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Abstract
Recently, big data engines have increasingly shifted towards offload-
ing compute-intensive workloads from JVM to native execution
engines implemented in C++ or Rust. This transition enables better
exploitation of modern CPU features, particularly SIMD instruc-
tions, to address critical performance bottlenecks. In this paper,
we systematically evaluate the performance across three different
native vectorized execution engines, including C++ based Velox
and ClickHouse, and Rust based DataFusion, for the widely used big
data engine Apache Spark. Interestingly, we observe that offloading
computation to a native engine does not always guarantee superior
performance. Our goal is to provide insights into when to use a
native execution engine and which engine to choose, when not to
use, and how to automate this decision process.

To achieve this goal, we first investigate the root cause of per-
formance degradation: the overhead of vector materialization across
operators. Based on the insights, we propose a cost model driven
operator placement strategy that adaptively schedules operators
between the native vectorized engine and the JVM code generation
engine. Our evaluation demonstrates that this strategy effectively
validates our idea and achieves up to 2.1× speedup over always
offloading all operators to the native engine.

The transition to native engines also opens new opportunities
for hardware acceleration to further improve performance. We first
identify the bottlenecks that persist after native execution, and then
conduct a case study to accelerate Apache ORC table scan using
GPU and FPGA hardware solutions. Our results reveal that FPGA
can outperform GPU and deliver performance gains of up to 1.8×.
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1 Introduction
With rapid advancements in I/O technologies, including the adop-
tion of SSDs and high-bandwidth network interfaces, the CPU
has become the major bottleneck in big data analytics. A common
optimization is to enable SIMD vectorization to better leverage
the CPU instruction pipeline and cache memory hierarchy [3].
However, today’s big data engines, such as Apache Spark [43],
Apache Flink [12], and Presto [45], are predominantly JVM based
and largely rely on row-oriented execution models. Such execution
models hinder the exploitation of modern CPU features, especially
SIMD vectorization. On the other hand, while offloading computa-
tion to heterogeneous accelerators presents an alternative strategy
to address CPU bottlenecks, JVM also faces challenges in lever-
aging hardware accelerators due to limited hardware ecosystem
support [8, 14, 16], substantial data communication overhead [9, 36],
and suboptimal memory management [9].

The introduction of native execution [3] has motivated recent
research [21, 56] to offload big data workloads (i.e., operators) to
native execution engines developed in C++ and Rust, which are
designed to take advantage of SIMD capabilities on modern CPUs.
Within the Apache Spark community—one of the most widely used
big data engines—the trend has also emerged towards integrat-
ing open-source native execution engines, including C++ based
Velox [34] and ClickHouse [39], and Rust based Apache DataFu-
sion [20], through the Spark accelerator plugin such as Apache
Gluten [40], Auron [2], and Apache DataFusion Comet [7].

Motivation.While prior work [20, 34, 39] has evaluated the per-
formance of each native engine individually, there lacks an in-depth
performance comparison between these native engines in a unified
setting. Our quick comparison, using the top 20 longest-running
TPC-DS queries at a scale factor of 1TB, has revealed two interest-
ing observations: 1) for different queries, different native engines
excel; 2) for certain queries, offloading to native engines actually
degrades the query performance. Based on these observations, this
paper aims to answer the following key questions (summarized in
Figure 1). First, when should we choose native execution, when not,
and why? Second, if we decide to choose native execution, which
native engine should we choose for a given query? Third, after
native execution, which operators are the remaining bottlenecks
and how much hardware acceleration can potentially help?
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Workload Characterization. In this work, we present an in-
depth performance characterization of analytic workloads, compar-
ing vanilla Spark (JVM-based) with its various native engine imple-
mentations. Our evaluation combines end-to-end TPC-DS bench-
marking, quantitative bottleneck analysis of its longest-running
queries, and microbenchmarking of critical workloads derived from
these bottlenecks. We aim to provide valuable insights into the im-
plementation differences of these engines and highlight potential
opportunities for future performance improvements. Notably, the
study reveals that universally offloading all workloads to native vec-
torized engines does not necessarily deliver performance speedups,
especially in query pipelines with consecutive join operators, which
is observed in Presto and its native execution as well in our ablation
study. Here, we notice that in some cases the overhead of intermedi-
ate vector materialization between operators can be costly enough
to offset native speedups and even cause performance degradation.
For such workloads, code-generation (code-gen) based execution
in JVM is often the optimal solution, as it can fuse operators into
nested loops within a single function, allowing data to be kept in
registers to avoid data movement overhead. Furthermore, even with
SIMD-optimized vectorized execution, we identify that decoding
and decompression within columnar table scans remain bottlenecks,
highlighting a potential for heterogeneous hardware acceleration.
Our analysis extends to a comparative performance evaluation of
the widely used Apache ORC [31] table scans across various native
engines and hardware accelerator solutions.

Workload Optimization. Building upon the insights gained
from workload characterization, we propose two key optimization
strategies to enhance the Spark native execution performance: 1) a
cost model based operator placement strategy, and 2) native engine
integrated with heterogeneous hardware acceleration. Our first
strategy addresses performance degradation from vector materi-
alization overhead. Specifically, we propose an adaptive operator
placement strategy that employs cost model guided query plan
exploration to intelligently select between code-gen and vectorized
operator implementations. This approachmoves beyond universally
offloading to native execution, instead facilitating hybrid execution
models. It achieves up to 2.1× speedup and never degrades the per-
formance compared to solely offloading all operators. Our second
strategy targets the decoding/decompression bottleneck in table
scans, particularly noting the limitations of GPUs for accelerating
the scan of columnar formats. Instead, we integrate the native en-
gine with an FPGA-based accelerator, which provides customizable
optimizations and a dataflow execution model to pipeline compu-
tations and hide data transfer overhead. This integration yields
significant performance gains, demonstrating up to 1.8× speedup
in the widely used Apache ORC table scan workloads.

The main contributions of this paper are summarized as below:
1). Comprehensive Performance Characterization: We present

an extensive comparative evaluation of Apache Spark and its
state-of-the-art native execution engines across end-to-endwork-
loads and bottleneck-focused microbenchmarks.

2). Analysis of Tradeoffs for Native Execution: We present an
in-depth comparison of Spark’s default code-gen execution and
native vectorized execution to determine when and why native
engines underperform JVM-based execution.

Accelerator

When to offload to native execution?

How much performance gain from hardware accelerators?

Which native engine performs best?

Plugin

Native Engine

1

2

3

Logical Plan Physical PlanQuery

Optimized Intermediate Plan

Figure 1: Apache Spark native execution workflow

3). Cost Model Guided Operator Placement Strategy: We pro-
pose an adaptive operator placement strategy with cost model
guided query plan exploration to dynamically and intelligently
select the most efficient operator implementation between code-
gen and vectorized execution.

4). Exploration of Heterogeneous Hardware Acceleration:
We identify the bottlenecks requiring hardware acceleration,
conduct a comparative analysis of native engines and hardware
accelerator solutions, and demonstrate the FPGA integration
with native engines to offload the table scan bottleneck.

