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Abstract
In this paper we propose an approach for performing data trans-
formations near- or in-storage. The currently prevailing approach
of extracting the data and then transforming it to a target format
suffers data movement and causes degraded system performance.
To mitigate these challenges we propose an approach offloading
data transformations as near-data processing operations. The
results show robust performance of foreground workloads and
lower resource contention. We present opportunities in multi-
engine and multi-system settings, for ML pipelines and for reuse.
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1 Introduction
Motivation. Data analytics pipelines are widely used to extract

insights from OLTP or data ingestion systems or answer predic-
tion queries. To this end, data is exported and transformed into
open columnar data formats [41] such as Arrow [3], ORC [4], or
Parquet [5] to be consumed by data analytics and machine learn-
ing frameworks. However, exporting and transforming OLTP
data is slow and expensive [25, 30], as it is resource-intensive and
incurs significant data movement. The latter is the root cause of
many inefficiencies [8, 14] as fresh OLTP data must be scanned
and extracted, incurring slow I/O, as well as memory and CPU
contention with foreground workloads. Given the trend towards
super-linear data growth rates, the impact of movement will
continue to increase in the future.

What’s more, data analytics and machine learning pipelines
are deployed on popular Python frameworks such as Pandas,
PyTorch, TensorFlow, or SciKit-Learn. Noticeably, such wide-
spread analytics and machine learning tools do not integrate
with DBMS beyond bulk dataset transfers [30]. To reduce the
export and transformation cost, typically small samples are ex-
tracted, which inevitably reduces the accuracy of analytics algo-
rithms [30]. As these are separate tools, the advantages of modern
Hybrid Transactional Analytical Processing (HTAP) DBMS for
analytics pipelines cannot be exploited. The pressure to export,
transform and import large amounts of data across systems is
likely to increase, since Python tool eco-systems and DBMS are
separate systems.

∗Work performed while at Reutlingen University.
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Figure 1: (Top) various alternatives for data transforma-
tions: by exporting DBMS data and importing it in the
target system; directly accessing the source DBMS; and in-
storage. (Bottom) comparison of these approaches under
HTAP settings with simultaneous OLTP workload.

State-of-the-Art Overview. Given the strong focus on data an-
alytics and the necessity to export data from various sources,
there is a rapid spread of open formats [3–5]) and analytical
systems that support them [20, 28]. Yet, prior work has shown
that exporting and transforming data to the target format is a
major source of inefficiency [25, 30] (Fig. 1, top left). To this end,
new designs [25] (Fig. 1, top middle) investigate storing the main
part of the dataset in Arrow, with a novel OLTP engine on top.
DuckDB [20] or Velox [28] among other systems can natively
operate on Arrow.

However, the majority of the proposed approaches, while effi-
cient and universal are hardware-oblivious and do not primarily
target data movement. Yet, there has been significant progress in
the field of hardware, especially intelligent-storage or -memories.
With the advance of semiconductor memories and fabrication
processes, it has become economical to produce combinations
of storage and compute elements packaged on the same device.
Such intelligent storage devices allow offloading operations for
on-device processing and offer better device-internal I/O charac-
teristics (bandwidth, latencies) than device-to-host. Hence, they
offer a possibility for data transformations and addressing data
movement. [8] presents a vision for transparent data transforma-
tions that can be offloaded to smart memories. Along the same
lines [32] demonstrates an approach for near main-memory row-
column transformations.

Contributions. This paper proposes the offloading of data trans-
formations to smart storage. We argue that nDTs can be executed
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as near-data processing (NDP) operations and are a natural fit
for smart storage/memory to reduce data movement.

The main idea is to perform data layout transformations on-
device on compute cores close to the physical data location, in-
stead of effortfully moving all the OLTP data to the host (Fig. 1,
top right). Thus, nDT benefit from the high on-device bandwidth.
Furthermore, nDTs are executed fully autonomously on-device
without host-DBMS intervention or resources contention.

A key aspect of nDT is that in HTAP settings, they execute
against a transactionally consistent snapshot of the database
computed on-device. They offer snapshot isolation transactional
guarantees and high data freshness, thus enabling multi-engine
settings. nDT also offer optional time-travel semantics.

In HTAP settings, nDT ensures robust co-execution by running
autonomously and contention-free on-device, leaving foreground
workloads to the host-DBMS.

