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Fast and scalable data transfer is crucial in today’s decentralized data ecosystems and data-driven applications.
Example use cases include transferring data from operational systems to consolidated data warehouse environ-
ments, or from relational database systems to data lakes for exploratory data analysis or ML model training.
Traditional data transfer approaches rely on efficient point-to-point connectors or general middleware with
generic intermediate data representations. Physical environments (e.g., on-premise, cloud, or consumer nodes)
also have become increasingly heterogeneous. Existing work still struggles to achieve both, fast and scalable
data transfer as well as generality in terms of heterogeneous systems and environments. Hence, in this paper,
we introduce a holistic data transfer framework. Our XDBC framework splits the data transfer pipeline into
logical components and provides a wide variety of physical implementations for these components. This design
allows a seamless integration of different systems as well as the automatic optimizations of data transfer config-
urations according to workload and environment characteristics. Our evaluation shows that XDBC outperforms
state-of-the-art generic data transfer tools by up to 5%, while being on par with specialized approaches.
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1 Introduction

The typical IT landscape of today’s organizations comprises various decentralized data ecosystems
and many data-driven applications [29, 34]. Over the last decades, there was a trend towards
specialized data systems to improve performance and functionality [84, 85]. Apart from processing
systems, modern data lakes allow storing raw data in various formats. Since data is distributed
across these heterogeneous data representations and systems, efficient data transfer mechanisms
are crucial for seamless integration and data analysis.

A Need for Data Transfer: There is a strong need for efficient data transfer because data move-
ment and conversion is often resource-intensive and time-consuming. Accordingly, there is work on
eliminating unnecessary data transfer. For example, in-database machine learning aims to conduct
training and especially inference inside the DBMS [22, 49, 77] to avoid costly exports from the DBMS.
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Similarly, IoT systems push computation down to EomEcE @
the edge to reduce unreliable network transfers [31,
92]. However, there are many use cases where data
must be moved, either to leverage specialized tools,
to integrate systems, or to consolidate data, e.g., data
science applications [90], federated systems [26, 41,
44, 76, 78], extraction-transformation loading (ETL)
flows [80], or data replication [56]. Overall, many Generality

modern data-driven applications would benefit from Fig. 1. Data Transfer Approaches.
efficient data transfer mechanisms.

Data Transfer Challenges: Designing an efficient data transfer mechanism is challenging due
to the heterogeneity of data systems, particularly in terms of interfaces, data formats, and varying
environment characteristics. Data transfer across heterogeneous systems is commonly realized
through custom (i.e., specialized) point-to-point connectors, or generic solutions such as integration
middleware or generic JDBC/ODBC drivers [6]. Figure 1 shows this trade-off space of efficiency ver-
sus generality. First, specialized connectors provide good performance but lack generality because
they are implemented for specific pairs of systems. Second, generic adapters like JDBC/ODBC are
primarily designed for lightweight DBMS access and suffer from poor performance [74]. Addition-
ally, data transfer involves multiple steps (e.g., reading, deserializing, compressing, and transmitting),
which must be tuned for data, system, and network characteristics. For example, compression
may improve the transfer in unreliable consumer-cloud networks, but yield slowdowns in a cloud
environment. The complexity of heterogeneous systems and environments renders the optimization
of data transfer onerous. Hence, there is a need for a data transfer mechanism that yields robust
performance, is easy to use, and general enough for data transfer across heterogeneous systems.

Limitations of Existing Work: Despite work on optimizing ETL [80, 81] and integration flows
[28], the literature on efficient data transfer is relatively sparse. Raasveldt et al. analyzed DBMS
client protocols and found that JDBC-based protocols are unsuitable for transferring large amounts
of data due to their row-based nature and excessive metadata in each protocol buffer [74]. Pipegen
generates pipes from existing CSV I/O unit tests in DBMSes, and redirects text I/O to compressed
binary communication [48]. Zigzag joins optimize data transfers during joins of data warehouse
tables and files in distributed file-system via Bloom filters [86]. Connector-X improves the loading
of DBMS tables into pandas dataframes through parallelism and efficient data handling [90]. While
these approaches optimize specific aspects of data transfer, there is a lack of a holistic data transfer
framework that adapts to different physical environments and supports heterogeneous systems.

Contributions: To address the data transfer challenges and limitations of existing work, we
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introduce XDBC as a holistic data transfer framework. XDBC offers reader and writer interfaces that
can be implemented for arbitrary data systems, eliminating the need for multiple connectors per
system pair. XDBC’s architecture comprises decoupled components (for read, deserialize, compress,
send, receive, decompress, serialize, and write) as well as different physical implementations, which
facilitate a flexible configuration and tuning for different environments and data characteristics.
In order to free users from the need of manual tuning, XDBC'’s heuristic optimizer automatically
selects effective configurations for given environments. Our detailed technical contributions are:

e XDBC Architecture: We describe the architecture and runtime of XDBC in Section 3. The
simple yet very effective design allows seamlessly integrating existing data systems as well
as tuning the individual data transfer components.
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(a) Data Transfer Topologies and Applications. (b) Data Transfer Anatomy: Configurable Pipeline.

Fig. 2. Data Transfer Across Heterogeneous Systems

e XDBC Optimizer: We introduce a novel optimizer for automatically tuning the data transfer
configurations in different environments in Section 4. This heuristic optimizer selects paral-
lelization and transfer strategies, and adapts configurations to monitored runtime statistics.

e Experiments: Finally, we present the results of an extensive experimental evaluation in
Section 5. We compare XDBC with a variety of baselines on real and synthetic datasets as
well as different simulated network topologies.

2 Background

In this section, we introduce the necessary background of data transfer, guided by a running
example. Data transfer is crucial for many applications, and existing solutions fall short for generic
data transfers across heterogeneous systems in different environments.

2.1 Motivation and Running Example

As shown in Figure 2a, data transfer has many different dimensions: different applications run
on different data systems and infrastructures (hardware and networking). In the following, we
introduce a running example and describe the state-of-the-art data transfer.

ExaMPpLE 1 (DATA ScIENCE USE CASE). Assume a data-science application, where data practitioners
need to load a large dataset from a DBMS, such as PostgreSQL, into a data science framework, such as
Python pandas, to pre-process the data, run exploratory data analysis, and train various ML models. The
data transfer between the DBMS and pandas may occur in different environments with very different
characteristics. First, pandas may run on a local laptop, connected via a slow wide-area-network to the
cloud. Second, the data practitioner may run pandas in a remote, cloud-hosted, environment, such as
Google Colab, which is better connected to the DBMS.

Generic Data Transfer: To load the data from the DBMS into pandas, one can utilize generic
ODBC-based connectors, such as the widely-used turbodbc [12] and sql.reader [8]. Such plug-
and-play connectors are very practical: users install the drivers and issue queries against the
DBMS. The row-based results are then put into a collection of objects such as a pandas dataframe.
Most ODBC (and JDBC) drivers only offer limited tuning knobs to optimize the transfer. The most
commonly used tuning parameter is the number of rows to fetch in each round-trip to the DBMS. To
further optimize performance, users could manually issue multiple queries—that partition the table
by primary key—and then assemble the partitions. Existing data loading tools (e.g., Connector-X [90]
and Spark JDBC [11]) also follow this approach and generate the partitioning queries automatically.
However, the used row format—ideal for row-oriented DBMSes—has shown to be inefficient due to
metadata bloat of in-flight buffers and limited compressibility [74].