2 Background
2.1 Code-Gen and Native Vectorized Execution
Within Apache Spark’s JVM execution engine, the Whole-Stage
Code Generation (WSCG) mechanism is employed to fuse multiple
nonblocking operators into a single, optimized Java method. This
generated code is then compiled into JVM bytecode, which the
JIT compiler further optimizes into native machine code. During
execution, the native machine code can keep data in CPU registers
to avoid data movement overhead [30]. In contrast, most existing
native execution engines avoid the JVM overhead and adopt a vec-
torized execution model on native machines, which extends the
classic Volcano-style iterator framework [15]. In the Volcano model,
each operator repeatedly invokes a next method to obtain a single
tuple from its child operator, incurring substantial interpretation
overhead due to frequent function calls. Vectorized execution mit-
igates this limitation by processing data in batches organized in
a columnar layout. The key idea is to choose batch sizes that are
sufficiently large to amortize interpretation overhead, yet small
enough to remain hot in the CPU cache, thereby avoiding repeated
cache-memory boundary crossings and the associated materializa-
tion costs [19]. More importantly, it can efficiently leverage the
vectorization instructions to boost its performance. In summary,
offloading operators from the JVM-based engine to a native en-
gine inherently involves a transition from a data-centric, code-gen
execution model to an interpreted, vectorized execution model.
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2.2 Apache Spark Native Execution Workflow
Figure 1 illustrates how Apache Spark offloads computational work-
loads to native execution engines. It requires not only an efficient
and extensible query engine library, but also a plugin to serve as the
middle layer that is responsible for plan conversion, managing data
communication between the JVM and native runtime, and provides
a fallback mechanism for operators that are not natively supported.
Representative examples of open-source native engines include
Velox [34], Apache Arrow DataFusion [20], and ClickHouse [39].
Representative examples of such accelerator plugins include Apache
Gluten [40], Datafusion Comet [7], and Auron [2].

The offloading workflow begins with the plugin converting
Spark’s internally optimized query plan into an intermediate rep-
resentation (IR), utilizing formats such as Substrait [44] or Proto-
buf [38]. This IR is subsequently dispatched to the native execution
layer via Java Native Interface (JNI) calls, allowing the native engine
to build and execute the corresponding query. For efficient data
exchange, Apache Arrow [1] serves as the foundational format,
facilitating zero-copy data transfers between the different runtime
systems. Spark provides Arrow-compatible vectors to the acceler-
ator plugins, which then convert them to the required format of
the native engine before passing them to the native runtime via
JNI. Upon completion, the native runtime returns results to the
JVM in an Arrow-compatible format. Furthermore, some native
engines can offload operators to hardware accelerators, offering
further performance enhancements.

With the accelerator plugin, Spark retains its distributed control
flow, query parser, and optimizer, while offloading query plans and
data to native runtimes for execution.

2.3 Apache Spark Native Engines
Given the limitations of the JVM, Databricks was the first to pro-
pose offloading Spark computation to its C++ columnar vectorized
engine, Photon [3], to further exploit CPU performance with vec-
torization techniques. However, Photon is proprietary, which has
encouraged efforts to integrate alternative, open-source native ex-
ecution engines with Apache Spark. The following provides an
overview of these available open-source native engines (summa-
rized in Figure 1).

Velox. Velox [34] is an open source native execution engine de-
veloped by Meta and implemented as a C++ library. It is designed to
integrate seamlessly with existing data management systems. Velox
extensively leverages optimization techniques, including vectorized
execution, lazy materialization, and adaptive execution.

Apache DataFusion. Apache Arrow DataFusion [20] is an ef-
ficient, embeddable, and extensible query execution engine that
utilizes Apache Arrow as its in-memory data model. Similar to
Velox, it aims to serve as a reusable foundation for building data-
base systems. However, it is written in Rust rather than C++ and
offers a comprehensive SQL front-end as well as a planning and
optimization framework.

ClickHouse. In contrast to Velox and DataFusion, which are
query execution engine libraries intended to be integrated into
broader database management systems (DBMS), ClickHouse [39]
is a standalone DBMS with both compute and storage runtimes.
In this paper, we focus specifically on the query execution engine

Table 1: Summary of Apache Spark execution engines and
supported accelerator plugins

Engine
Vanilla

Spark
Velox ClickHouse DataFusion

Language Scala C++ C++ Rust

Data

Layout
Mostly Row Columnar Columnar Columnar

Execution

Model
Code-Gen Vectorized Vectorized Vectorized

Plugin N/A Gluten Gluten
Auron,

Comet

Hardware

Support
N/A GPU None None

of ClickHouse. It features a high-performance vectorized engine
optimized for real-time analytics on petabyte-scale data, employ-
ing techniques such as SIMD optimizations and runtime-adaptive
strategies, including dynamic aggregation and join strategies.

2.4 Apache Spark Accelerator Plugins
Here are state-of-the-art open-source Spark-based plugins designed
to offload computational workloads to native engines.

Apache Gluten. Apache Gluten [40] is a plugin designed to
accelerate Apache Spark by offloading query plans to Velox or
ClickHouse backends. It transforms Spark’s physical plans into
Substrait representations, which are then sent to native libraries
via JNI and translated into corresponding native query plans.

Apache DataFusion Comet. Apache DataFusion Comet [7] is
an Apache Spark accelerator built on top of the Rust-based Data-
Fusion engine. Comet is designed to enhance the performance of
Spark workloads while leveraging commodity hardware and seam-
lessly integrating with the Spark ecosystem without requiring any
code changes.

Auron. Similarly, the Auron [2] project accelerates Apache Spark
by offloading computation-intensive workloads to the Apache Data-
Fusion engine. Its query plan transformation and data communica-
tion processes are similar to those of Apache DataFusion Comet.

Summary. Table 1 provides a comparative summary of the three
open-source Spark native execution engines and their supported
accelerator plugins, as well as vanilla Spark.

3 Evaluation and Analysis
In this section, we first present a comprehensive end-to-end perfor-
mance analysis of the aforementioned Apache Spark native execu-
tion engines, based on the widely used TPC-DS benchmark queries
[47] with a scale factor of 1TB. Then we further evaluate and an-
alyze the performance of key operators (such as table scan, hash
aggregation, hash join, and sorting) identified during the TPC-DS
end-to-end profiling, using these native engines.
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Figure 2: Comparison of engines using 20 longest-running
TPC-DS queries with SF=1TB, grouped by the query bottle-
neck

3.1 Hardware and Software Setup
For the end-to-end TPC-DS performance evaluation in Section 3.2,
we set up a Spark cluster of one master node and four worker
nodes. Each node is equipped with two 2.2GHz Intel Xeon Silver
4214 CPUs, each CPU with 12 physical cores and 24 hyper-threads,
192GB DDR4 memory, 480GB SSD as the local disk and 10Gb/s NIC.
Each CPU core has 32KB L1 cache and 1024KB L2 cache, and all
12 cores share a 16.5MB L3 cache. The system does not include
Spectre-related microcode patches or mitigations, and SIMD gather
performance is therefore unaffected.