Furthermore, nDT support streaming transformation results
to the host for multi-engine settings, but also materializing them
on device for later reuse, or for consumption by other systems.
Notably, nDT provide for fast incremental updates of material-
ized and transformed data (so called delta-nDT), i.e., given a prior
materialization, only the fresh delta can be computed, in a re-
peated transformation runs. While materialization and reuse are
well-studied optimizations [18, 19, 27, 39] also leveraged in the
ML-domain [16, 35, 40], our work demonstrates that those are
also applicable in NDP-settings.

Lastly, nDT are economical. Transformations are faster in-
memory, yet more expensive given the current cost of∼20 000$/TB
server-DDR5 vs. ∼500-1000$/TB of fast smart storage.

The potential of the proposed in-storage transformations is
demonstrated in Fig. 1. We compare different approaches under
HTAP settings and the CH-benchmark [12], while running the
data intensive Q6 in parallel to the OLTP load.

We establish PostgreSQL and the ARROW engine [2] as our
primary baselines to highlight the performance difference when
each engine operates on its native format. In addition, we com-
pare different import mechanisms (ArrowDBC, CSV) allowing
the ARROW engine to obtain the most recent data from the
DBMS in advance. The runtime under PostgreSQL indicates the
overhead of data movement, while the other comparands indicate
the additional overheads of data export and transformation. nDT
is fast as it mitigates data movement by offloading the ARROW
transformation to storage.

2 Related Work
Given the diverse modern workloads, HTAP systems manage
row-organized layouts, transforming them to columnar layouts
for OLAP processing [21, 24, 31, 33], or dynamically adapting
layouts [1, 23] on the host. Prior work [9, 11, 22, 36] was able to
accelerate analytical operations with NDP, reducing data trans-
fers. RME [32] demonstrates on-the-fly layout transformations in
main-memory, utilizing FGPA-based custom hardware, or DDR
memory controller. To the best of our knowledge, nDT is the
first to present transactionally consistent on-the-fly layout trans-
formations running in-storage on simple PEs, supporting multi-
engine/system settings.

3 Key Challenges
Transactional guarantees. Equipping nDT with strict transac-

tional guarantees is essential for transactional processing within

multi-engine DBMS and frameworks that lack transactional ca-
pabilities. A second key aspect is the ability to execute nDT
asynchronously in an interruption-free manner. The main obser-
vation is that slow and blocking host-device roundtrips can be
avoided, for instance for schema- or address-information. This
way co-execution is achieved, i.e. while the host-DBMS continues
processing the foreground workload, the device executes nDT
autonomously without contention.

On-device materialization. A central challenge in nDT lies
in enabling and orchestrating the materialization of results on-
device, in contrast to streaming them up to the host. This way
a richer set of execution models becomes possible, involving
for instance vectorized or materialized execution, depending on
the operations, the involved engines, or the on-device hardware,
e.g. vector PEs. Materialization is economical on smart storage
because of the lower (≥20×) price/TB relative to DRAM, or the
re-computation savings.

Reuse. Another aspect that materialization enables is reuse.
For instance, it may allow cooperative execution of analytics
pipelines that share common input or intermediary data. Further-
more, its materialization fosters multi-engine settings. Lastly, if
an older nDT result is already materialized, a fast incremental/Δ-
nDT, should bring it up-to-date at low overhead.

4 DBMS design for in-storage transformations
A key idea of this paper is that nDT can be executed as a near-
data processing (NDP) operation on smart storage, mitigating
some of the well-known overheads that the layout dichotomy
and transformation pose on DBMS designs [7]. To this end, nDT
leverages snapshot-based NDP on multi-versioned storage. This
strategy has been proven feasible in PostgreSQL, MyRocks, and
MySQL, demonstrating broad system applicability [9, 11, 36–38].
Importantly, it fulfills the prerequisites for nDT, which include:
mechanisms to synchronize the latest modifications with the de-
vice and multi-versioned storage. In the following, we overview
the design of such NDP-DBMS for nDT on the basis of neoDBMS
and it’s PostgreSQL extensions [36] and describe the nDT execu-
tion model.

