet partitions a table horizontally into row groups.
Within a row group, data is vertically partitioned into column
chunks, which are further divided into data pages. Each data page
may use a different encoding and is compressed independently
using general-purpose techniques. As a self-describing format, each
Parquet file includes a variable-sized footer containing the data
schema and column chunk statistics to support pruning. Metadata
is serialized using Apache Thrift’s [68] TCompactProtocol [78].
BtrBlocks. BtrBlocks offers higher decompression speeds than
Parquet while maintaining a comparable compression ratio [49] by
replacing general-purpose compression with recursively applied
lightweight encoding schemes. Unlike Parquet, BtrBlocks stores
each column in a separate file and splits columns into parts of equal
post-compression size. This splitting occurs at the granularity of
chunks, each containing 65,536 tuples and using its own encoding
configuration. Each chunk is encoded individually using its own set
of encodings. A separate metadata file stores the table schema, maps
chunk indices to files, and records per-chunk min/max statistics.

4.2 Implementation
Naive approach. The emergence of Apache Arrow [30] as a com-
mon in-memory format for columnar data has led to widespread
support across file format libraries for reading from and writing to
Arrow. This makes converting between file formats appear straight-
forward: load the source file into Arrow, convert it to the target
format using existing libraries, and serve the result over the net-
work. However, this approach faces several practical limitations:
(1) Full file reads: Query engines first request the file footer con-
taining column chunk offsets. Since Parquet’s compressed chunk
sizes are unknown without actually performing the conversion, the
entire file must be read and converted. However, this eliminates the
benefits of PAX [3] based file formats and introduces high upfront
latency, violating our first design principle. (2) Limited memory size:
Materializing the full file in memory requires loading all columns
and row groups, even those irrelevant to the query. For large files
or concurrent queries, this can exhaust memory and trigger disk
spills, adding further latency. Therefore, the naive eager conversion
strategy is not suitable. Instead, we need to read and convert only
the requested parts of a file on-the-fly.
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Figure 4: Each chunk in BtrBlocks, corresponds to a column
chunk containing a singular data page in Parquet.

On-the-fly conversion. The requirement of having to compute
the entire metadata upfront imposes the constraint of being able
to predict the location of individual column chunks within the file
before actually reading and converting any data. As the offset of a
column chunk depends on the sizes of all preceding column chunks,
we need to be able to accurately predict the size of each column
chunk from the metadata alone. However, this is not possible for
general-purpose compression schemes, as their compression ra-
tio depends on the exact data distribution. The same reasoning
prohibits the use of encoding schemes where the size of the result-
ing data can not be predicted from metadata. Thus, our on-the-fly
conversion does not use compression or most encoding schemes,
resulting in the virtualized Parquet file being much larger than its
native counterparts. Due to the increase in network bandwidth in
public clouds, transferring data is no longer the main bottleneck,
making this approach viable. Figure 4 illustrates the mapping from
data in the BtrBlocks format into the right position in the Parquet
file format.
Calculatingmetadata byte size. Parquet row groups include only
minimal metadata : data page headers, repetition levels for null val-
ues, and definition levels for nested structures. Data page headers
use variable-length integer encoding via the Thrift TCompactPro-
tocol’s uleb128 scheme, causing their size to be variable. However,
the byte size of an uleb128-encoded integer 𝑛 can be efficiently
computed as ⌈ 𝑙𝑜𝑔2 (𝑛)7 ⌉. For each page, we need to apply this to just
two values: the number of values and the (un-)compressed size.
Exploiting dictionary encoding. Dictionary encoding is a power-
ful encoding supported by both Parquet and BtrBlocks. It eliminates
duplicated values and replaces their occurrences with indices into a
list of unique values. As the indices are fixed-size, the resulting size
of the encoded data can easily be predicted when the total length
of the unique values is known. Decompressing dictionary-encoded
data is especially wasteful as even in-memory representations (i.e.
Arrow, DuckDB) support dictionary encoding.
Bitpacked dictionary indices. However, Parquet does not store
dictionary indices as plain values. Instead, it encodes them using
a hybrid of run-length encoding (RLE) and bit-packing. Since RLE
size depends on the value distribution, it is unsuitable for our opti-
mization, where predictable sizes are required. Bit-packing, on the
other hand, is an encoding with predictable size.
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Figure 5: Performance and size of file formats (lineitem table
at scale factor 10, 1 DuckDB worker thread).