Table 2: Summary of Spark configurations

Configuration Value
spark.memory.offHeap.enabled true
spark.memory.offHeap.size 20G
spark.executor.instances 48
spark.executor.cores 4
spark.executor.memoryOverhead 4G
spark.executor.memory 16G
spark.driver.memory 40G

All experiments are conducted using the Spark configurations
summarized in Table 2. Other unlisted configurations use the default
values. We selected Gluten as the accelerator plugin to evaluate
the performance of the Velox and ClickHouse native engines, as it
represents the most mature and feature-complete solution available
for native engine integration. Auron is used to evaluate the Apache
DataFusion engine, as Apache DataFusion Comet is still in its early
stages of development and lacks support for several operators in the
TPC-DS benchmark queries. All experiments are conducted using
Apache Spark 3.5.5, the latest version compatible with the most
recent releases of the evaluated native engines (Velox 2025-08-21,
ClickHouse 25.8, DataFusion 49.0.0) and accelerator plugins (Gluten
v1.5.0, Auron v6.0.0).

3.2 End-to-End Performance Comparison
For the end-to-end query performance comparison, we employ
the TPC-DS benchmark suite [47], which includes 99 queries. In
our experiments, the benchmark queries are executed with a scale

factor (SF) of 1TB, and the table data are generated in Apache Par-
quet format [33]. We focus our analysis on the 20 longest-running
queries, as they collectively account for approximately 83% of the
total execution time, while the remaining queries each complete
within almost a few seconds. Figure 2 illustrates the results for the
top 20 longest-running queries. To isolate query execution time,
no full materialization of results is performed. To further analyze
and understand the performance differences across native engines
under various workloads, we summarize the workload bottlenecks
for the evaluated queries in Table 3.

Table 3: Query bottlenecks and their CPU percentages

Bottleneck Operator Queries (with operator time%)
Hash Join Q14a (44.1%), Q14b (44.6%), Q64 (44.1%),

Q72 (84.6%), Q95 (76.0%)
Table Scan Q9 (34.7%), Q16 (34.7%), Q24a (67.1%),

Q24b (66.8%), Q50 (33.1%), Q75 (44.4%),
Q88 (74.2%)

High-cardinality
Hash Aggregation

Q4 (78.8%), Q11 (44.4%), Q23a (67.6%),
Q23b (61.2%), Q28 (74.3%)

Low-cardinality
Hash Aggregation Q67 (74.0%)

Sort Q78 (56.8%), Q93 (70.2%)

The following observations can be made from Figure 2:
1). Among the 20 longest-running queries, native execution using

Velox, ClickHouse, and DataFusion achieves overall speedups
of 1.98×, 1.49×, and 1.45×, respectively. Velox runs fastest on 11
queries, ClickHouse on 6 queries, DataFusion on 1 query, and
surprisingly, Vanilla Spark still performs the best on 2 queries.

2). The effectiveness of native execution is inconsistent for queries
where the join operator is the primary bottleneck (e.g., Q14a,
Q14b, Q64, Q72, and Q95). While Q14a, Q14b, and Q64 show
improved performance for native execution, Q72 and Q95 suffer
performance degradation, performing even worse than vanilla
Spark. This observation contrasts with earlier workload charac-
terization studies [18], which concluded that vectorized execu-
tion excels for join-heavy queries. We investigate the root cause
of this discrepancy and present our solutions in Section 4.

3). The native execution engines prove consistently effective in
accelerating table scan workloads. For example, in query Q88,
where the table scan accounts for 74.2% of the total query time,
the speedups achieved are 1.42× for Velox, 1.52× for ClickHouse,
and 1.33× for DataFusion.

4). Native execution demonstrates substantial performance im-
provements in queries dominated by hash aggregation. Among
the evaluated engines, Velox consistently delivers the best per-
formance across both high-cardinality (e.g., Q4, Q11, Q23a, Q23b
and Q28) and low-cardinality (e.g., Q67) aggregation-intensive
queries. In contrast, ClickHouse exhibits the weakest perfor-
mance, particularly in scenarios involving high-cardinality ag-
gregations.

5). For queries where the bottleneck is sorting (e.g., Q78 and Q93),
native execution delivers significant and consistent performance
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gains across all engines, with ClickHouse performing the best
among them.
Next, we design microbenchmarks to evaluate each performance-

critical operator, including hash join, table scan, hash aggregation
and sorting, for all native execution engines, aiming to offer deeper
insights into their performance differences. We report the results
in Sections 3.3, 3.4, 3.5 and 3.6, all using a single-node Spark cluster
with the same configuration as Section 3.2.

3.3 Hash Join
Hash join consists of two main phases: 1) a build phase that scans
the build-side table and constructs an in-memory hash table, and
2) a probe phase that scans the probe-side table, applies the same
hash function, and probes the hash table to produce matching
tuples. The three native engines evaluated support vectorized hash
operations such as batched inserts and lookups. To evaluate in-
memory broadcast hash join performance, we compare vanilla
Spark to its integration with native vectorized engines on a single-
node Spark cluster using a broadcast hash join query between
the store_sales and the customer table. The customer table is
broadcast to construct an in-memory hash table, enabling efficient
vectorized lookups during the probe phase.

SELECT * FROM customer , store_sales WHERE
customer.customer_id =
store_sales.customer_id;

Both tables include a single 4-byte integer column, customer_id.
The probe-side table store_sales is fixed at 64 million tuples,
while the build-side table (customer) is varied such that the hash
table size ranges from 8 KB to 256 MB.

Figure 3 shows how hash table size affects the runtime of in-
memory hash join operations. Our evaluation demonstrates that
Velox achieves the highest average speedup of 2.02× over vanilla
Spark, followed closely by ClickHouse at 1.95×, while DataFusion
provides a 1.26× improvement. Across all engines, runtime remains
stable when the hash table fits within a cache level but increases
sharply once it exceeds cache boundaries. Specifically, tables smaller
than the L2 cache size (1 MB) reside entirely in L2 cache, ensuring
low access latency. When the table size exceeds L2 cache size, L3
cache accesses are required, causing a noticeable step increase.
Runtime stabilizes again for tables up to 16 MB, which fit in L3
cache. Beyond L3 cache size, frequent main memory accesses incur
high latency, significantly increasing runtime.

The build cost is influenced mainly by one-time materialization
and is therefore less sensitive to cache boundaries, whereas the
probe cost escalates sharply once the hash table no longer fits in
cache. This behavior stems from the fact that every probe operation
involves random lookups into the hash table: when the table exceeds
the L2 or L3 cache size, these lookups increasingly miss in a cache
level and must access lower-level cache or DRAM, where memory
latency is significantly higher. Consequently, probe latency rises
steeply at the 1 MB (L2 boundary) and 16 MB (L3 boundary) points,
and the probe phase becomes the dominant contributor to total
runtime. Furthermore, the performance gap between vanilla Spark
and native vectorized engines widens beyond the L3 cache. Velox,
ClickHouse, and DataFusion exploit SIMD instructions to perform
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Figure 4: Table scan performance for Apache ORC and Par-
quet file formats, under different engines

batched insertions and lookups, which help amortize cache-miss
costs and mitigate random access overhead, while vanilla Spark
processes tuples individually and therefore suffers more severe
penalties from frequent random DRAM accesses.