Specialized Data Transfer: An alternative solution is a custom (i.e., specialized) connector
that bypasses the generic JDBC/ODBC driver and establishes a direct connection to the DBMS.
This approach allows more fine-grained control and direct conversion from the DBMS-internal
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format to the target dataframe, without expensive transformations through an intermediate format.
For example, Connector-X [90], implements specialized connectors for different DBMSes and
transforms their data directly to dataframes in parallel, while PostgreSQL specialized foreign data
wrappers read data from other DBMSes [10]. The specialized connector approach—albeit enabling
more optimizations—requires more engineering effort and is tailor-made for that specific pair of
source and target systems. Moreover, adapting to the hardware and network environment requires
manual tuning or additional substantial development effort.

2.2 Data Transfer Anatomy

Figure 2b shows data transfer as a streaming pipeline that involves a source and target system
(potentially located in different environments) that communicate over a channel, i.e., network,
memory, or file. We first extract data from the source system, and then transform them into an
intermediate format (via deserialization). Subsequently, we may compress the data and then, send
the data over a channel to the target. At the target node, we read the data from the channel,
decompress the data if needed, transform the data into the target format (via serialization), and
finally, load the data into the target system. While these steps could be individually configured,
existing approaches tightly couple them.

3 XDBC Architecture and Runtime

Next, we introduce XDBC'’s architecture, individual components, and runtime techniques. We treat
data transfer as a pipeline of configurable components, which allows for holistic optimization. To
support extensibility for different pairs of data systems, XDBC offers reader and writer interfaces.

3.1 System Architecture

XDBC’s high-level architecture is illustrated in o XDBC Server
Figure 3 and comprises a connector pipeline .
split across the XDBC Server and XDBC Client. 4 Blaln 00
The server pulls data from the source system
and sends them to the client; the client writes
data into the target system. Server and client
execute a configuration from the Optimizer.
Connectivity: Both server and client can run beside the source and target systems as a standalone
process, or be directly embedded within them. For example, for our non-intrusive PostgreSQL XDBC
connector, we run XDBC as a standalone process which communicates with PostgreSQL through
its external APL For a deeper integration—similar to Raasveldt et. al [74] or Portage [39]—the XDBC
server may also run as a PostgreSQL extension. Similarly, we implement the PostgreSQL client as a
foreign data wrapper (extension), and the Apache Spark client as a custom data source. We bundle
XDBC'’s core functionality as a shared library and offer the following extensibility mechanism:

Fig. 3. XDBC: Gray modules provide core functionality,
purple modules (read/write) are developer-provided.

e XDBC Server: Creating an XDBC server for a system requires implementing XDBC’s reader
and serializer. This interface defines methods to get memory from XDBC and push populated
buffers back. Developers extract data using internal or external APIs, transform it to a
supported intermediate format, and push it to XDBC’s queues.

e XDBC Client: Creating an XDBC client is the opposite. We offer iterator-like methods that
provide buffers in the intermediate format, which are transformed and loaded into the target
system. For example, in our Spark client, we convert intermediate binary data to RDDs,
whereas in our pandas client, we convert them to NumPy arrays and construct a dataframe.
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Exposing core XDBC functionality as a shared library facilitates connectivity to data systems,
enables broader integration, and keeps XDBC in control of the full data transfer pipeline.

® / XOBC Client ® XDBC Server‘\
R P -[ Optimizer }-[ Client Initializer } """""" Server Initializer
e ) ©) D

B> Source
DMS

Fig. 4. XDBC Architecture & Flow: Users request data from the source system via the Client, which initializes
the Server and starts the transfer. Dashed lines indicate control flow, solid lines indicate data flow.

Control and Data Plane: XDBC’s architecture is illustrated in Figure 4 and supports the
following tasks. First, users can submit data transfer jobs by providing the dataset, system access,
and a configuration. Second, users can either manually specify the configuration, or use XDBC’s
optimizer (1) , which we detail in Section 4. When starting a data transfer, XDBC initializes its
pipeline with the given configuration (2) . The client sends the configuration to the server (3) that
initializes memory and components (4) . Finally, the server signals (5) that the transfer starts
(6) . The data plane comprises the actual data transfer. Data enters the pipeline from the reader
(7) , which extracts data from the source system and copies them to internal buffers. Full buffers
are forwarded to the deserializer, which transforms the data from the source format to the
intermediate format. For instance, the PostgreSQL server transforms the PostgreSQL protocol
format into our internal (row, columnar, or Arrow) format. The deserializer forwards the buffers
to the compressor, which compresses the buffers and forwards them to the sender. Finally, the
sender transmits the buffers over the network to the receiver. On the client side, the receiver
copies the network buffers to the internal buffers and forwards these buffers to the decompressor
which in turn forwards them to the serializer (for transforming the intermediate format to
the target format). Finally, the writer loads the deserialized data into the target system (8) . For
example, in case of the Python pandas client, the deserializer creates the necessary Python
structs from the incoming binary data and then the writer creates the final dataframe object.
Overall, these components operate in a streaming fashion in order to leverage pipeline parallelism.

3.2 Runtime Techniques

Key runtime techniques—besides the individual data
transfer pipeline components—are memory manage-
ment and data-parallelism.

Memory Management: XDBC’s memory man-
ager allocates a user-defined fixed memory segment
at startup and organizes it as a ring buffer (see Fig-
ure 5). This memory is divided into logical buffers :

(also user-defined) with unique IDs, each consisting (reat 1 Dteser Lot Deom 1o Dsend
of a header (of metadata like data size, record count, ’ B B B ’
compression type, and format) and a payload (of the
actual data), forming what we call the buffer pool.

Fig. 5. XDBC Ring Buffer & Components.
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Table 1. XDBC Components

Logical Physical Implementation

Csv custom reader

Apache Parquet libarrow, libparquet
Read PostgreSQL libpq

MySQL libmysglclient

Clickhouse C++ client

CSsv custom writer

Apache Parquet libarrow, libparquet
Write PostgreSQL fdw extension

Apache Spark custom data source

Pandas NumPy array creation

Row/Column custom binary formats
De-/Serialize Apache Arrow 1 i barrow .

Apache Parquet libarrow, libparquet

De-/Compress

no compression

zstd, snappy, 124, 1zo

C/C++ libraries

Send/Receive

TCP

boost.asio synchronous

The Client and Server processes maintain their own independent buffer pools. This buffer pool
is shared among component workers. XDBC minimizes unnecessary memory movement between
components by communicating buffer IDs rather than entire buffers. For example, in a typical
pipeline configuration, the reader fetches a free buffer ID from the memory manager, fills it, and
forwards the buffer ID to the deserializer. The deserializer retrieves the buffer ID from its
incoming queue, fetches a free output buffer for the deserialized data, and, once finished, forwards
the output buffer to the compressor’s queue while returning the input buffer to the memory
allocator for reuse. This design reduces unnecessary memory allocation overhead.

Parallelism: XDBC combines pipeline parallelism, where different components operate se-
quentially, with data parallelism, where multiple component workers process buffers concurrently
within each component. Each component has a shared input task queue for good load balance,
and workers fetch buffer IDs from these queues, retrieve the buffers from the shared buffer pool,
process them, and forward the resulting buffer IDs to the next component’s queue. To manage
termination, XDBC uses poison pills. The last active worker enqueues as many poison pills as there
are downstream workers into the next component’s task queue. When a worker receives a poison
pill, it shuts down. Our design is similar to the QPipe [47] micro-engine, ensuring good instruction
locality per thread and scalability across components and workers.