4.3 Evaluation
Setup. Our prototype Active Data Lake implementation emulates
the S3 storage API [65]. We use DuckDB v.1.2.1 as a query engine
and use its native support for Parquet and querying S3 to access
native and virtualized Parquet files from our server. We conduct
experiments in two experimental setups: In the first, we want to
isolate conversion performance. For this purpose, the HTTP server
has the requested data files already loaded in memory. In the second
setup, we simulate the common case where data resides in S3 and
must be fetched by the Active Data Lake before answering range
requests from the DuckDB client. As data, we use the lineitem table
from TPC-H at scale factor 10. Both DuckDB and the HTTP server
are running on separate c5n.9xlarge instances within the same
availability zone on AWS with 50Gib/s network bandwidth.
Full table scan. Our first experiment compares the end-to-end
full table scan performance between our virtualized Parquet file
and general-purpose compression schemes supported in the Arrow
Parquet library. To give a picture of total workload, we include
the on-disk size of the data using the different techniques as a
second axis for Figure 5. Due to virtualization, the visualized on-
disk size for BtrBlocks does not correspond to the amount of data
that needs to be transferred between Active Data Lake and the
query engine. While the BtrBlocks lineitem data is only 1.58 GiB,
4.3 GiB needs to be transferred with dictionary encoding enabled,
and 6 GiB without. When data is already loaded in the Active Data
Lake’s memory, there is a noticeable virtualization overhead of 22%
compared to the similarly compact Zstd-compressed Parquet file.
Brotli-compressed Parquet, the only configuration more compact
than the BtrBlocks representation, is 17% slower than accessing
the virtualized file. To show the potential benefits of newer file
formats, we have also implemented native support for BtrBlocks
in DuckDB as an extension. Natively reading the format results
in a 2.26x speed-up compared to the Zstd-compressed Parquet file.
When data resides on S3, the differences between general-purpose
compression schemes shrink as more heavyweight compression
schemes benefit from their higher compression ratio, reducing the
amount of data that needs to be fetched from S3. The virtualized
Parquet file is the second fastest option, only 1.3% slower than the
best native Parquet setting, Zstd, which strikes the best balance
between decompression speed and the amount of transferred data.
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Figure 6: Overhead of virtualization (lineitem columns at
scale-factor 10, 1 thread).

While the Zstd compressed Parquet file is roughly as large as the
BtrBlocks files, the overhead of virtualization shrinks. The reason
is that BtrBlocks files are sized at 16 MB, an efficient size for S3
objects, whereas Zstd makes requests that are 27 MB on average.
Single column scan. To verify the performance of native projec-
tions, we have measured the latency of single, full column scans
for all Parquet file types and all columns present in the lineitem
table. We observe that the average speed-up/slowdown remains ex-
tremely similar to those measured for the full table scan. Thus, our
goal of enabling effective and transparent projections through the
query engine has been reached. As there is a significant difference
between columns using the same compression in relative perfor-
mance, we investigate the reasons for this variation in Figure 6. We
compare the relative performance of our virtualized column scan
to the fastest compression scheme in each setup: When data is in
memory, we compare to LZ4, when data needs to be fetched from S3,
we compare to Zstd. We categorize the columns by their cardinality
as well as data type. For data residing in memory, the virtualized
file exceeds native performance in the case of high-cardinality inte-
ger columns, since Parquet does not have any helpful encodings
in this case. For every other column type, the virtualization ap-
proach has some overhead. We observe the biggest overhead (70%)
for low-cardinality (less than 100 distinct values) integer columns
for which Parquet preserves dictionary encoding while BtrBlocks
decompresses to a flat array, resulting in more data being trans-
mitted. File formats that can preserve dictionary encodings for
numeric types should not suffer the same penalties. Note that with-
out preserving dictionary compression for strings, we observe a
10x slowdown in the case of low-cardinality string columns. When
data needs to be fetched from S3 first, our virtualization approach
shines. For single column scans, BtrBlocks has a superior access
pattern compared to Parquet. While Parquet needs to issue one
request per column-chunk, BtrBlocks groups chunks of the same
column together into 16 MB part files. For columns where each
value is only a few bytes, this reduces the number of necessary S3

requests dramatically. For instance, for the single-character lines-
tatus column with only 4 distinct values, the number of necessary
requests is only 3 compared to 60 for the Parquet file, resulting
in a speed-up of 88% compared to the native Parquet file. Other
columns achieve similar speed-up, for the only high-cardinality
string column, which has merely a 5.6% speed-up needs 44 requests.
Native predicate pushdown. In the last experiment, we use the
query engine’s native pruning ability on min/max statistics by in-
troducing a less predicate on the sorted orderkey column of varying
selectivity. As expected, both transferred data and execution time
scale nearly perfectly with the rowgroup-level selectivity.