Design Overview. In nDT’s execution model, the host-side
OLTP engine safely manages concurrency and write-heavy work-
loads. As foreground transactions execute, neoDBMS incremen-
tally accumulates modifications, and places them in a small
shadow area called shared-state [36] (Fig. 2). The shared-state
is regularly propagated at low overhead as it is kept small and
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Figure 2: neoDBMS NDP architecture and nDT integration.
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configurable in the range of a few hundred KB to a few MB. No-
tably, the shared-state is the only delta between the working set
in the large host-DBMS main-memory with the most up-to-date
data, and the much larger but colder and complete dataset on
smart storage. Crucially, nDT performs no data transformations
along the write path. All transformations occur on-the-fly along
the read-path as part of nDT invocations, with the option for
materialization and reuse. As a result, write-heavy workloads are
not bounded by on-device compute resources.

A key point is that after a shared-state propagation, the smart
storage attains all data necessary to construct a transactionally
consistent DBMS snapshot in-situ. The on-device processing
begins from the shared-state and only then moves to the cold
data, as version records in the latter may have been invalidated
by newer ones in the former.

The Delta-Buffer (Fig. 2) is a key element of the shared-state.
It accumulates the versions newly created by active transactions,
while predecessor versions remain in the main buffer. Further-
more, the shared-state accumulates incremental changes to aux-
iliary structures such as data dictionary definitions, the address-
mapping table (𝐿2𝑃𝑚𝑎𝑝 ), or the VID table (𝑉 𝐼𝐷𝑚𝑎𝑝 ), which we
introduce below.

To support shared-state propagation and on-device snapshot
construction, neoDBMS organizes version records as a singly
backwards-linked new-to-old (N2O) list [9, 36]. To mark the entry-
point of a chain, neoDBMS employs a 𝑉 𝐼𝐷𝑚𝑎𝑝 containing the
RecordID of the latest version record for each tuple. All version
records in a chain have the same Virtual ID (VID) as they belong
to the same tuple. Maintaining logical addresses is crucial as the
host DBMS operates on virtual memory and file system abstrac-
tions, while the device operates on physical addresses. To resolve
a RecordID in-situ, neoDBMS maintains a logical to physical
address-mapping (𝐿2𝑃𝑚𝑎𝑝 ) that is incrementally propagated with
the shared-state. This enables easy host-device coordination, as
both can resolve VIDs independently, while ensuring snapshot
isolation guarantees.

4.1 Transaction Consistency
All engines leveraging nDT for query execution operate on the lat-
est committed snapshot/version of the database, attained through
shared-state propagation ahead of any nDT invocation. In addi-
tion, these invocations run within a transaction context started by
the DBMS transaction manager. As a result, nDT offers Snapshot
Isolation at its minimum, but also SERIALIZABLE with transac-
tion managers supporting SSI [10, 29]. nDT is executed in-situ on
the on-device snapshot, while the columnar results are streamed
up to the analytical engine.

4.1.1 NDP/nDT Invocation. Before offloading any NDP opera-
tion, e.g., nDT to smart storage, the NDP-DBMS prepares the
execution. It retrieves the unique TxID of the calling transaction
and creates a list of all transactions currently in-flight, both nec-
essary for in-situ execution and in-situ snapshot creation. Next,
an nDT invocation is constructed, which comprises the trans-
action context, the involved DB objects, and the operations to
be executed. Along these lines, neoDBMS snapshots the current
shared-state, to be propagated alongside the NDP call.

During the preparation, the NDP-DBMS estimates and allo-
cates the storage and on-device resources necessary for the invo-
cation. The estimation is performed based on the expected selec-
tivity, the necessary compute resources or cache/FPGA-BRAM
sizes, and the current device load. Storage space is provided as

new DB pages, reserved and/or allocated for the pending nDT
invocation. The NDP space management is performed solely
by the DBMS. Therefore, if the nDT execution runs out of stor-
age, it requests additional pages from the DBMS at the cost of
an extra roundtrip. To this end, the current nDT execution is
temporarily suspended and only resumes after the space alloca-
tion completes. Noticeably, neoDBMS configures and allocates
on-device resources for each NDP call.

Upon nDT invocation, the worker threads of the NDP engine
get suspended and sleep-wait for the response of the in-situ
engine. The NDP engine may perform further invocations, which
will execute against their own on-device snapshots.