Handling Back Pressure: XDBC ensures that there are always enough free buffers for every
worker in the buffer pool. We reserve buffers according to the total degree of parallelism across all
components. In order to balance buffer availability across components, we use blocking queues
with maximum queue capacities. When a queue reaches its capacity, enqueue operations block
until space becomes available. For example, if the deserializer’s input queue is full, the reader stops
processing until the deserializer removes buffers from its queue. This mechanism not only prevents
overloading components but also ensures that the pipeline operates at the pace of the slowest
component, efficiently handling back pressure.
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Listing 1. XDBC Client Interface

class XClient {
public:
XClient (RuntimeEnv &xdbcenv);
void initialize(const std::string &clientName);
int startReceiving(const std::string &tableName);
bool hasNext();
buffWithId getBuffer();
void markBufferAsRead(int buffId);
void finalize();

3.3 XDBC Component Primitives

The logical pipeline components (read, deserialize, compress, send, receive, decompress, deserialize,
write) can be instantiated through different physical implementations. In the following, we describe
our builtin implementations as well as means of extensibility.

Existing Physical Implementations: Table 1 shows the builtin physical implementations of
the logical components. In the following, we describe these groups of physical primitives in detail:

o Read/Write: XDBC supports different types of external systems (readers and writers), namely
the DBMSes PostgreSQL, MySQL, Clickhouse; the CSV and Apache Parquet file formats; and
the collections Spark RDDs and pandas dataframes. As an example, for PostgreSQL, we use
the native client 1ibpq to extract the data as text into our buffers. We open a connection and
issue multiple parallel fetch queries, partitioned by tuple identifiers ctid. The PostgreSQL
writer is embedded as a foreign data wrapper that populates a foreign table by serializing
our internal binary intermediate format to PostgreSQL format. Other writers are Apache

Spark (DataSource API, Java/Scala object creation through JNI and direct buffers), Python

pandas (data frame of NumPy arrays, zero-copy of native arrays through pybind, explicit

object conversion for strings/character types).

Serialization: The deserializers and serializers convert system-specific data representations

into our binary row- or column-based (or Arrow) formats, and vice versa. For example, the

text-based PostgreSQL and CSV deserializers parse a buffer of delimiter-separated strings
into the native types and place them into the row or column layout in the output buffer.

e Compression: For the compressor and decompressor, we use existing libraries (i.e., zstd,
snappy, 1z4, 1zo). These libraries are called once per buffer with the pointer and length of
this buffer as arguments. We then add the metadata to the buffer header. Compression and
decompression use output buffers to avoid complex in-place operations.

e Send/Receive: For senders and receivers, we leverage the boost.asio library for efficient
TCP transfers. Sender workers copy their input buffers into a boost.asio network buffer
for sending the data over a TCP socket to the receiver. We use synchronous transfers, as
the sender and receiver threads are only responsible for copying network buffers to internal
buffers, and do not block the rest of the pipeline.

Extensibility: XDBC is highly extensible, enabling the integration of new systems, intermediate
formats, and operators for compression and communication. To add a new system, one must
extend the XDBC client and server (provided as shared libraries). Listing 1 shows the XDBC client
interface. A deserializer and writer can be implemented with the shown methods. Specifically,
the implementation initializes the runtime environment, starts the data transfer, and retrieves
buffers using iterator-style methods. These buffers contain data in the intermediate format, which
can then be deserialized and written to the target system. Similarly, readers can use the source
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system’s APIs to extract data into XDBC buffers, and deserializers for the intermediate format. The
buffer-at-a-time processing facilitates a seamless integration of new implementations.

3.4 Intermediate Formats

XDBC supports the following three intermediate formats, each with a schema (number of attributes,
their sizes, and layout):

e Row-based: For the row-based format, we use the N-ary storage model, and write tuples
consecutively to buffers using primitive data types. Accessing tuples involves calculating
their offsets based on the tuple size (from schema) and index.

e Columnar: The columnar format has a PAX-like organization [23], where attribute arrays

of all tuples are stored consecutively in buffers. This layout is favorable for systems with

columnar storge. For example, when integrating Pandas, we copy columns directly into

NumPy arrays by matching the schema-defined offsets. On the other hand, reconstructing

full tuples from this format is more complex.

Apache Arrow: We also support Arrow [14], a widely-used PAX-like format similar to our

columnar format. We use Arrow’s API to create RecordBatches (including metadata) and

write those into our buffers, while appending metadata. Although Arrow’s API has more
overhead than our simpler columnar format, its adoption and built-in converters enable
seamless integration with systems supporting it.

Extensibility: XDBC is agnostic to the intermediate format, which allows adding new formats
through custom operators. To support a new format, one must implement the Deserialize and
Serialize operators in the XDBC Client and Server interfaces, to transform data from the intermediate
format to/from the system target/source format. For example, one could add an operator that
transforms buffers with CSV content to the Apache Avro format.

4 XDBC Optimizer

The configurability of our data transfer framework allows for tuning and adaptation to different
environments. Figure 6 shows the impact of picking the right parallelism configuration, with perfor-
mance differences of up to 8x. However, since the configuration search space grows exponentially
in the number of tuning knobs, manual tuning is difficult. In this section, we formulate the problem
of automatically optimizing these data transfer configurations, and introduce a simple yet effective
heuristic optimizer.

—
n
~

<

Tim¢

500 1000 1500 2000 200 400 600 800 1000
Configuration Index Configuration Index
(a) Cloud-Cloud Environment (b) Edge-Fog Environment

Fig. 6. Impact of Tuned Data Transfer Configurations. Environment a) 16 cores for server/client, with unlimited
network, and b) 8 / 2 cores for server/client, and 500MB/s network bandwidth. We randomly sample the
parallelism degrees for server and client components and configure a fixed buffer size.
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4.1 Problem Formulation

Our overall objective is to increase data transfer performance, in terms of throughput. In this
section, we introduce the used notation, formulate the optimization objective and its constraints,
as well as analyze the resulting search space of configurations.

Notation: Our data transfer framework can be viewed as a queueing system [30, 57], specifically
as a cyclic customer model. In that model, we have customers rotating between servers, where
customers are the entities that need to be processed and servers do the processing. We model our
pipeline components as the servers, and the data buffers as the customers. Each server may have
multiple workers assigned to it that resemble the parallel threads that process different customers.
Whenever a customer (buffer) is done at a server (component), it moves to the subsequent server.
Specifically, buffers are moved from the reader to the sender at the XDBC server, and from the
receiver to the writer at the XDBC client. For modeling, we introduce the following notation:

e Queues (Q): A set of queues that represent the components (e.g., read, deserialize), denoted
asQ={q1,92,---,qn}-

e Workers (w): Each queue ¢; may have multiple workers w;, where |w;| denotes the number
of workers, and W, and W, are the maximum number of workers at the server and client.

e Configuration (c): A vector of general (e.g., buffer size) and queue-dependent parameters
(e.g., compression type).

e Service Rate (u): The service rate p; (|w;|, ¢) per worker, which essentially reflects the through-
put measured in MB/s.