4.4 Discussion
Our experiments show that virtualizing existing file formats can
work completely transparently to the query engine interacting with
the Active Data Lake maintaining query engines native projection
and pruning capabilities. The overhead of having to translate be-
tween file formats is moderate, with some column categories even
being able to outperform native performance.
Caching. To save computation resources, it may be helpful to
pre-compute and cache frequently accessed parts of the data in
the target format. As the size of the cached data is known after
initial computation, the restriction to predictable encodings is lifted,
thereby enabling data to be cached in more compact formats.
Other formats. Our approach generalizes to other file formats as
long as they fulfill the following requirements:
(1) Source and target formats have horizontal partitions.
(2) The target format has (some) predictable encodings.
(3) The source’s metadata allows predicting the uncompressed size.

5 BENEFIT 2: PREFETCHING
Motivation.TheActive Data Lake abstracts the physical location of
the data and allows engines fast access, even if they do not support
the chosen storage device. In the long term, this ability allows the
integration of computational storage or cross-engine caching. In
this section, we show that the Active Data Lake can help achieve
good performance even though the engine does not optimize for
the physical storage medium. We do this by accelerating DuckDB’s
performance for data stored on S3 by implementing server-side
prefetching.While DuckDB already natively supports querying data
in cloud object storage, it is not optimized for the characteristics of
object stores and always uses synchronous I/O.
Cloud object storage. Network optimized virtual machines can
achieve a bandwidth of up to 600 Gbit/s reading from cloud object
storage. However, individual requests have a significant latency
ranging from tens to hundreds of milliseconds. As a result, many
requests have to be made concurrently to satisfy the achievable
bandwidth. Durner et al. [24] have shown that requests in the range
of 8-16 MiB are the most cost-effective for analytical workloads.
DuckDB and remote storage. DuckDB uses synchronous I/O op-
erations exclusively. As a result, worker threads sit idle while data is
fetched from cloud object storage. The recommended workaround
is to increase the number of worker threads, resulting in a higher
number of concurrent requests. While this approach improves per-
formance for I/O-heavy queries, the OS context switching between
threads may reduce performance for compute-intensive queries.
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prefetching service (lineitem, SF=50, native DuckDB format).

Prefetching service. We implement a prefetching service that
acts as a transparent proxy between DuckDB and object storage to
accelerate the performance over remote native database files. When
DuckDB sends the first head request to figure out the size of the file,
the prefetching service starts downloading the entire file using fixed-
size requests of 8 MiB. Individual chunks are buffered in memory
and used to answer subsequent range requests from DuckDB. Our
implementation uses the AWS C++ SDK to issue requests to S3. In
particular, it uses the S3Crt client for asynchronous requests.
Experimental setup. To evaluate the performance of our imple-
mentation, we measure the end-to-end query latency for a full
table scan over the lineitem table at scale factor 50, stored in the
native DuckDB format on AWS S3. Both DuckDB v1.2.1 and our
prefetching service are running on separate network-optimized
c5n.9xlarge instances in the same availability zone. Additionally,
we compare our performance against Apache Spark 4.0.1 directly
reading a Parquet file from S3. Before running the benchmark, we
issue additional requests to ensure the accessed object is hot.
Results. Figure 7 shows the query latencies. While native DuckDB,
using the default number of 36 worker threads (hardware threads
on c5n.9xlarge), takes 33 seconds to execute the full table scan,
performance improves by 17× when using the prefetching service.
While increasing the number of DuckDB worker threads to 144
decreases execution time to 9.47 seconds, this ideal configuration
is still 4.87 times slower than using the prefetching service. The
additional measurement of Apache Spark directly reading Parquet
from S3 shows that our prefetching service is more than capable of
making DuckDB competitive with engines that have native support
for asynchronous, high-bandwidth reads.