4.1.2 On-device nDT Scheduling/Preparation. nDT processing
on the individual smart storage processing elements (PEs) begins
with the arrival of the nDT invocation command. The in-situ
engine schedules the workload across the number of PEs specified
in the invocation. This is done by partitioning the in-situ𝑉 𝐼𝐷𝑚𝑎𝑝

uniformly over all PEs in a round-robin manner and assigning
each partition to a PE. The pre-allocated storage for the nDT
invocation is uniformly distributed over and assigned to all PEs.

Next, the in-situ engine launches the nDT (Sect. 4.2) as par-
titioned NDP jobs across the number of PEs. The jobs start by
performing a visibility check (Sect. 4.1.4) for each tuple start-
ing from the latest version record (referenced by 𝑉 𝐼𝐷𝑚𝑎𝑝 entry)
in their partition. To this end, nDT processing must be able to
navigate on-device, which we briefly explain next.

4.1.3 In-situ Navigation and Data Interpretation. nDT must ac-
cess, interpret and navigate the persistent binary data in-situ
without costly host interaction and transfer-intensive roundtrips.
To this end, schema information is propagated with the nDT invo-
cation to the device. It comprises information about DB-objects,
their schema (attributes, types, sizes), or physical representation.
The on-device NDP infrastructure employs that information to
support data layout accessors for in-situ navigation, and format
parsers. These are pre-compiled MicroBlaze [26] binaries.

Layout accessors exist for components of the persistent data
layout to navigate through the binary data organization in-situ.
For example, for the NSM-layout, individual records or their
headers.

Format parsers extract persistent binary elements (records, val-
ues), interpret them semantically, and allow for further process-
ing, mathematical operations, or comparisons. We distinguish
field, record, and page formats and layouts for this purpose.

In-situ address resolution. is an important part of in-situ navi-
gation necessary to reduce data transfers. It occurs, for instance,
during a version-chain traversal, when to retrieve a version-
record, the in-situ engine resolves its RecordID to retrieve its
physical location. To this end, the NDP-DBMS utilizes the logical-
to-physical address mapping (𝐿2𝑃𝑚𝑎𝑝 ) that is incrementally prop-
agated alongside the shared-state. It is then used to resolve log-
ical addresses to physical locations without slow and blocking
roundtrips to the host engine.

4.1.4 In-situ Snapshot Construction. To create a snapshot on-
device, the visibility check must determine the latest version
record of a version chain, committed prior to nDT invocation. To
this end, the in-situ engine takes the snapshot information from
the nDT invocation, i.e. the transaction ID (TxID) of the calling
transaction, the shared-state (delta-buffer and the 𝐿2𝑃𝑚𝑎𝑝 and
the 𝑉 𝐼𝐷𝑚𝑎𝑝 ).
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Given the N2O version organization, the visibility check is per-
formed by traversing the records in a version-chain backwards,
and comparing their creation timestamps against the TxID. The
visibility task on each PE extracts the entry-point RecordID of
each entry in the PE’s 𝑉 𝐼𝐷𝑚𝑎𝑝 partition and resolves it in-situ.
This RecordID resolution is based on the 𝐿2𝑃𝑚𝑎𝑝 and yields the
physical page pointer and a slot offset. It is then passed to the
layout accessor (Sect. 4.1.3) on the PE, which retrieves the corre-
sponding NSM page slot. The layout accessor extracts the record
header and passes it to the format parser to retrieve the transac-
tion timestamp for comparison against TxID. The invalidation
timestamp is available from the predecessor that has already been
processed. The visibility decision is taken based on both times-
tamps. All visible versions are passed on to the nDT execution.

4.2 Near-storage Data Transformations
nDT is designed to efficiently handle generic data layout trans-
formations in-storage. We illustrate nDT capabilities through a
row-to-column conversion, transforming NSM-formatted (row-
organized) OLTP-data to an Arrow compatible columnar storage
format. Arrow serves as a cross-language, cross-platform data
layer that enables seamless data interchange between various
systems and programming languages. Arrow employs a memory
layout that adheres to a zero-copy approach, optimizing data
movement and minimizing overhead. Metadata (Arrow Schema)
provide the blueprint for interpreting and processing the data
without unnecessary conversions. Moreover, Arrow introduces
record batches, a table-like data structure, which represents a
logical grouping of data across columns.