Optimization Objective: Our overall goal is to maximize the end-to-end throughput. To this
end, we aim to find the optimal configuration c¢*—from the search space of all configurations C—that
minimizes the end-to-end transfer time (or equivalently, maximizes the service rate). We formally
define the objective as follows:

¢’ = arg max,.. ( min] ,ui(lw,-l,c))

i€[1,n
n/2 . n . (1)
s.t. ZIwiI <W; A Z [wi] < W,
i=1 i=n/2+1

Intuitively, in a streaming pipeline, the minimum service rate of a component determines the end-
to-end service rate. For example, if the pipeline is network bound, there is no benefit in increasing
the degree of parallelism of other components. The available tuning knobs (parameters that affect
performance) of configurations are summarized in Table 2. Equation (1) finds the configuration that
maximizes the end-to-end service rate under the constraint that the assigned degree of parallelism
at the server and client do not exceed the maximum numbers of workers W; and W..

Estimated Throughput: Furthermore, every component has a pre-determined base throughput
1i (1, c) (single-threaded processing rate in MB/s), which we scale sub-linearly—in order to reflect
realistic scaling of data-intensive operations—for a given degree of parallelism |w;| as follows:

pi(lwil,€) = (s + (1 =) - [wi]) - (1, ¢) )

This scaling follows Gustafson’s law [46], where s denotes the serial fraction of a component;
yielding, for example, a speedup of 28.9x for 32 workers and a serial fraction of s = 0.1. For
compression libraries, we also estimate the compression ratios according to chosen buffer sizes (the
larger, the better the ratio) and intermediate formats (better compression for columnar storage),
which in turn, influences the effective service rates of senders and receivers. The base throughput
of different components as well as compression ratios of compression libraries are obtained via
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Table 2. Component Configuration Params and Values.

Configuration Parameter Example Values
buffer pool size (KiB) 2048, ..., 32768
buffer size (KiB) 4, ..., 1024
General
format row, column
compression lib none, zstd, snappy, lzo, 1z4
read [1, max workers server]
Server Workers deserializgtion [1, max workers server]
compression [1, max workers server]
send [1, max workers server]
receive [1, max workers client]
Client Workers decompression [1, max workers client]
serialization [1, max workers client]
write [1, max workers client]

offline profiling over a variety of datasets. By default, the XDBC optimizer uses these pre-packaged
statistics for ranking plans to simplify the out-of-the-box deployment. However, users can explicitly
trigger this profiling for their systems as well as data and environment characteristics in order to
improve the accuracy of the optimizers cost model.

Constraints: Our optimizer respects the physical limits of the environment. First, we ensure
that the number of client/server workers do not exceed the available degree of parallelism. Second,
the nominal I/O bandwidth (of memory or storage) as well as network bandwidth determine upper
bounds for the reachable read/write and send/receive service rates. According to Equation (1), the
maximum reachable end-to-end service rate 1,4 is then upper bounded by the minimum upper
bound of these components.

Search Space: The tuning knobs of Table 2 create an 12-dimensional hypercube of possible
configurations. The number of configurations is given by O(H}il d;) where d; is the domain
(number of distinct items) per parameter. However, a large fraction of these configurations are
invalid, e.g., when violating Z:':/ 12 |wi| < W;. For example, assuming W; = 16 and four server
components: of all 16* = 65,536 configurations only 1,820 are valid. Nevertheless, with all knobs
and large parameter domains, full enumeration is impractical and hence, we devise a heuristic but
very fast optimizer.

4.2 Optimization Algorithm

Our heuristic optimizer aims to find a good—but not necessarily optimal—data transfer configuration
for the given environment and dataset. Here, we describe our basic heuristic approach, optimization
algorithm, and extensions for inter/intra-transfer adaptation.

Heuristic Approach: The design of our heuristic optimizer deals with four major categories of
parameters and rewrites:

(1) Parallelism (major tuning knob of client/server components)

(2) Compression (increases network throughput, adds overhead)

(3) Memory management (influences resource consumption and compression, depends on paral-
lelism)

(4) Additional rewrite rules (e.g., bypass deserialization)
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Algorithm 1 Heuristic Data Transfer Optimizer

: Input:
i (1, c): base throughput for each queue g;
Umax,i: maximum throughput for each queue g;
s: speedup-related serial fractions

: Output:
c*: found configuration

. estimated_throughput: estimated total throughput

: // Step 1: Minimum Upper Bound
10: fmax < Min(fmax (q:) Vi)
11: // Step 2: Initialization
12: for eachiin q do
13: ci—1
14: end for
15: // Step 3: Iterative Search for Optimal Workers
16: repeat
17:  Identify the two slowest queues: g;, g; based on p; (|w;l, c)
18:  while y;(Jwi], ) < p;j(|wjl,c) or X1 |wi| < W do
19: [wi| <« |w;] +1
20: Update the service rate p;(|w;|, c)
21:  end while
22: until optimal distribution or maximum workers reached
23: // Step 4: Compression Pass
24: if network is the bottleneck then
25:  Re-optimize by re-running Step 3 with compression in ¢
26: end if
27: return c*, estimated_throughput

1
2
3
4
5: W;, W,: max numbers of server and client workers
6
7
8
9

We apply these rules in order of their anticipated impact on performance, based on experimental
analysis. First, we iteratively assign all available workers to the different components according
to their service rates. In every iteration, we increase the parallelism of the slowest component.
Second, we decide if compression might be beneficial by comparing the network throughput
with the min-max service rates of other components and the so-far best estimated throughput.
If communication is the bottleneck, and there are still available workers, we rerun our iterative
assignment by considering all compression algorithms (according to estimated compression ratio
and compression/decompression throughput). Third, we decide the buffer size, number of buffers,
and format. We set the buffer size according to L1 cache sizes (typically 32KB), use a fixed number of
buffers per worker to avoid over- or under-provisioning, and use columnar formats if compression
is enabled or the source/target systems also have columnar representations. Fourth, there are
additional rules to bypass de/serialization operators when the source and target systems are the
same, or when data can be serialized directly from the source format. If the source data is compressed
(e.g., Parquet) and the serializer can handle transformations (e.g., Parquet to Pandas), we transfer
the compressed data and perform decompression and deserialization at the client. Focusing on
these parameters categories separately simplifies the related rewrites and transformation rules
while still yielding good configurations.
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Algorithm Description: Algorithm 1 shows our heuristic optimization algorithm, which takes
the constraints and base service rates as input (Lines 2-5) and returns the found data transfer
configuration (Line 27). First, we compute the minimum upper bound service rate in Line 10, and
initialize a working configuration ¢ with one worker per component in Line 13. In an iterative
fashion, we then pick the two slowest components and incrementally add workers to the slowest
until it is no longer the slowest, and repeat this process until convergence (Lines 16-22). With the
pre-final configuration (with assigned parallelism), we then evaluate if compression is amenable
and repeat the reassignment of parallelism with enabled compression in Line 25.

ExAMPLE 2 (OPTIMIZING PARQUET-POSTGRESQL TRANSFERS). Assume transferring a collection
of columnar Parquet files to a row-based PostgreSQL over a 1 Gbit network (125 MB/s peak transfer).
Since the source is columnar, we heuristically pick our columnar intermediate format. Columnar
formats show better compressibility; but column to row conversion is expensive, so if the client is weak,
the server should convert it. Furthermore, assume the following base throughput of read, deserialize,
compress, send, receive, decompress, serialize, write: [1000, 100, 0, 125, 200, 0, 110, 250 MB/s]. We start
distributing parallelism across components, starting with the deserializer (the slowest). With |w;| = 2
the deserializer is at 190 MB/s and the serializer at 209 MB/s and thus, already surpassed the upper
bound. Due to the networking bottleneck, we now evaluate compression. With an estimated compression
ratio of 3x, we get a new networking throughput of 375 MB/s and distribute remaining parallelism,
starting with the deserializer, so that all components run at slightly over 375 MB/s.