6 BENEFIT 3: FAST TRICKLING INSERTS
Motivation. Many modern data-intensive applications require the
ingestion of continuously arriving data with low latency. While
Apache Iceberg is a widely adopted destination for such data due
to its compatibility with analytical tools, its commit protocol is not
suited for high-frequency writes. Each commit involves creating
multiple metadata files and coordination with a catalog, resulting
in significant overhead. Thus, ingestion systems often buffer data
and commit in batches, introducing a trade-off between data fresh-
ness and write efficiency. In this section, we show how the Active
Data Lake removes the need to batch transactions, enabling high-
throughput ingestion while preserving compatibility with Iceberg
and Parquet ecosystems.
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Figure 8: Read and Write path of the Active Data Lake with
small file buffering in PostgreSQL.

6.1 Background
Commits inApache Iceberg. For every commit in Apache Iceberg,
the query engine needs to write at least three files: The added rows
are written into one or more data files, which in turn are tracked in a
manifest file. Additionally, a manifest-list file tracks all the manifest
files contained in the snapshot. After writing, the query engine
reports the changes to the metadata to the catalog in JSON format.
The catalog then applies those changes to the current metadata and
writes out a new version to cloud object storage. After the write
operation, the catalog checks that the current metadata version is
still the version expected by the query engine, meaning that no other
transaction has occured in the meantime. Thus, any transactions
on the same table conflict with each other.
Theoretical upper bound. This limitation puts an upper limit on
the achievable transaction throughput even with infinite workers
and logically independent transactions to 1

storage latency . Assuming
a latency of 100ms for S3, this fundamentally limits throughput to
10 transactions a second even ignoring practical factors such as
having to compute and materialize the new snapshot first.
Small file problem. Even with the discussed limitations, commits
are still too frequent to produce optimized Parquet files, resulting
in many small files and unnecessary metadata bloat. Both factors
reduce read performance. The small file problem is addressed by
background services that periodically merge multiple small files
into a single optimized Parquet file.

6.2 Implementation
Our prototype supports insert and delete operations with low la-
tency. The effect of these operations is visible immediately to an-
alytical query engines. In contrast, for existing systems that offer
low-latency inserts, such as Databricks Zerobus [19], inserted data
only becomes queryable after it is flushed into OTF format. Addi-
tionally, the prototype eliminates conflicts between independent
append operations and requires no background services. Figure 8
illustrates how both write and read operations work.
Write path. Both insert and delete operations result in a single
data file being uploaded to our prototype. Internally, we buffer
small files in PostgreSQL as binary objects until enough data has
accumulated to produce optimized Parquet files, which are written
asynchronously to cloud object storage. Buffering data in a rela-
tional database provides durability guarantees. In case stronger
guarantees are necessary, a distributed database can be used at the
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Figure 9: Transaction throughput of data lake architectures
(single row operations, 95% inserts and 5% deletes).

cost of higher commit latency. Each commit also stores metadata
in PostgreSQL relational tables to track the table history. Deletes
are handled similarly. Our implementation uses the Iceberg con-
cept of equality deletes. Following the specification, a delete file
is created in Parquet format, which stores all column values that
identify deleted rows. Just like data files, delete files are buffered
in PostgreSQL until enough rows have accumulated to write an
optimized Parquet file. Data and delete files are then reconciled at
read time by the query engine.
Read path. Reads follow the Iceberg specification, but metadata
files are virtualized on demand from the table history tracked in
PostgreSQL and are not materialized on object storage. Data and
delete files are read either from object storage (if already flushed)
or directly from PostgreSQL, enabling immediate access after in-
gestion. All reads go through the S3 API for full compatibility.