3.4 Table Scan
Next, we evaluate the performance of range scan operations with
varying selectivity. Experiments are conducted on ORC [31] and
Parquet [33] formats, with selectivity ranging from 0.001% to 100%
over a dataset of 100 million integers. The reported time covers
predicate evaluation, disk I/O, decompression, and decoding.

Figure 4(a) shows that ClickHouse’s ORC reader outperforms
Velox by an average of 11.6%, while the DataFusion ORC reader
performs even worse than vanilla Spark due to its reliance on the
experimental ORC Rust library, which lacks optimizations such as
predicate pushdown and Bloom filters.

Figure 4(b) presents Parquet scan results. ClickHouse and Velox
are the best: ClickHouse is slightly faster at high selectivity (>10%),
while Velox is marginally better at low selectivity. For vanilla Spark,
Spark+DataFusion, and Spark+ClickHouse, scan time at 100% se-
lectivity is lower than at 10%, a consequence of Parquet page index
optimizations. Full selectivity enables engines to achieve high I/O
throughput via sequential page scans, while moderate selectivity
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Figure 5: Group by hash aggregation performance with dif-
ferent cardinalities, under different engines

induces page index filtering that causes scattered page accesses, re-
sulting in random I/O patterns and additional metadata processing
overhead. Spark+Velox avoids this performance drop because its
C++ Parquet reader does not exploit page index filtering; instead,
all pages are scanned sequentially and predicate filtering is applied
during decoding.

3.5 Group By Hash Aggregation
This subsection presents a performance evaluation of hash-based
aggregation for the COUNT, SUM, and AVG operators. The dataset is
stored in Apache Parquet format, with customer_id used as the
group-by key. To evaluate the impact of group-by key cardinality on
aggregation performance, we vary the cardinality of customer_id
from 0.0001% to 100% of the total number of rows. To isolate the
performance of the aggregation operations from external factors
such as file I/O and deserialization, the dataset is fully loaded into
memory prior to execution. The specific benchmark queries used
in this evaluation are as follows:

COUNT: SELECT customer_id , COUNT(quantity) FROM
store_sales GROUP BY customer_id

SUM: SELECT customer_id , SUM(quantity) FROM
store_sales GROUP BY customer_id

AVG: select customer_id , AVG(quantity) FROM
store_sales GROUP BY customer_id

where customer_id and quantity are integers, and the table
contains 100 million tuples. Figure 5 shows the performance results.
Velox consistently outperforms other engines across all cardinalities.
For low-cardinality group-by keys (≤ 10%), Spark+ClickHouse and
Spark+DataFusion achieve similar performance for both COUNT and
SUM. In high-cardinality cases (100%), Spark+ClickHouse performs
worse than Spark+DataFusion.

The performance gap in high-cardinality aggregation is due to
the two-phase aggregation strategy used by most engines: a partial
aggregation phase groups rows locally and computes intermediate
results, followed by a final aggregation phase that consolidates par-
tial results across partitions. When the number of unique groups is
small, partial aggregation effectively reduces data volume, reducing
shuffle and final aggregation costs. In high-cardinality scenarios,
each key has few rows, and partial aggregation cannot significantly
reduce data, resulting in nearly identical workloads in both phases.
DataFusion and Velox optimize this by skipping the partial phase
when it provides little benefit, directly performing final aggregation.
ClickHouse lacks this optimization, leading to higher computational
overhead and lower performance for high-cardinality aggregation.
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3.6 Sorting
This subsection presents a performance evaluation of sorting opera-
tions under various scenarios. The dataset used is the store_sales
table from the TPC-DS benchmark, stored in Apache Parquet for-
mat with the scale factor of 100GB. We execute five different sorting
queries. The dataset is fully loaded into memory prior to execution.
The queries used in this evaluation are as follows:

Low-Card: SELECT ss_promo_sk , ss_net_paid FROM
store_sales ORDER BY ss_promo_sk;

High-Card: SELECT ss_ticket_number , ss_net_paid
FROM store_sales ORDER BY ss_ticket_number;

Decimal-Sort: SELECT ss_sales_price , ss_quantity
FROM store_sales ORDER BY ss_sales_price DESC;

Top-N: SELECT ss_net_profit , ss_ticket_number
FROM store_sales ORDER BY ss_net_profit DESC
LIMIT 1000;

Multi-Column: SELECT ss_store_sk ,
ss_sold_date_sk , ss_net_paid FROM store_sales
ORDER BY ss_store_sk ASC , ss_sold_date_sk
DESC;

These queries test distinct sorting scenarios: 1) low-cardinality
sort on ss_promo_sk (1,000 unique values, 0.0003% cardinality)
versus high-cardinality sort on ss_ticket_number (24M unique
values, 8.33% cardinality); 2) decimal sort on ss_sales_price in
descending order, assessing non-integer numeric handling and
comparison overhead; 3) multi-column sort on composite keys
(ss_store_sk ascending, ss_sold_date_sk descending), evaluat-
ing CPU-intensive tuple comparison efficiency; and 4) Top-N sort
with LIMIT 1000 on ss_net_profit, examining partial sort opti-
mizations where engines aggregate top records per partition rather
than performing full global sorting.

Figure 6 reports the performance comparison across different en-
gines. Spark+ClickHouse consistently delivers the fastest execution
times across all query types except Top N, achieving an average
speedup of 2.50× over Vanilla Spark. Spark+Velox demonstrates
moderate performance with an average speedup of 1.90×, while
Spark+DataFusion shows the least improvement among the three
engines with an average speedup of 1.39×.



[Experiments & Analysis] Understanding the Performance of Native Execution in Big Data Engines: The Good, the Bad, and How to Fix ItEDBT ’26, 24-27 March 2026, Tampere (Finland)

Hash
Join

ORC
Scan

Parquet
Scan

High
Cardinality
Aggregation

Low
Cardinality
Aggregation

Vanilla Spark
Spark + Velox
Spark + ClickHouse
Spark + DataFusion

Sort
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3.7 Summary of Performance Comparison
We identify six dimensions in our benchmarking to compare the
performance of the four evaluated Spark engines. A Kiviat diagram
is used to summarize the performance across different workloads,
shown in Figure 7. We employ a five-point scale to assess each en-
gine’s performance across various dimensions. For different work-
loads, systems are evaluated on these dimensions using a 0–5 scale,
with 5 indicating the best performance. To assign the scores, we
normalize each workload’s runtimes to the range [0, 1], followed
by log scaling. From Figure 7, we observe that:
1). Velox. Velox outperforms or matches the performance of other

query engines across all workloads, except for ORC table scan
and sorting. In Section 5, we will present a case study to in-
vestigate the potential of hardware accelerators to address the
performance gap in Velox’s ORC table scan.