To transform the NSM data to Arrow, the smart storage pro-
cessing elements (PEs) employ a fast scratchpad memory (BRAM,
64 KiB) as shown in Fig. 3 and 6. The scratchpad provides a high-
performance memory resource that facilitates quick data access
and manipulation. To this end, a 8 KiB scratchpad partition is
reserved and used for loading database records after snapshot
computation and visibility checks (Fig. 3.A). The remaining free
scratchpad space is partitioned equally for each attribute tak-
ing part in the transformation and requested by the projection.
For each attribute that may contain NULL values, an additional
validity bitmap partition is created. Moreover, variable-length
attributes result in an extra scratchpad partition to store offset
information. Our experiments indicate that the scratchpad can
be sized much smaller without compromising performance, e.g.
transformation performance of the CH/TPC-C Orderline is the
same with 16KiB and 64KiB.

For efficient data rearrangement the row-to-columnar lay-
out transformation relies on scratchpad-to-scratchpad copies
(Fig. 3.B). Layout accessors would be sufficient for fixed-length
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Figure 3: nDT execution.

data types during the transformation process, as they also ac-
count for NSM layout alignment rules in data types. However,
to handle variable-length data types and type conversions, for-
mat parsers are employed to handle the specific transformation.
The record header is processed to determine NULL values in any
attribute and fill the validity bitmap (Fig. 6) partitions accord-
ingly. When scratchpad partitions become full, they are flushed
to pre-assigned pages (Fig. 3-C/D).

4.3 Reuse and Materialization
nDT supports on-device result handling and different result con-
sumption modes (Fig. 3), which address specific transformation
requirements and help optimize the data processing pipeline.

Streaming. nDT allow the streaming of results up to different
host systems as they are produced while transformation pro-
ceeds. This mode leverages the concept of Arrow streams, and
the transient nature of Arrow. nDT ensures efficient interleaving
of result production and consumption by the host engine. To this
end, multiple small buffers in on-device DDR are reserved to host
transformed results. Whenever they get full, a host notification
is triggered and a new result batch can be loaded. The PEs con-
tinue to concurrently prepare the next batch of data, ensuring a
continuous data flow.

On-device materialization. More importantly, the in-situ en-
gine may also materialize the transformation results on device.
In materialization mode, the PEs flush their scratchpad partitions
into pre-allocated NVM pages that are uniformly distributed
across all PEs, allowing for better parallelism. Upon nDT comple-
tion, PEs return the addresses and the sizes of every columnar
structure and their validity bitmaps and offset vectors (Fig. 3),
while unused space is marked free. In the rare case of insufficient
result space, the in-situ engine temporarily suspends the nDT
jobs and requests more free space from the NDP-DBMS.

4.4 Hardware Architecture
Our experiments are conducted on an ARM Neoverse N1 (N1-SDP
[6]) as the host, equipped with 4× 2.6 GHz ARM N1-CPU cores
and 16 GB RAM, connected to a computational storage device
(CSD) via PCIe Gen3 x16. The CSD is built upon an AMD/Xilinx
Alveo U280 (AU280) FPGA board, instantiated with up to 8 Pro-
cessing Elements (PEs) executing NDP operations and nDT. These
PEs are instantiated as MicroBlaze [26] scalar soft-cores running
at 200 MHz with full access to the on-board memory. A key
intuition is that all on-device engines and NDP-operations (trans-
formations, visibility-checker, accessors and parsers) are flexible
software tasks written in C and therefore easily applicable to other
architectures. Compared to commodity system, the compute ca-
pabilities of the PE is low, reaching a Coremark [17] score of
just 400 it/s. Because these wimpy PEs lack the robust memory
architecture of modern embedded cores (e.g., out-of-order exe-
cution, HW prefetchers, deep caches), we extended them with
scratchpad memories and software-managed data movement
(preloader/unloader). To accurately emulate the latency charac-
teristics of NVM storage, we use a hardware NVM emulator [34]
The CSD is configured to match the performance of Intel Optane
(3D XPoint) SSD and provides 32GB of NVM memory.

5 Multi-Engine System-Designs
nDT enables fully decoupled storage architectures and the use of
multiple analytical engines to achieve both high data freshness
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and efficient analytics. While multiple engines do not share their
formats, all operate on a tx. consistent snapshot of the database.