6.3 Evaluation
We compare the transaction throughput of our Active Data Lake
prototype with Iceberg and DuckLake. Our benchmark represents
an extreme scenario where multiple clients concurrently try to
apply single-row modifications to the same table. 95% of operations
insert a new row and 5% delet an existing row.We use PyIceberg [38]
as a lightweight writer for Iceberg and configure DuckLake to use
PostgreSQL as the relational database. To show that the issues with
Iceberg’s commit protocol are not exclusively due to the latency of
cloud object storage, we run the experiment both on elastic block
storage and on cloud object storage.
EBS.We run the experiment on a single c5n.9xlarge machine on
AWS. The machine runs both the client and the catalog, respec-
tively the Active Data Lake. Primary storage for (meta-)data is the
attached EBS volume. Figure 9 shows the throughput scalability
for all approaches. With a single client, our prototype achieves a
throughput of around 144 transactions per second (tps). Meanwhile,
DuckLake manages 26 tps, and Iceberg achieves only 3 tps due to
the number of files written and overhead in the PyIceberg library.
At 8 writers, DuckLake improves to 68 tps but is close to the limit
of its scalability, reaching only 75 tps at 36 writers. Iceberg barely
increases its throughput when adding more writers, achieving 4
tps at 36 writers since all transactions on the same table result in a
conflict. DuckLake conceptually manages to isolate independent
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Figure 10: Latency of transactions of data lake architectures
(36 clients, single row operations, 95% inserts and 5% deletes).

appends, yet keeps track of table-level statistics in a single row,
which all write operations need to update. The Active Data Lake
avoids conflicts altogether and scales linearly until the limit of
provisioned IOPs is reached. At 36 writers, it manages to perform
827 tps, 11 times the throughput of DuckLake and 200 times the
throughput of Iceberg. Figure 10 (left) shows the latency of indi-
vidual transactions. The Active Data Lake experiences a higher
base latency as all data is sent twice over TCP even on a single
machine, first from client to the Active Data Lake, then to Post-
greSQL. DuckLake employs an exponential backoff strategy when
encountering transaction conflicts, leading to measured times of up
to a minute between transactions. In the event of conflicts, Iceberg
gives an advantage to the conflict winner: While losers need to first
gather up-to-date metadata before attempting the next commit, the
winner gets the current information as part of the success response.
Thus, there are many cases of Iceberg clients not managing a single
successful transaction during the measurement period. Latency is
not reported in these cases. A similar problem exists for deletes in
both Iceberg and DuckLake. As deletes are slower than inserts, only
0.8% of successful operations in DuckLake are delete operations at
36 writers. For Iceberg, all delete operations fail when using more
than 2 writers.
S3. We run the same experiment for remote storage in the form
of S3 using two c5n.9xlarge machines within the same availability
zone in AWS. One machine runs the clients while the other runs
the catalog, respectively the Active Data Lake. Primary data storage
is S3. The Active Data Lake manages to avoid the latency of S3 for
small append operations through its internal buffering, maintaining
133 tps with a single writer while both DuckLake and Iceberg
manage only 2.7 and 0.8 tps, respectively. The increased latency
for Iceberg and DuckLake can also be observed in Figure 10 (right).
Due to the lower transaction rate, DuckLake experiences fewer
transaction conflicts and thus does not use backoff as aggressively,
leading to a lower maximum observed latency. DuckLake manages
to scale better with the number of writers due to the increased
latency of producing data files compared to the conflict period
of updating a single row in PostgreSQL. At 36 writers, DuckLake
achieves 22 tps, still well below the performance in a local setting.
Iceberg only manages to scale to 1.6 tps at 36 writers. The Active
Data Lake manages to scale throughput just as effectively as in
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the local storage experiment, managing 860 tps at 36 writers. At
16 and 36 workers, the remote setting even manages to overtake
the throughput of the local setting, presumably due to the fact that
compute resources are no longer shared between client and Active
Data Lake.
Discussion. Our experiments show that current approaches have
clear limitations in terms of throughput. Our prototype demon-
strates that, even when adhering to the interface of OTFs and using
cloud object storage as the primary storage location, transaction
throughput can be significantly increased.

7 DEPLOYMENT AND COST
The presented optimizations have shown that the Active Data Lake
can improve performance. However, as an additional server, the
Active Data Lake is associated with some cost. In this section, we
want to take a closer look at the implications of running an Active
Data Lake on the total cost. To do this, we first need to discuss the
different ways to deploy and operate an Active Data Lake before
finally demonstrating through a cost model that the Active Data
Lake architecture can result in cost savings.