2). ClickHouse. ClickHouse excels in ORC table scan, sorting,
Parquet table scan, and hash join, but underperforms in work-
loads involving aggregation operators—particularly in high-
cardinality aggregation queries.

3). DataFusion. DataFusion often lags behind, with no single cate-
gory performing the best. It demonstrates some balanced per-
formance across all workloads except ORC table scan.

Summary:

1). TPC-DS End-to-End Performance: Native execution
engines demonstrate significant performance advantages
over JVM-based computation, with Velox, ClickHouse,
and DataFusion achieving end-to-end analytic workload
speedups of 1.98×, 1.49×, and 1.45×, respectively. However,
there are exceptions where vanilla Spark performs better,
especially for some hash-join heavy queries.

2). Hash Join Performance: Native vectorized execution
consistently outperforms code-gen approaches in hash
join operations, particularly for queries with large hash
tables, where vectorization effectively mitigates random
memory access and cache miss latencies. Velox excels with
smaller hash tables, while ClickHouse performs best with
larger ones. However, in complex TPC-DS queries with
multiple joins (e.g., Q72 and Q95), native execution shows
performance degradation compared to JVM-based code-
gen execution.

3). ORC Scan Performance: ClickHouse’s native reader ex-
hibits superior performance compared to Velox. DataFu-
sion’s ORC reader substantially underperforms relative to
vanilla Spark due to the absence of optimizations including
predicate pushdown and Bloom filter implementation.

4). Parquet Scan Performance: ClickHouse integration
demonstrates superior performance at higher selectivity
thresholds (>= 10%), while Velox integration excels at lower
selectivity levels.

5). Hash Aggregation Performance: Velox consistently out-
performs alternative engines in COUNT, SUM and AVG
aggregations for all group-by key cardinalities. For high-
cardinality cases, both Velox and DataFusion surpass Click-
House due to the partial aggregation skipping.

6). Sort Performance: Spark+ClickHouse generally out-
performs other engines across low-cardinality, high-
cardinality, decimal, and multi-column sorting scenar-
ios. Spark+Velox is competitive in the Top N query.
Spark+DataFusion offers moderate performance.

4 Case Study 1: Code-Gen vs. Native Vectorized
Execution in Join-Heavy Queries

In this case study, we first validate that our observation on perfor-
mance degradation of native execution is universal by performing
an ablation study. Then, we analyze the underlying causes of per-
formance degradation in TPC-DS queries with multiple hash join
operators when executed in native vectorized engines. Based on
that, we propose a cost model based operator placement strategy
to avoid the performance degradation and achieve further speedup.

4.1 Ablation Study of Big Data Engines
To validate that the observed performance degradation of native ex-
ecution is not an artifact of a specific big data engine or version, we
perform an ablation study focusing on join-heavy queries. First, to
isolate the impact of Spark’s evolution, we benchmark the baseline
performance of Vanilla Spark 3.5 (3.5.5) against Spark 4.0. We then
extend our analysis beyond the Spark ecosystem to generalize our
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Figure 8: Join-heavy queries performance comparison of dif-
ferent Spark versions and Presto

findings. To this end, we also compare the JVM-based Presto engine
(v0.283) [45] with its native execution, Prestissimo [37], which is
accelerated by Velox. It should be noted that at the time of the
experiments, Gluten-based Velox integration is not yet available
for Spark 4.0. All cluster configurations for Spark and Presto are
identical to those described in Section 3.

As shown in Figure 8, the results corroborate the performance
patterns identified in Section 3.2. For Q64 query, native execution
engines (Spark + Velox and Presto + Velox) consistently outperform
their JVM-based code-gen counterparts. Conversely, for queries
Q72 and Q95, we observe the opposite trend: the code-gen exe-
cution within the vanilla engines (Spark and Presto) yields better
performance than their respective native versions. This consistent
pattern across different engines (Spark vs. Presto) and versions
(Spark 3.5 vs. 4.0) demonstrates that the performance trade-offs are
inherent to the execution paradigms rather than implementation-
specific artifacts. For the remainder of this paper, we continue to
use Spark 3.5.5 for the experimental results.

4.2 In-depth Analysis of Join-Heavy Queries
Our analysis targets TPC-DS queries (Q64, Q72, and Q95) charac-
terized by including more than 5 consecutive BroadcastHashJoin
(BHJ) operators and where these join operators make up more than
40% of the total CPU time. These queries expose a fundamental per-
formance trade-off between whole-stage code-generation (WSCG)
and vectorized execution models. Spark’s WSCG engine fuses con-
secutive non-pipeline-breaking joins into a single, tightly-looped
function. Since BroadcastHashJoin’s probing phase is non-pipeline-
breaking, consecutive BHJs can be fused within a single nested loop,
eliminating the need for intermediate vector materialization be-
tween join operations. This strategy processes intermediate tuples
primarily in CPU registers, effectively eliminating inter-operator
datamaterialization overhead. In contrast, native vectorized engines
like Velox necessitates the materialization of columnar batches be-
tween every operator. While this materialization cost is conven-
tionally considered negligible, our findings reveal it can become
a bottleneck when the intermediate data footprint exceeds CPU
cache capacity.

To investigate this trade-off, we conduct a micro-architectural
analysis comparing vanilla Spark (WSCG) with Velox (vectorized).

The results, summarized in Tables 4 and 5, reveal a direct link be-
tween intermediate data size and performance. For Q64, which
generates a small intermediate data volume (with a max vector
size of 0.03MB and an average of 0.02MB per partition), the vec-
torized engine excels. Its SIMD parallelism yields up to 2.7× fewer
instructions, and the small data footprint ensures cache residency,
making materialization costs negligible. Conversely, for Q72 and
Q95, which generate large intermediate data, with average vector
sizes of 2.7MB and 1.2MB per partition respectively, the vectorized
engine suffers from severe cache pollution. This is evidenced by
substantially higher cache miss rates (up to 3.9× L1 and 16.3× LLC
misses) and lower instructions per cycle (IPC). The increased in-
struction count arises from additional memory operations for large
intermediate vectors and branch instructions due to cache-miss
handling. For these queries, WSCG’s ability to bypass memory by
keeping data in registers outweighs the computational benefits of
vectorization, resulting in superior performance.

Table 4: Time and CPU counters of TPC-DS Q64, Q72 and
Q95, with SF=1T, CPU counters values (instruction counts,
CPU cycles, IPC, L1 miss and LLC miss) are normalized by
number of tuples processed in each query. Spark denotes
vanilla Spark in JVM.