Algorithm Analysis: The described algorithm finds good configurations with very low overhead.
The assignment in Lines 16-22 only requires at most O(W; + W;) steps and is repeated at most

O(n) times. Since the maximum number of workers W;, W¢ and pipeline length n are very small
its runtime is negligible. Interesting future work includes exact optimization (e.g., via an ILP
formulation) with dedicated pruning strategies of invalid configurations.

Adaptive Optimization: By default, our optimizer utilizes average statistics—based on offline
profiling over multiple datasets—for component service rates and compression ratios. For larger data
transfers, we could also run the pipeline on a small sample of buffers for more accurate statistics be-
fore optimization. Interesting future work (which we did not implement yet) includes inter- and intra-
transfer adaptation. First, inter-transfer adaptation starts from our pre-packaged average statistics,
updates these statistics as moving averages with actual measurements in the deployed environment
and systems, and utilizes these statistics for optimizing future data transfers. Second, intra-transfer
optimization could—similar to intra-query re-optimization [35]—update the statistics and the config-
uration of a running data transfer in-flight, which allows better adaptation to data characteristics.

5 Experiments

Our experiments study XDBC—in comparison with state-of-the-art approaches for data transfer—in
several applications. We further evaluate the impact of XDBC’s configuration parameters as well
as the XDBC optimizer in different environments. Overall, we find that XDBC yields substantial
improvements compared to generic baselines and is competitive even with specialized connectors.

5.1 Experimental Setup

In the following, we describe our experimental setup.

Hardware/Software: We perform our experiments on a machine with an Intel(R) Xeon(R) Silver
4216 CPU @ 2.1 GHz and 16 cores (and 2 threads per core), 512 GB of main memory, and a 2TB
SSD. Furthermore, we use Ubuntu v20.04.2 LTS as an operating system running Docker v27.1.1.
For simulating realistic environments, we use Docker resource constraints [17] to control the CPU
cores and docker-tc [18] to control the network interfaces. For our DBMS experiments we use
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Table 3. Datasets and their Data Characteristics.

Dataset Size #Rows #Cols Data Types
Lineitem [20] 7.2GB 60M 16 int:4, double:4, string:8
US Survey [13]  1.2GB  15M 230 int:230

IoT events [16] 3.3GB 5.8M 85 int:39, double:41, string:5
ICU events [53] 2.2GB  8.0M 26 int:9, double:6, string:11
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Fig. 7. Data Science Experiment (Cloud).

PostgreSQL server v13. For our data science experiments, we use Python v3.9 with pybind11 v2.13.6.
For our dataflow engine experiments, we use Spark v3.3.1 on Scala v2.12.15 and sbt-jni v1.5.4.

Baselines: We implement XDBC in C++ and provide it as a shared library. To build our python
bindings, we use pybind11, and for our Scala bindings sbt-jni. For our data science baselines, we
use pandas v2.2, duckdb v1.0.0, sqlalchemy v2.0.35, and turbodbc v4.4.0. For our ETL baselines, we
use Apache Spark v3.3 with PostgreSQL’s JDBC driver v42.7.4 and PostgreSQL’s native pg_fdw and
PGSpider’s jdbc_fdw [19] v0.4.0. Additional specialized baselines include ConnectorX [90] v0.3.3
and Modin on Ray [67, 73] v0.30.1.

Datasets and Use Cases: Table 3 summarizes the characteristics of the used datasets. We selected
these datasets because of their use in related work [74, 90] as well as their diverse characteristics
(number of rows and columns) and data types. Our use cases comprise data science (PostgreSQL to
pandas, and CSV to pandas) and ETL (PostgreSQL to Spark, and PostgreSQL to PostgreSQL).

5.2 End-to-End Data Transfer

We first present XDBC’s end-to-end evaluation across various applications and environments.

Data Science Use Cases: Many data science applications require moving data from a data store
(e.g. an object store or an RDBMS) to a data science environment, e.g. Python pandas. Figure 7
shows the results of XDBC and state-of-the-art baselines. First, Figure 7a shows the results for
loading data from PostgreSQL into a pandas dataframe. XDBC substantially outperforms the generic
turbodbc (by an order of magnitude), DuckDB, and Modin, while also matching and sometimes
improving (= 15%) the runtime of the specialized Connector-X. Second, Figure 7b shows the results
for transferring a remote CSV file to pandas. The baseline uses pandas’ builtin read_csv with
PyArrow. We see that for the largest dataset (lineitem), XDBC is ~ 1.5X faster than the default
HTTP CSV reader, while for smaller datasets the difference becomes negligible.

/Insight: XDBC shows performance competitive with specialized data transfer techniques like
Connector-X and PyArrow.
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Fig. 9. ETL/Database Migration.

Data Science in Varying Environments: To evaluate connector behavior across environments
(e.g., cloud-to-laptop transfers), we vary CPU cores and network bandwidth (Figure 8a). XDBC uses
two client configurations: conservative (1 worker/component) and aggressive (ser: 8, decomp:
4, snappy), and a default server (read: 10, deser: 4, decomp: 4). Connector-X also uses aggressive
(8 threads) and conservative (matching available cores). For many cores (8, 16), both perform sim-
ilarly, but with fewer cores (1, 2, 4), XDBC outperforms Connector-X by up to 2%, as Connector-X
struggles to parallelize PostgreSQL reads effectively on limited cores. However, xdbc[aggressive]
underperforms with 1 thread due to overprovisioning but becomes competitive at 8. Figure 8b
shows the results with varying network bandwidth at 8, where xdbc[comp] and xdbc[nocomp]
use the same [aggressive] configuration, but with and without snappy compression, respectively.
We observe that beyond 250 MB/s, network is no longer the bottleneck and thus, xdbc[nocomp],
xdbc[comp], and Connector-X show similar runtime. However, at 125 MB/s (e.g., 1 Gb Ethernet),
network bandwidth becomes the limiting factor, and thus, compression in xdbc[conf] pays off with
a 2X improvement over xdbc[nocomp] and 2.5x over Connector-X. For large network bandwidths,
compression causes unnecessary overhead, and thus xdbc[nocomp] performs better.

/Insight: Picking the right parallelization and compression strategies allows XDBC to achieve
robust performance even in constrained environments with limited resources.