7.1 Deployment Modes
Single tenant cluster. Each organization can deploy and manage
its own cluster of Active Data Lake nodes. This approach allows
organizations to have full control over the Active Data Lake and
their data, making it an attractive option in cases with strict privacy
requirements. However, because the cluster needs to be sized to
handle sudden workload spikes, the approach can result in low
resource utilization.
Function-as-a-Service based architecture. To address the issue
of resource utilization, one could turn to the Function-as-a-Service
offerings such as Amazon Lambda. In this design, for each range
request of a virtualized file to the Active Data Lake, a function is
spawned. This function determines which data needs to be read,
actually fetches the data, and transcodes it into the target format,
before returning the result to the caller. While this leads to perfect
resource utilization, Lambda functions do not have permanent state,
which prevents some optimizations such as caching.
Multi-tenant service. Another way of increasing resource utiliza-
tion is using multi-tenancy to absorb workload spikes of individual
users. This architecture enables all optimizations and has good
resource utilization, although it is non-trivial to implement.

7.2 Cost Model
We believe that a multi-tenant system is the most promising deploy-
ment mode for the Active Data Lake. In this section, we demonstrate
that the Active Data Lake can reduce the total workload cost com-
pared to direct file access using a cost model. The model assumes a
multi-tenant architecture that achieves a resource utilization of 80%
and includes two optimizations: file virtualization and workload-
adaptive caching.
File virtualization. File virtualization enables the use of additional
encoding and compression methods, resulting in more compact
files and reduced storage costs. The downside is that computational
power is required upon access to transform the compressed file
back into its original state. We assume that each thread is capable of
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Figure 11: Relative cost of Active Data Lake optimizations
compared to directly accessing data on S3 (1 MB objects).

decoding 27 MB/s, which can even be achieved by general-purpose
compression schemes (depending on the dataset) and that the com-
pressed file is four times more compact. As a result, storage costs
can be reduced by a factor of 4, but computational power is needed
to transform data from one format to another. Based on these as-
sumptions, c6g instances provide the most cost-efficient data access.
Workload-Adaptive Caching. We model a workload-adaptive
caching method that tracks access frequency for each object and
decides whether caching can reduce workload cost. This approach
differs from traditional caching methods in that it does not have
a fixed size and needs to decide which objects to keep, instead it
scales the capacity to fit all objects that are worth caching. Our
model includes both SSD-based caching (m6idn instances) and in-
memory caching (c8gn instances). As we do not model the effects
of reduced access latency, the benefit of in-memory caching comes
from the fact that the instances with the most network bandwidth
per dollar do not come with SSDs.
Result discussion. Figure 11 shows the results of our model for
a workload consisting of 1 MB objects. If objects are not accessed
frequently, storage costs dominate the total workload cost and
compressing objects can thus reduce costs significantly. However, if
the time between accesses to the same object is between 3.5 hours
and 15 minutes, none of the presented optimizations is cheaper than
reading the object directly from S3. The additional cost can reach
up to 50% of the original cost. If accesses occur at least every 15
minutes, caching begins to pay off. Initially, it is cheapest to cache on
instance SSDs as the available storage is the bottleneck. This shifts
to network bandwidth as the bottleneck when access frequency
increases to one access every 5 minutes. Starting at 4 requests a
minute, the cheapest option is to cache in-memory on network-
optimized c8gn instances with 600 Gbit/s network bandwidth. This
results in cost reductions of 70%.
Conclusion. No single optimization always pays off, but most of
the time there is an optimization that can reduce the total cost
compared to simply accessing objects directly from S3. An Active
Data Lake can implement multiple optimizations and use workload
statistics to apply the most economical one. Despite the overhead
of an additional running service, this cost model shows that the
Active Data Lake can reduce total costs in many workloads.
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8 DISCUSSION AND FUTUREWORK
We introduce the Active Data Lake, an architecture that provides
both interoperability and physical data independence. By decou-
pling the interoperability interfaces from the physical data layout,
it overcomes the innovation challenges at the file format, the access
path, and the storage levels.