Query Engine Total Join Instru Cycles IPC L1 LLC
Time (s) Time (s) -ctions miss miss

Q64 Spark 93.9 41.4 48 58 0.83 0.16 0.03
Q64 Velox 31.9 16.7 18 20 0.88 0.16 0.02
Q72 Spark 51.7 31.0 174 129 1.35 1.81 0.11
Q72 Velox 84.0 77.3 248 210 1.18 6.31 1.14
Q95 Spark 56.8 28.3 160 142 1.13 1.42 0.06
Q95 Velox 72.5 59.2 173 181 0.96 5.55 0.98

Table 5: Intermediate vector size (MB) per CPU core between
join operators of TPC-DS Q64, Q72 and Q95 at SF=1TB

Query Max
Vec Size

Avg
Vec Size

Max
Total Size

Avg
Total Size

Max
Vec Num

Avg
Vec Num

Q64 0.03 0.02 60.1 11.1 2,003 555
Q72 4.6 2.7 6,041.6 2,785.3 1,313 1,032
Q95 1.3 1.2 1,500.2 980.4 1,154 817

These findings highlight a critical insight: the mandatory mate-
rialization in native vectorized engines, while efficient for cache-
resident data, introduces a severe memory bottleneck for workloads
with large intermediate vector size. The eviction of these large vec-
tors from CPU caches to main memory negates the performance
gains from vectorized execution. A more efficient and intuitive
approach would employ a hybrid execution model, which can selec-
tively revert to code-generated operator execution for query plan
projected to produce large, cache-unfriendly intermediate data, thus
strategically bypassing the materialization penalty.

4.3 Cost Based Operator Placement
To validate our insights and enhance the performancewithin Spark’s
native execution system, we propose a cost model guided operator
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placement strategy. As shown in Figure 9, after the Catalyst opti-
mizer generates a physical plan, our method selects between the
vectorized and whole-stage code-gen engines for optimal operator
execution. A key contribution of our work is a cost model that
accounts for the inter-operator vector materialization overhead
inherent to the vectorized engine. This overhead, which arises from
materializing vector batches between each operator, is distinct from
the cost of pipeline-breaking operations (e.g., sort) that affect both
engines. The code-gen engine mitigates this specific overhead by
fusing operators into a nested loop in a single function where data
is kept within registers. Our model extends previous work on in-
dividual hash-joins [22, 23] by analyzing the BroadcastHashJoin
pipeline and incorporating costs of distributed execution and data
format conversions during engine transition. We parameterize the
model using Spark’s online cardinality estimates and offline sam-
pling to select the plan with the minimum overall execution cost. In
the following, we introduce the formulation of our proposed cost
model, the notations are listed in Table 6 for ease of reference.

Table 6: Notation of cost model

Notation Description

𝐶.. Cost.
|𝐵 | Size of the build table.
|𝐻 | Size of the in memory hash table.
|𝑃 | Size of the probe table.
|𝐼.. | Size of intermediate vector between operators.
𝐶𝑎𝑟𝑑𝑃 Cardinality of the probe table.
𝑝 Parallelism (number of partitions).
𝑤 .. Model coefficients in each stage.
𝐶𝐿 Cacheline size.
𝐶𝑀 Last level cache miss rate.
𝐵𝑊mem_w Write bandwidth of the memory device.
𝐵𝑊mem_r Read bandwidth of the memory device.
𝐵𝑊network Bandwidth of the network.
𝐵𝑊hash Hashing operation processing rate.
𝐵𝑊ser Serialization processing rate of C2R operation
𝐵𝑊deser De-serialization processing rate of R2C operation.

4.3.1 Modeling of Individual Hash Join. In the build phase of
the hash join, all the tuples in the build side table 𝐵 are scanned
from main memory, and a hash function is applied to each tuple’s
join key to build an in-memory hash table. The hash table is then
written back to main memory. The memory cost includes reading
of the build side table and writing the hash table, while the compute
cost reflects the hashing cost.

𝐶buildMem = 𝑤buildMem · 𝑝 · ( |𝐵 |
𝐵𝑊mem_r

+ |𝐻 |
𝐵𝑊mem_w

) (1)

𝐶buildCompute = 𝑤buildCompute · 𝑝 · |𝐵 |
𝐵𝑊hash

(2)

In the probe phase, the cost includes loading the probe-side
table frommain memory and probing the hash table by applying the
hash function to find matching tuples. Every probe access requires
reading an entire cache line. Because we are constructing a cost
model for large-scale data (1TB) and the hash table is assumed to be
much larger than the last-level cache (L3 cache), we assume every
cache miss results in a main memory access.

𝐶probeMem = 𝑤probeMem · 𝑝 ·
(︃

|𝑃 |
𝐵𝑊mem_r

+𝐶𝑀 · 𝐶𝑎𝑟𝑑𝑃 ·𝐶𝐿
𝐵𝑊mem_r

)︃
(3)

𝐶probeCompute = 𝑤probeCompute · 𝑝 · |𝑃 |
𝐵𝑊hash

(4)

Assuming that hash join is either compute-bound or memory-
bandwidth-bound, the total cost of the hash join build and probe
stage is defined as follows:

𝐶hashJoinLocal = max

{︄
𝐶buildCompute +𝐶probeCompute
𝐶buildMem +𝐶probeMem

(5)

In the data exchange phase of the BroadcastHashJoin, each of
the 𝑝 tasks receives the build table |𝐵 | from other tasks, except for
the 1/𝑝 portion it initially holds. The total network transfer volume
is approximately (𝑝 − 1) · |𝐵 |. The total cost of the 𝑝 tasks can be
modeled as:

𝐶broadcast = 𝑤broadcast · (𝑝 − 1) · |𝐵 |
𝐵𝑊network

(6)

Finally, the total cost of each join type can be expressed as:

𝐶broadcastHashJoin = 𝐶broadcast +𝐶hashJoinLocal (7)

4.3.2 Modeling of R2C and C2ROverhead. Falling back from colum-
nar native execution to row-based code-gen execution necessi-
tates Column-to-Row (C2R) conversion, while offloading from row-
based to columnar based execution also involves Row-to-Column
(R2C) conversion. We model these conversion costs based on the
widely used native engine Velox. R2C involves deserializing Spark’s
UnsafeRow to a Velox vector, and C2R involves serializing a Velox
vector to Spark’s UnsafeRow. The conversion costs are defined as:

𝐶r2c = 𝑤r2c ·
|𝐼row |

𝐵𝑊deser
𝐶c2r = 𝑤c2r ·

|𝐼col |
𝐵𝑊ser

(8)
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4.3.3 Modeling of Data Movement of Materialization in Vectorized
Engine. In this section, we model the overhead incurred by vector
materialization across the cache-memory boundary. This scenario
arises when the vector batch size is large enough to exceed the
capacity of the CPU cache, thereby triggering cache spilling. The
model rests on three assumptions: 1) available memory is sufficient
to prevent memory spilling to disk, 2) data movement follows a
sequential access pattern, and 3) vectorized execution with large
intermediate data leads to a memory-bandwidth-bound scenario.
Since materializing a vector batch requires writing intermediate
results to memory and then reading them back, the total cost com-
bines both write and read overheads:

𝐶mater = 𝑤w · |𝐼 |
𝐵𝑊mem_w

+𝑤r ·
|𝐼 |

𝐵𝑊mem_r
(9)

where𝑤w and𝑤r are weighting factors that capture the efficiency
of memory access during the write and read phases, respectively.