J

ETL Use Cases: ETL use cases often require consolidating data from operational source systems
into data lakes or data warehouses. To emulate these use cases, we conduct experiments for loading
a table from PostgreSQL into Apache Spark and PostgreSQL, respectively. First, Figure 9a shows the
results for bringing data into Apache Spark. Similar to the data science use cases, XDBC outperforms
JDBC (parallelism degree of 8) for the lineitem dataset by 4x, and for the IoT dataset by 5x. These
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Fig. 11. Cloud: CSV to CSV in Different Environments.

results show the inefficiency of existing generic JDBC-style connectors, as they were designed to
fetch little data for OLTP applications, as well as the performance impact of integrating XDBC
with widely used data processing systems. Second, Figure 9b shows the results for PostgreSQL to
PostgreSQL data transfers and thus, is representative for both data warehouse environments as
well as federated data processing and database migrations. In this case, we implement a PostgreSQL
foreign data wrapper around XDBC, and compare it to the PostgreSQL native foreign data wrapper
(pg_fdw), and a JDBC data wrapper (jdbc_fdw). XDBC outperforms jdbc_fdw by more than an
order of magnitude, and even the native pg_fdw by 2—4x. We attribute the performance difference to
PostgreSQL sequentially serializing, reading, and writing data independent of the global parallelism
configuration, while XDBC parallelizes the data transfer. Third, Figure 10 shows the results for
a Parquet to CSV data transfer in two common ETL environments. We examine three XDBC
configurations: (1) Parquet as the intermediate format with CSV conversion at the Client, (2) our
columnar format with CSV conversion at the server, and (3) our columnar format with compression.
The DuckDB baseline uses its remote Parquet reader. Using Parquet is beneficial in the unrestricted
network environment because only one conversion is necessary (Parquet to CSV), while using our
columnar format leads to slightly worse performance because of the two conversions (Parquet to
columnar and columnar to CSV) and ~ 70% more data transfer. XDBC outperforms DuckDB because
of the parallel conversion for the larger datasets. In the restricted network environment—with
125 MB/s, where data transfer is the bottleneck—Parquet shows the best performance, but our
columnar format with snappy compression is competitive because of its reduced data transfer size.

/Insight: XDBC shows substantial performance improvements compared to generic and specialized\
. solutions in data warehouses.
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Fig. 12. Cloud: Impact of Parallelism (default 1).

Cloud Use Cases: Disaggregated storage in the cloud enables independent scaling of compute
and storage but requires data transfers across nodes and data centers. To evaluate XDBC’s overhead,
we compare it with simple file copies using netcat. In local environments (Figure 11a), XDBC is
up to 2X slower than netcat for the largest dataset (lineitem). However, applying XDBC’s skip
serialization rule (bypassing deserialization and serialization) reduces this to 1.4X, with comparable
performance to netcat for smaller datasets. Unlike netcat, which transfers raw byte streams,
XDBC executes a generic pipeline—read, deserialize, send, receive, serialize, and write—designed
for heterogeneous system environments. To validate the findings of our Docker-simulated envi-
ronments, we conducted additional experiments on three physical nodes (big: same as Section 5.1,
small: 4-core Intel (R) Xeon (R) E5530 at 2.40Ghz, 50GB of memory, and laptop: 14-core Intel (R)
Core (R) i7-1370P, 64GB of memory) as well as two different networks using a 1 Gb Ethernet (125
MB/s) and a 200 Mb WAN (25 MB/s). Big and small servers are connected via 1 Gb Ethernet and the
laptop via WAN. The results in Figure 11b are consistent with result in simulated environments
(Figure 11a, 125 MB/s not shown): netcat outperforms XDBC without compression and in network-
bound environments, XDBC with compression outperforms netcat, even with multi-threaded
de/compression applied before and after the transfer.

Insight: XDBC shows performance close to raw byte-stream copies in local environments due to
pipeline parallelism, and can improve performance for slow networks due to compression.

5.3 Micro Benchmarks

To study the individual XDBC components and their parameters in different environments, we
perform a series of micro benchmarks. In order to avoid a combinatorial explosion, we present
selected experiments with the following defaults: transfer of in-memory CSV files, a parallelism
degree of 1, the row format, a 40 MB buffer pool, and a 1 MB buffer size. We then explore the
parameters independently and report the mean of 10 repetitions.

Impact of Parallelism: We first investigate the impact of parallelization, i.e., number of workers
for read, de/serialize, de/compress, and write. Figure 12 shows the results for transferring the
lineitem table for CSV to CSV and PostgreSQL to CSV in a cloud environment (16 cores for server
& client, unrestricted network), where we vary the parallelism of individual components, using
snappy compression. For the CSV source, scaling the serialize parallelism significantly improves the
performance (8 workers, see Figure 12a) because the serialization component dominates the runtime
for local transfers. In contrast, for the PostgreSQL source, increasing the degree of parallelism for the
reader improves performance (see Figure 12b). For the rest of the components, increasing the paral-
lelism slightly degrades performance. The pipeline performance is bound by the slowest component,
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Fig. 14. Comparing Intermediate Formats.

and thus, increasing the parallelism of others does not yield improvements. In order to find the sec-
ond dominating component, we set the serialization parallelism to 8 for CSV to CSV and the read par-
allelism to 8 for PostgreSQL to CSV, keep the rest of the parameters at 1, and then again vary the par-
allelism of individual components. For CSV to CSV (Figure 13a), we see that increasing compression
parallelism improves performance marginally, whereas for PostgreSQL to CSV (Figure 13b) increas-
ing the serialization parallelism yields a substantial runtime improvement of up to 3X. In conclusion,
different systems need different configurations, and parameters cannot be tuned independently
of each other due to pipeline parallelism where the slowest component determines throughput.

/'Insight: Parallelism tuning requires holistically tuning parameters to address pipeline bottlenecks |
and optimize performance.

Impact of Intermediate Formats: Figure 14a compares different intermediate formats for a
CSV to CSV transfer, as well as plain copies without de-serialization. De-serialization incurs ~ 30%
overhead for the largest dataset, and Arrow exhibits more overhead than our row and column
formats, which is likely due to Arrow’s API which involves several function calls. Figure 14b
shows the results for loading data from remote Parquet files to pandas. We compare two XDBC
intermediate formats: Parquet (compressed) and our columnar format. The baselines are the builtin
HTTP Parquet reader with PyArrow, and DuckDB, which has its own Parquet reader. We observe
that XDBC with the columnar format outperforms the baselines for the datasets containing strings,
as string conversion is expensive. XDBC’s pandas connector converts the strings in parallel on
receive. Parquet transfers ~ 70% less data but the builtin Parquet converters show poor performance.
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"’Insight: Format conversion is inevitable when source and target formats differ; parallelizinga
deserialization and serialization along with other steps mitigates such conversion costs.

Impact of Environments: A single default configuration cannot yield good performance in
all environments. To quantify this effect, we conduct experiments in cloud-cloud, cloud-fog, and
fog-fog environments. First, we use the best configuration from our cloud-cloud environment
(read:1, deser:4, comp:snappy:4, decomp:4, write:16) and run the data transfer in cloud-fog. After
having fixed the configuration, we scale the individual parameters in Figure 15a. We observe
that the parameter with the most impact is the write parallelism (best performance is achieved
with a write parallelism of 2, further increasing the parallelism degrades the performance). For
decompression parallelism, performance degrades from 1 to 4 threads but then improves for 8
and 16 threads, where it is 1.2X better than with 1 thread. In contrast, scaling read and compress
does not impact the performance, while the deserialization gets marginally worse when increasing
the parallelism, and improves at 16 threads. These non-monotonic behaviors are due to complex
interactions of queue load balancing, over-provisioning, and environmental factors, such as memory
I/O. Furthermore, we compare the best cloud-cloud configuration (cc-config) with the best cloud-
fog configuration (cf-config) in cloud-fog (see Figure 15b). For all datasets, cf-config yields a 2X+
performance improvement. Figure 16 shows the results of repeating these experiments in a fog-
fog environment, where we see very similar characteristics. Thus, tuning configurations for the
environment is of utmost importance.

"’Insight: Environments require tailored configurations; the best configuration in one environment
may underperform in others.
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Fig. 17. Scaling Environment/Parameters.