8.1 Addressing potential concerns
The Lakehouse paper briefly discusses the alternative approach
of building a massively parallel serving layer [82] similar to the
Active Data Lake. However, the authors dismiss the idea, calling it a
step down from raw access to cloud object storage in terms of cost,
bandwidth, availability, and lock-in. Let us address these concerns.
Cost. Section 7.2 shows that the Active Data Lake architecture is
cheaper than directly accessing object storage for many workloads.
Bandwidth. The high bandwidth of cloud object storage is the
result of good engineering and can therefore be matched by an
efficient Active Data Lake implementation. Furthermore, the Active
Data Lake architecture enables further optimizations for reducing
the transferred data, such as pre-filtering and partial aggregation.
Availability. The central positioning of the Active Data Lake re-
places the catalog in current lakehouse architectures as a single
point of failure. However this is very similar for Iceberg catalogs.
Even ignoring the issue of discoverability, any downtime of the
catalog means (for Iceberg) the loss of ACID transactions and thus
a high risk of data corruption if write operations continue. Thus,
write operations should be avoided, a significant restriction, as
write operations constitute around 40% of all queries [81]. If gov-
ernance is enforced through catalog credential vending, even read
queries are not possible without a running catalog.
Scalability. Compared to cloud data warehouses, the Active Data
Lake only handles a subset of operations. To be precise, it only
transcodes, filters, and pre-aggregates data. All of these operations
are embarrassingly parallel. In fact, some cloud data warehouses
use dynamically-sized clusters for these operations, despite using
fixed-size clusters in general [70].
Lock-in. Given the added functionality of Active Data Lakes, one
might ask whether this comes at the cost of vendor lock-in. How-
ever, by leveraging virtualization, users can easily export both data
and metadata to their own storage in standard open-source formats.

8.2 Drawbacks of Library-Based Data Lakes
Data lake and lakehouse architectures depend on libraries embed-
ded in every client to lower the implementation burden. This raises
the question of whether the benefits of the Active Data Lake can
be achieved through a library rather than an additional server.
The upgrade problem.When a library introduces additional func-
tionality in a new version, the added features must either be back-
wards compatible, so that older versions can still understand the
data produced by newer versions, or the entire ecosystem must
atomically upgrade to the new version of the library. In an ecosys-
tem as diverse as the data lake, atomically switching all clients to
new library versions simultaneously is not feasible. Features that
are not backwards compatible, such as the introduction of new
encodings in Parquet, therefore suffer from limited adoption [48].

Inherent limitations. Some capabilities of the Active Data Lake
cannot be realized through client-side libraries. For instance, global
workload-driven optimizations are impossible as clients continue to
observe only a part of the total workload. Similarly, governance and
specifically fine-grained access control cannot be securely enforced
on the client side. Even if the library masks sensitive data before
passing it to the application, the fact that sensitive data has been
transferred to the client opens up additional attack vectors.

8.3 Layout-Oblivious Interfaces
File-based interfaces ensure compatibility with the existing data
lake ecosystem. The optimizations in this paper demonstrate that
the Active Data Lake can provide significant benefits even when
maintaining the interfaces of Parquet and Iceberg. Embracing an
additional interface tailored to the Active Data Lake enables even
more optimizations. For instance, row-level filtering is not as practi-
cal in file-based interfaces, as the Active Data Lake needs to define
the number of files and their respective sizes early. An interface
that does not rely on the layout of the data into files would remove
this requirement and thus improve performance.
Existing layout-oblivious interfaces.Multiple such interfaces
already exist: Arrow Flight [56] allows the transfer of Arrow record
batches, the Big Query Storage API [10, 53] allows extracting data
as Arrow or Avro streams from Google’s proprietary storage, and
Spark Connect [72] allows transferring data between Spark clusters.
The number of distinct interfaces is growing as more protocols (i.e.
[54]) are being suggested, but no standard has yet emerged.
Interoperability challenges. In order to minimize network traffic,
information about projections, predicates, and pre-aggregations
needs to be transferred to the Active Data Lake. Current solutions
either send a SQL query string, suffering from distinct dialects, or
custom JSON, which fragments the ecosystem. Coral [57] and SQL-
Glot [55] try to convert between SQL dialects, while Substrait [77]
defines a serialization standard for query plans. However, neither
addresses the issue that different systems might have different se-
mantics for the same operator. A recent academic proposal is to
move the abstraction level from operators to suboperators [7, 47]
for more flexibility. This could not only bridge the semantic gap
between systems, but also expand the interface of the Active Data
Lake beyond SQL.

8.4 Future Work
In this paper, we examined three optimizations separately and
showed that each individually can provide significant benefits. In
the future, we want to evaluate additional, more complex, optimiza-
tions and build a distributed Active Data Lake that addresses the
challenges of scalability and availability.
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