We extended PostgreSQL’s OLTP-focused row-based engine
with a column-based engine to demonstrate performance im-
provements for analytical queries in isolation and concurrent
HTAP settings. A single thread is allocated per analytical query,
prioritizing OLTP foreground workloads. Fig. 4 shows that em-
ploying multiple engines can be beneficial, especially for data
intensive operations while nDT performs on-the-fly data trans-
formation in-situ.

Furthermore, in HTAP configurations, performing analytical
queries alongside exporting and transforming data is resource
intensive and incurs significant data movement negatively im-
pacting performance (visible as throughput drop in Fig. 5). nDT
mitigates this by asynchronously and interruption-free executing
the transformation in-situ and only returning the requested sub-
set of data back to the engine, minimizing resource contention
and resulting in better and robust performance, as nDT does not
impact the foreground OLTP workload (Fig. 5). In addition, nDT
greatly minimizes the memory footprint by eliminating interme-
diate in-memory data scans and buffering, mitigating the impact
of data duplication during format transformation making it an
economical solution.
Insight: nDT may lead to efficient multi-engine DBMS designs by
reducing data movement and resource contention. We envision
a new type of poly-model stores where different nDTs (e.g., row-
column, or KV-to-column), are offloaded to smart storage, re-
layout persistent data in multiple data layouts on the way up to
the host.

Table <ArrowStruct>

Att1 (Uint32) Att2 (Int64) Att3 (Int32)

200

NULL

202

1

0

1

11

NULL

17

1

0

1

33

NULL

NULL

1

0

0

Column Validity Bitmap

Data Buffer

1

0

1

Record Validity Bitmap

1

1

0 nDT Record Visibility Bitmap

Record Batch

202

203

1

1

17

22

1

1

55

44

1

1

1

1

Update

Insert

1

1

ArrowStruct Metadata

nDT Arrow
Extension

Figure 6: Integration of delta transformations in Arrow.

6 Opportunities for Reuse
A core challenge in supporting reuse is to avoid the full cost of
re-materialization during transformations if the original OLTP
data has changed. To this end, we propose delta-nDT and an
extension to columnar-formats like Arrow. Δ-nDT efficiently
determine the OLTP modifications to the OLTP database that
occurred past the initial materialization on device. Comparing the
calling TxID against the TxID of the latest materialization allows
us to calculate the delta during in-situ snapshot construction
(Sect. 4.1.4). Only the modifications are then transformed and
appended to the existing materialization. To distinguish between
outdated and new entries, nDT creates a light-weight visibility
positional bitmap (Fig. 6) per delta creation, enabling snapshot-
isolated access to transformed data.

To demonstrate the efficiency of Δ-nDT, we start with an ini-
tial materialization and increase the percentage of modifications,
measuring the Δ-nDT creation time (Fig. 7-A). Noticeably, the
creation time increases linearly with the number of modifica-
tions. Next we evaluate Δ-nDT in an end-to-end setting. With
few modifications (e.g., 10%) Δ-nDT outperforms a native Post-
greSQL execution by 1.95× - 3.12× (depending on how much
data is buffered), indicating efficient delta construction and trans-
formation, avoiding the full cost of re-materialization (Fig. 7-B).
Insight: Delta-nDT and reuse are equally applicable to both multi-
engine and multi-systems settings. Reuse opens an economical
tradeoff, as it reduces (re-)computation and increases perfor-
mance at the cost of storage space, which is cheaper than DRAM.

7 Multi-System Architectures
The export and transformation overhead is especially prominent
in multi-system settings, where OLTP data is exported and trans-
formed to an open format, e.g., Arrow or Pandas DataFrame, to
be imported into a different system, e.g. DuckDB, SciKit-Learn.
We show the benefits of exposing OLTP data via nDT in Fig. 8,
comparing different export/import mechanisms without restrict-
ing CPU resources, prioritizing transformation and analytical
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Figure 7: Efficient incremental transformations with delta-
nDT offer opportunities for multi-system/engine designs.
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Figure 8: Impact of transformations on analytical work-
loads.

performance. In this setting, data is requested, transformed, and
consumed directly in a python environment, not as DBMS engine.