4.3.4 Modeling of Pipeline with Consecutive BroadcastHashJoin.
The probe phase of BroadcastHashJoin preserves pipeline conti-
nuity, eliminating the intermediate result materialization typically
required at pipeline boundaries. However, vectorized execution
engines still incur the inherent overhead of vector batch materi-
alization dictated by their interpreted model, a cost that becomes
especially pronounced when intermediate vectors exceed cache
capacity, forcing data movement across the cache-memory bound-
ary. The total cost of executing N vectorized columnar operators is
modeled as:

𝐶vectorized =

𝑁∑︂
𝑖=1

𝑤vectorized ·𝐶𝑖
hashJoin +

𝑁∑︂
𝑖=1

𝐶𝑖
mater (10)

where
∑︁𝑁
𝑖=1𝐶

𝑖
mater denotes the cumulative cost of materializing

intermediate results during vectorized execution.
By contrast, in query pipelines with code-gen operators, the

intermediate vector batch materialization overhead is eliminated.
However, falling back from the columnar-based vectorized execu-
tion to row-based code-generated execution introduces additional
overhead from data format conversions between columnar and row
representations. The cost model in this case is given by:

𝐶codegen =

𝑁∑︂
𝑖=1

𝑤codegen ·𝐶𝑖
hashJoin +

𝑇∑︂
𝑖=1

𝐶𝑖
c2r +𝐶r2c (11)

where
∑︁𝑇
𝑖=1𝐶

𝑖
c2r and 𝐶r2c represent the overhead of columnar-to-

row and row-to-column format conversions, respectively, and 𝑇
represents the number of build and probe tables involved in the
code-gen hash join pipeline.

4.4 Results of Cost Guided Operator Placement
We evaluate our cost model guided operator placement strategy on
nine TPC-DS queries, each containing at least five BroadcastHashJoin
operators. Figure 10 shows execution times with three configura-
tions: our model (red), Velox vectorized execution (blue), and JVM-
based code-gen execution (cyan). The total execution time is broken
down into contributions from vectorized hash join, code-gen hash
join, row/column conversion, and other operators.
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Figure 10: Performance comparison of the TPC-DS (SF=1T)
queries with at least five consecutive BroadcastHashJoinwith
our cost guided optimized plan, Velox native execution plan,
and vanilla Spark code-gen plan

For joins in Q13, Q29, Q72, Q85, and Q95, Velox underperform
Spark’s code-gen pipeline due to vector batch materialization over-
head exceeding native execution benefits; note Velox still performs
better for other operators. Our model therefore selects code-gen
mode for the joins while offloading tasks like table scans to na-
tive execution, incurring only minimal conversion overhead. This
achieves 1.50× average speedup (up to 2.12× speedup) over Velox
for these five queries, while the remaining four show negligible
change. Against vanilla Spark, our approach demonstrates speedup
for all queries, with an average speedup of 1.81× and a maximum
speedup of 2.96×.

Summary:

1). Native vectorized execution can underperform on consec-
utive non-pipeline-breaking operators with large interme-
diate vectors, where materialization costs exceed vector-
ization benefits. Code-gen engines achieve superior per-
formance by fusing operators into nested loops within a
single function, maintaining data in CPU registers and
eliminating materialization overhead.

2). Our optimization enables intelligent selection between
vectorized and code-gen modes within query pipelines,
preventing performance degradation while achieving up
to 2.12× speedup over native execution in Velox.

5 Case Study 2: Heterogeneous Acceleration on
Apache ORC Table Scan

With the significant slowdown of Moore’s law, hardware accelera-
tors are becoming more important for enhancing performance in
compute-intensive workloads. Extensive research has investigated
the acceleration of analytic workloads using heterogeneous accel-
erators. For example, many studies have explored the use of GPUs



[Experiments & Analysis] Understanding the Performance of Native Execution in Big Data Engines: The Good, the Bad, and How to Fix ItEDBT ’26, 24-27 March 2026, Tampere (Finland)

to optimize performance-critical database operations such as hash
joins [26, 27, 41], aggregations [28], decompression [32], and end-
to-end query execution [6, 55]. Similarly, customizable accelerators
like FPGAs have been extensively studied for parallel computation
and data stream processing tasks, including data (de)compression
[17], decoding [51], filtering [24], and shuffle operations [57].

Besides accelerating individual operators, integrating heteroge-
neous hardware into JVM-based compute engines, such as Apache
Spark, has also gained significant attention [42, 50, 54]. However,
limited support for low-level hardware control in the JVM and the
high cost of data communication between the JVM and hardware
often hinder performance [5, 36]. Offloading workloads to native
execution engines written in C++ or Rust offers a potential solution
to these challenges. Native languages provide better support for
device-level programming frameworks (e.g., CUDA, OpenCL) and
can significantly reduce data transfer overhead by bypassing the
JVM. This approach can unlock the full computational potential of
hardware accelerators in big data systems such as Spark.

While hardware acceleration combined with native execution
looks promising, we need to address a few critical questions:
1). Operator Selection: Which operators remain as bottlenecks

after offloading to native execution, andwhich specific operators
should be offloaded to hardware accelerators?

2). Hardware Suitability: Which type of hardware is best suited
for accelerating big data analytics workloads?

3). Performance Gains: What is the potential performance benefit
of utilizing heterogeneous accelerators after native execution?

5.1 Bottlenecks after Native Execution
Before exploring the offloading of computational workloads to hard-
ware accelerators, it is essential to quantitatively analyze the bottle-
necks and identify which operators are most suitable for offloading
after native execution. Figure 11 presents the CPU execution time
breakdown for the TPC-DS queries at a scale factor of 1T, utilizing
Velox as the native engine within Spark and Apache ORC as the file
format. The result is profiled on the same Spark cluster as section
3 using async-profiler. Our analysis reveals that ORC table scan
dominates among all operators, accounting for 44.8% runtime.
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Figure 11: CPU time breakdown for TPC-DS queries using SF=1T,
with Velox native execution and ORC file format

Within the table scan workload, decompression and decoding op-
erations are the most time-consuming, comprising 23.1% and 16.6%
of the total runtime, respectively, whereas I/O operations constitute

only 5.1%. Since I/O operations are inherently asynchronous and
can often be overlapped with computation, this profiled value rep-
resents only the I/O portion that could not be hidden by the CPU’s
other work, not the total I/O time. Furthermore, as depicted in Fig-
ure 7, Velox exhibits superior performance compared to alternative
native engines across most analytical workloads, with the notable
exception of ORC table scan operations. These empirical observa-
tions inform our decision to target the ORC table scan operator as
the primary candidate for hardware acceleration. Our case study
endeavors to address this specific performance bottleneck within
Velox and to systematically assess the potential benefits of various
hardware accelerators in enhancing ORC table scan performance.