Impact of Memory Management XDBC operates on a fixed memory budget, split into buffers
(see Section 3.2). Larger buffers improve compression and transfer speed but reduce in-flight
buffers, limiting pipeline parallelism. Smaller buffers increase thread communication, causing
queue contention. To explore this trade-off, we scaled these parameters (XDBC conf. read/write:1,
de/ser:8, de/comp:2, snappy without skipping deserialization) in a cloud environment (1000 MB/s).
Our experiment results in Figure 17a show that i) smaller buffers worsen performance due to
increased communication and lower compressibility and hence more data transfer, and ii) XDBC
can efficiently transfer GBs of data with just 2MB of memory. Note that some buffer sizes are
infeasible due to insufficient in-flight buffers required by XDBC (see Section 3.2).

/Insight: Effective memory management depends on tuning buffer pool and buffer sizes to match
the workload. With the right configuration, high-performance data transfer is possible even with
limited memory budgets (2MB).

Impact of Compression: Compression can yield runtime improvements, especially in restricted
networks. However, compression may also add overhead if network is not the bottleneck. Further-
more, the buffer size and intermediate format influences the performance of compression, both
w.r.t. runtime and w.r.t. compression ratio. Additionally, parallelism may help mitigate compression
overhead. To better understand these trade-offs, we conducted a series of micro experiments with
different buffer sizes, compression libraries, and degrees of parallelisms in different environments:

(1) Compression Effectiveness: To understand the impact of compression, we conducted an
experiment with different compression libraries in different network environments. The results
in Figure 17b show that for up to 100MB/s the heavyweight zstd is more beneficial, while from
then on other more lightweight compression mechanism offer slightly better performance, and
at 500MB/s compression does not improve performance.

(2) Buffer Size and Format: Figure 18a shows the runtime for transferring the lineitem dataset
in an environment with 16 client/server cores and 1000 MB/s network. Here, compression can
yield a speedup of 2x. For small buffer sizes of 64 and 128KB, the compression libraries perform
similarly and zstd is the slowest (up to 1.8x). For larger buffer sizes through, the intermediate
format plays a role, i.e., a columnar format can yield a runtime reduction of = 15%, compared
to the row format. For a very large buffer size of 1MB, compression slows down due to larger
dictionaries. Figure 18b shows similar results for the ICU events dataset. However, for this dataset,
the columnar format is not beneficial. Overall, in this cloud environment, a buffer size of 256-
512 KB, a lightweight compression library (e.g., snappy/1z4), and columnar format are desirable.
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Fig. 18. Impact of Buffer Sizes and Formats on Compression Performance and Ratios.

(3) Transferred Size: An important factor for cloud costs (and runtime performance because of
network I/O) is the transferred data size, shown in Figures 18d (lineitem) and 18e (ICU). For
lineitem, the columnar format, large buffers (512-1024KB), and zstd (followed by snappy, Izo,
and 1z4) lead to the smallest data size. However, these compression ratios and rankings are
strongly data dependent. On ICU, zstd achieves 2X better compression while other libraries
perform similar. Buffers larger than 256 KB and columnar format do not impact the data size.

(4) Cloud-Edge: Figure 18c shows the results for the ICU dataset in a cloud-edge environment. We
assign the server 16 cores, the client 1, and limit the network to 10 MB/s. In this network-bound
environment, the runtime largely depends on the transferred data size, and thus, zstd performs
best, yielding almost an order of magnitude better end-to-end runtimes than uncompressed
transfers. While we see that a columnar format does not improve performance for the ICU
dataset, for the lineitem dataset (in Figure 18f) the columnar format with compression yields
substantial improvements, especially for larger buffer sizes.

(5) Compression Parallelism: To analyze compression overhead and explore mitigation strategies,
we transferred the lineitem dataset across unrestricted and restricted networks while increasing
parallelism. In the unrestricted case (memory speed, Figure 19a), compression provides no
performance improvement even with parallelism. At a parallelism degree of 1, compression
causes slowdowns of up to 5x for zstd and ~ 3X for snappy, but with 8 threads, the slowdown
drops below 2x. In the restricted setting (1000 MB/s, Figure 19b), compression initially degrades
performance by 2.5% (zstd) and 1.5X (snappy) for single-threaded execution. However, increas-
ing parallelism mitigates this overhead, making compression effective; lightweight libraries
(e.g., snappy, 1z4, 1zo) achieve up to 3x speedups with 8 threads. The performance degradation
at 16 threads is due to global over-provisioning and context-switching overhead.

Insight: Compression is effective in restricted environments but requires careful tuning. Moderate
buffers (256-512KB), lightweight compression (e.g., snappy), and columnar formats perform well
for compressible datasets, while zstd and larger buffers reduce data size in extremely network-
bound settings. Tuned compression parallelism (4-8 threads) mitigates runtime overhead.
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Table 4. Simulated Use Case Environments. Table 5. Optimization Times.
Env S. C. N. Source Target Dataset Env Heuristic Brute-force
1: IoT 16 8 100 PostgreSQL Pandas IoT 1 66 ms 647 ms
2: Backup 32 16 1000 PostgreSQL CSsv Lineitem 2 217 s 30.5s
3:ICU 16 12 50 CSv Pandas ICU 3 75ms 1.7s
4: Copy 8§ 8 o CSv CSv Lineitem 4 191 ps 121 ms
5: ETL 8 8 500 PostgreSQL Spark Lineitem 5 73 ms 116 ms
6: Migr. 8 8 100 PostgreSQL PostgreSQL Lineitem 6 61ms 3.2s

5.4 XDBC’s Optimizer

Having studied hand-crafted default configurations and systematic parameter sweeps, we now
turn to the XDBC optimizer (see Section 4) for automatically finding good configurations. Given
a set of performance characteristics obtained via offline profiling, a dataset, and a client/server
environment (including networking), the optimizer provides the configuration that is expected to
perform best, according to our cost model. Note that offline profiling only requires running the
pipeline once, to obtain component throughputs.

Environments: Table 4 summarizes six different environments with different client/server cores,
network limitations (where co means local), source and target systems, as well as the datasets. These
different environments represent realistic use cases with different hardware. For each environment,
we manually designed an “expert configuration” for comparison.

Runtime Performance: Figure 20 shows the results for running the six expert configurations in
all six use case environments. We mark a theoretical upper bound, typically determined by XDBC'’s
slowest component, often the de/serializers. There are three major take aways. First, even for these
well-chosen expert configurations, there is substantial variance in the runtimes. Some configurations
like pg perform well in their environment (i.e., Env6) but perform the worst in others (e.g., Env2,
Env4). Second, the expert configurations do not always yield the best performance in their intended
environment. This result emphasizes the difficulty of chosen well-performing configurations,
especially for non-expert users. Third, our optimizer finds robust configurations that lead to good
runtime performance, which is on par with the expert configurations and in some cases outperforms
all other configurations (e.g., Env 2 in Figure 20b and Env 3 in Figure 20c). We also implemented a
brute-force optimizer (bf) that enumerates all valid configurations using the same cost model. Our
heuristic optimizer is consistently close to, and occasionally outperforms, the brute-force approach.
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the cost is not accurately predicted, we can see that there
is a correlation between estimated and real throughput,
with most configurations being overestimated. This over-
estimation is expected due to the incremental worker
assignment method employed by the optimizers. For instance, when a component’s throughput is
slightly below an upper bound, such as the available network bandwidth, the optimizer increases
the worker count to surpass the bound, leading to an estimated throughput exceeding the actual
network bandwidth. Additionally, manual configurations further amplify overestimation as their
throughput calculations ignore bounds. For example, assigning many compression workers results
in high estimated throughput, even when constrained by low network bandwidth.