Interface. nDT introduces an interface called NDBC, resembles
other python DBMS and SQL interfaces. In addition to specifying
the SQL query, NDBC allows the configuration of the result-set
format (currently Arrow or Pandas DataFrame). If requested, nDT
reifies the result (transformed OLTP-data) as memory-mapped
files [13] (Fig. 1, right). To this end, they can be readily con-
sumed by various tools, e.g., DuckDB, SciKit-Learn. This mit-
igates wire-protocol overhead [25, 30] visible in Fig. 1-ADBC
and enables zero-copy access to the same data across multiple
engines/systems. Importantly, nDT requires no changes to the
analytical engines as NDBC exposes the transformed data as a
streaming data source.

Execution Models. Materialization and streaming enable dif-
ferent execution modes, e.g., materialized and vectorized. An
important observation is that with such models, different sys-
tem types can be served, e.g., OLTP, OLAP (vectorization), and
machine learning (materialization). However, the workloads ex-
hibit diverse consistency requirements. Operational analytics
demands the freshest OLTP data, whereas ML pipelines require
stable, consistent views over longer durations. nDT can lever-
age snapshot-based materialization and reuse to address both
needs. Beyond avoiding re-materialization, concurrent systems
can transactional consistent share transformed data even when
operating on different snapshots.

8 Machine-Learning Scenarios
We evaluate nDT in an end-to-end machine learning pipeline
using SciKit-Learn to train a k-Means clustering model. Our eval-
uation utilizes the TPC-H LINEITEM table (scale factor 10) across
three distinct clustering tasks. (T1) Seasonal pattern analysis:
Aggregates average daily return rates, grouped by month and
day to detect fluctuations. (T2) Logistics optimization: Calculates
average shipping duration per shipping mode to identify delays.
(T3) Supplier segmentation: Clusters suppliers based on recency,
frequency, and monetary metrics. For each task, LINEITEM data is
extracted from the DBMS, transformed into Pandas DataFrames,
and preprocessed prior to model training. The workload is read-
only and therefore distinct from the HTAP scenario in Fig. 1.

Fig. 9-A compares the end-to-end training utilizing CSV export,
ADBC, and nDT. While all approaches only request a subset
of the data from the DBMS, only nDT forwards and executes
transformations directly in-storage, applying selections in-situ
and therefore reducing data movement to achieve an overall
speedup of 1.45× - 9.05× across all tasks. In addition, the impact
of selectivity on the first clustering task is shown in Fig. 9-B.

(A)

(C)(B)

Figure 9: Impact of nDT on ML pipelines. On-device materi-
alization facilitates data reuse, improving iterative accesses
inherent to training algorithms.

Much of nDT reuse potential (Sect. 6) lies in data analytics and
ML pipelines. For instance, for cooperatively deployed data ana-
lytics and machine learning pipelines [15] on the same dataset.
Reuse is also relevant for iterative analytics over the transformed
nDT-results. In addition, reuse fosters materializing statistics
computed in previous pipeline stages or different pipelines, thus
trading computation, analytical performance, and resource con-
sumption for space. Notably, on-device materialization for reuse
is economical as smart storage space is much cheaper than DRAM
and low-overhead, leveraging the high on-device bandwidth (∼30
GiB/s) and the price/TB is more than 20× lower.

To demonstrate the benefits of nDT’s reuse mechanism in
ML pipelines, we iteratively execute the first clustering task de-
scribed above and measure the training time across increasing
iterations. Unlike the nDT baseline without materialization, the
reuse strategy fully materializes all requested columns during
the initial request, intentionally ignoring all filter criteria. The
transformed data is solely persisted on-device. After material-
ization finishes, all subsequent requests are served directly from
this pre-materialized snapshot, eliminating overhead from pars-
ing, visibility checks, and repeated transformations on device.
While the initial materialization incurs higher costs than on-
the-fly transformation, this cost is quickly amortized after just
three iterations (Fig. 9-C). Unlike CSV and ADBC, nDT achieves
fast iterative accesses without requiring the DBMS to buffer the
entire dataset in main-memory, potentially increasing resource
contention as demonstrated in Fig. 5.
Insight: nDT allows efficient consumption of transformed OLTP
data in multi-system settings. The efficient materialization of
nDT-results on smart storage emerges as a key mechanism. Fur-
thermore, low-overhead interfaces such as NDBC, mmap and
DataFrames support efficient integration in different eco-systems.

9 Conclusions
We propose near-data layout transformations that reduces host
resource contention while leveraging high internal smart storage
bandwidth. Within a reasonable cost/performance ratio, nDT ac-
celerates HTAP and ML analytics via cheaper storage offloading.
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