Optimization Time: Finally, Table 5 compares the optimization time of our heuristic optimizer
with the brute-force optimizer (that explores the whole search space but prunes invalid configura-
tions). While generally optimization is in the order of milliseconds, for some configurations the
brute-force approach needs substantially more time to find the optimal configuration. In particular,
for Env 2, which has 48 total workers, the optimizer needs 30s to produce an optimal configuration,
while for Env 6 the optimizer needs 3s. This experiment shows that enumerating the configuration
search space for large scale-up environments is prohibitive. With today’s many-core environments,
where 128 cores and more are not uncommon, the brute-force approach is not practical. Overall, our
experiments show that our cost model is a solid basis for optimization and our heuristic optimizer
robustly produces good plans in milliseconds.

Estimated Throughput (MB)

Fig. 21. Cost Model Analysis.

,Insight: The heuristic cost-based optimizer robustly and efficiently adapts configurations to|
diverse environments, delivering high performance with negligible optimization times.
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6 Related Work

XDBC is broadly related to work on specialized connectors and data transfer techniques, ETL tools
and integration platforms, as well as data exchange platforms and data transfer in the cloud.

Optimized Data Transfer: Apart from the already discussed data transfer optimizations, which
suggest columnar intermediate formats [74] and leveraging parallelism [90], there is additional
related work. Pipegen, the closest approach to ours, relies on unit tests for CSV I/O to automatically
generate data transfer sockets [48], but lacks tuning knobs for individual transfer steps. Noll et al.
further improved data loading with compressed storage, offloading compression to the client [69].
Other approaches include FastDAWG [91] (which leverages RDMA over infiniband to improve inter-
DBMS data transfers), Muses [54] (which directly transfers intermediate data between distributed
systems), and Portage [39] (which implements serializers/deserializers for every system pair, to
avoid intermediate representations). Additionally, Apache Arrow Flight is an RPC framework (using
gRPC and the IPC format) for data services on Arrow data [15]. It enables efficient transfers of Arrow
data, but does not allow scaling or customizing individual components of the transfer pipeline. In
contrast to specialized techniques, XDBC is a holistic, end-to-end data transfer framework with
automatic optimization according to data and environment characteristics.

ETL Tools: There exist a variety of commercial platforms for extraction-transformation-loading
(ETL) processes and data integration, including IBM Infosphere [4], Oracle GoldenGate [7], Infor-
matica [5], Pentaho Kettle [9]. These ETL tools allow users to consolidate data from heterogeneous
data sources through ETL processes into data warehouse environments, and offer rich functionality
with many connectors and pipelines across multiple source and target systems, as well as visual
workflow editors for composing these ETL flows. Earlier research also explored the optimization
of such multi-system ETL pipelines [80, 81]. Additionally, Rheem’s [21] optimizer considers data
transfer costs for finding efficient cross-platform execution plans [60]. However, in contrast to
XDBC, these works do not consider low-level details of data transfer and knob tuning for adapting
to the environment. XDBC could be integrated in those platforms to provide more efficient data
transfers between individual systems.

Integration Platforms: Besides ETL tools, enterprise application integration (EAI) aims to
integrate arbitrary heterogeneous systems and applications. Examples are SAP Process Integration,
IBM Message Broker (now IBM App Connect) [50], and Microsoft Biztalk Server (now Azure
Integration Services) [66]. These systems often use persistent message queues, XML/JSON as
a general but costly intermediate representation, (streaming) XML transformations and other
operations, as well as a wide variety of inbound/output adapters/connectors for interacting with
external systems. Example adapters include SQL and web-service sources, and workflows across
such sources exhibit optimization opportunities [82, 88, 89]. In contrast, XDBC focuses on efficient
data transfer and low-level tuning according to environment characteristics.

Efficient Readers and Processors: There has been extensive work on parsing and loading
different file formats, including CSV [37, 45, 61, 68, 83], JSON [63, 65, 70], XML [33, 58, 62, 72],
and spreadsheets [27, 43, 75]. Other work focused on directly processing external files without
explicitly loading them in a database system [24, 32, 55]. All these approaches are orthogonal to
XDBC. The first category can be leveraged as physical reader implementations in the XDBC Server
for different file formats. The second category can be leveraged for directly processing external
files from other systems, using the XDBC Client, without loading them in a DBMS.

Data Exchange Platforms: Furthermore, there has been extensive work on hybrid systems
that leverage HDFS and parallel DBMSes (data warehouses). For example, Polybase proposes to
interleave processing and storage capabilities of both data flow engines (e.g., MapReduce) and
DBMSes (e.g., Microsoft PDW), by materializing data periodically, or directly streaming data
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between systems for individual queries [36]. MISO proposes a cost-based optimizer to decide on
physical design, i.e., which data to move where [64]. Extending the work on Polybase—which only
pushed filters and joins for co-located data—Zigzag join proposes to exchange Bloom filters to
enhance join processing across MapReduce and DBMSes [86]. While all these approaches improve
the overall data transfer, their goal being to reduce data transfer, they do not focus on how to
transfer data efficiently. Accordingly, XDBC could be employed for accelerating the remaining data
transfer in such systems.

Data Transfer in the Cloud: Recently, there has been a shift towards analytics platforms in
the cloud [59, 87]. Therefore, existing work aims to optimize data analytics workflows directly
on cloud object storage [38]. While we do not directly consider data analytics, XDBC can be
leveraged to accelerate data loading from different cloud providers and instances, considering the
variety of hardware characteristics of different cloud instances. Additionally, to facilitate intra and
inter-cloud transfers for ETL and geo-distributed analytics, cloud providers offer their own bulk
transfer tools [1-3], at the time focusing on object storage systems. To optimize such transfers for
runtime and monetary cost, Skyplane proposes to route bulk transfers across different regions [51].
While XDBC and Skyplane share common goals regarding runtime performance, the approaches
are orthogonal to each other. Skyplane is mostly concerned with object storage data access and
not heterogeneous systems and thus, could be extended with XDBC to support more sources and
adaptively tune its routing algorithm.

7 Conclusions

Data transfer is a crucial task in today’s decentralized data ecosystem. In this paper, we introduced
XDBC as a holistic data transfer framework which achieves both good generality for easily con-
necting heterogeneous data systems, as well as performance close to specialized point-to-point
connectors. We draw two major conclusions. First, the abstraction of different pipeline components
with multiple configurable physical implementations provides great flexibility for tuning the data
transfer pipeline according to environment and data characteristics. Second, our simple, rule-based,
heuristic optimizer is able to quickly find very good configurations despite the large search space.
Together, XDBC yields substantial runtime improvements compared to generic data transfer tools,
sometimes even outperforming specialized connectors.

Interesting future work includes additional physical component primitives (e.g., RDMA for
send/receive [52], computational storage for read/serialize [25]), integration into composable data
systems [42, 71] (e.g., efficient data transfer between modular execution engines [40, 79]), as well as
support for more general integration flows [28, 80, 81] in terms of workflows or data flows graphs
with additional operations (e.g., two source systems, data enrichment, target system).
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