5.2 Hardware Acceleration with ORC Table Scan
With the advent of high-bandwidth SSDs, storage I/O overhead
has been substantially mitigated. As a result, the performance bot-
tleneck of table scanning operations has shifted to CPU-bound
tasks, where decoding and decompression operations alone can
account for more than 90% of the total CPU time. To systematically
evaluate the performance of hardware acceleration for table scan
acceleration, we conduct a comprehensive case study using a single
integer-column ORC file with multiple execution engines in diverse
hardware platforms. Our testbed includes:
1). CPU-based implementations: Apache Spark + Velox engine

and Apache Spark + ClickHouse. The software versions are
consistent with those described in Section 3.1.

2). GPU-based implementations: Nvidia RAPIDS Spark accelera-
tor (v24.08.1) on an Nvidia V100 GPU, which utilizes PCIe 3.0 as
the interconnect between the CPU and GPU for high-bandwidth
data transfer.

3). FPGA-based implementations: FPGA-accelerated ORC table
scan called FORC [51] on an AMD/Xilinx Alveo U280 FPGA,
with PCIe 3.0 serving as the interconnect between the CPU and
FPGA. Note in our evaluated FORC version, both ORC decom-
pression and decoding have been accelerated on the FPGA.
Figure 12(a) presents the throughput comparison of ORC table

scans across different engines and accelerators. Both GPU- and
FPGA-based solutions deliver higher throughput than CPU-native
engines. Specifically, the GPU-based RAPIDS cuDF implementation
achieves a geomean speedup of 2.94× over Velox, while the FPGA-
based FORC implementation attains a geomean speedup of 7.69×
over Velox.

The FPGA-based FORC accelerator delivers superior through-
put, achieving a 2.43× geomean speedup over GPU-based RAPIDS
cuDF for ORC table scan. This performance advantage stems from
two architectural strengths. First, the reconfigurable nature of FP-
GAs enables tailored optimizations for ORC’s hybrid compression
and encoding schemes, such as run-length encoding. Second, the
FORC accelerator employs a finer-grained dataflow architecture
that seamlessly overlaps decompression, decoding, and filtering
stages while integrating I/O operations and CPU-FPGA data trans-
fers directly into the streaming pipeline. These architectural dis-
tinctions position the FORC accelerator as a compelling solution
for high-performance ORC data processing in large-scale analytics.

We further integrate FORC with Velox ORC reader and evaluate
end-to-end performance using TPC-DS table scan heavy queries
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Figure 12: (a) Comparative analysis of ORC table scan
throughput across different query engines and accelerators.
(b) End-to-end performance comparison for scan-intensive
TPC-DS queries (SF=1T): Velox versus Velox + FORC.

(Q9, Q16, Q24a, Q24b, Q50, Q64, Q75, and Q88); note Q64 is both
join heavy and scan heavy. Figure 12(b) presents the breakdown
of the total query execution time and table scan time. With the
FORC accelerator, we observe up to a 3.3× speedup in the table
scan operator and up to a 1.8× improvement in the overall query
execution time.

Summary:

1). After native execution, table scan remains the biggest per-
formance bottleneck due to heavy decompression and
decoding computation overhead. Addressing this perfor-
mance gap requires heterogeneous acceleration.

2). Both GPUs and FPGAs can provide a good speedup for ORC
table scan. Between them, FPGAs offer a more effective
solution through customizable optimizations and dataflow
execution that pipelines all computation stages, as well as
data transfer.

6 Related Work
Benchmarking of Big Data Systems. Wu et al. [53] introduce
Raven, a cloud-oriented OLAP benchmark that comprehensively
evaluates the performance of cloud OLAP engines such as Presto,
Spark SQL, Kylin, andAthena across diverse configurations. Theodor-
akopoulos et al. [46] benchmark Apache Spark GraphX and Apache
Flink for graph processing tasks. DIAMetrics [11] presents a unified,
modular framework for end-to-end benchmarking and performance
monitoring of query engines. However, all these studies focus solely
on JVM-based execution engines and do not evaluate the perfor-
mance of native execution engines under analytical workloads, as
addressed in this paper.
Query Optimization Unifying Code Generation and Vector-
ized Execution. Some vectorized engines [39] also support data-
centric code generation to accelerate workloads such as sorting and
expression evaluation. Other engines [29, 52] based on compiled
execution partially support vectorized execution or automatically
generate vectorized-style code to utilize SIMD. However, none of
the aforementioned works adopts a cost model solution to optimize
the operator placement in different engines. The only exception is
Tupleware [10], which introduces a cost model to decide between
code generation and vectorized execution for efficient processing;
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Figure 13: Execution time comparison of Top 20 TPC-DS
queries showing the performance impact of cost model
guided hybrid execution (Opt1), FPGA-accelerated table scan
(Opt2), and the combined optimizations (Opt1+Opt2). Queries
are grouped by the query bottleneck.

but their model focuses solely on user-defined functions (UDFs). In
contrast, our model concentrates on hash join operators and has
the potential to be extended to all query operators.
Heterogeneous Acceleration for Big Data Engines. To enable
transparent hardware acceleration, Xekalaki et al. [54] introduce
the TornadoVM [13] framework, which supports JIT compilation
for heterogeneous hardware and task scheduling across different
hardware accelerators. However, instead of integrating hardware
accelerators with a C++ native engine as our work does, their
performance still suffers from costly data transfers between the
JVM and hardware platforms. Lu et al. [25] propose an automatic
compilation framework called SQL2FPGA to translate Spark SQL
queries to C++ FPGA accelerator programs. However, they only
focus on hash join and hash aggregation without discussing the
table scan workload and do not provide performance comparisons
between different hardware accelerators.

7 Discussion
We also combine our two optimizations, cost model guided hybrid
execution (Opt1) presented in Section 4 and FPGA-accelerated table
scan (Opt2) presented in Section 5, and evaluate the performance for
the top 20 TPC-DS queries in Figure 13. On average, the cost model
guided hybrid execution (Opt1) achieves a 1.14× speedup (up to
2.1× speedup) over the baseline Spark+Velox configuration, while
the FPGA-accelerated table scan (Opt2) delivers a 1.25× speedup
(up to 1.8× speedup). For join-heavy queries like Q72 and Q95, Opt2
underperforms Vanilla Spark because its acceleration of table scans
is outweighed by the slower performance of Velox’s vectorized join
compared to Spark’s code generation; for these two queries, Opt1
achieves a significant speedup. When both optimizations are com-
bined (Opt1+Opt2), the system achieves a 1.46× average speedup
(up to 2.32× speedup) over Spark+Velox. These performance gains
highlight two key architectural directions that deserve further in-
vestigation: hybrid execution models and unified heterogeneous
hardware abstraction.
Engines with Hybrid Execution Models: Our cost model based
hybrid approach demonstrates the potential to dynamically choose
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between execution models. While we retain some operators in code-
gen execution to avoid materialization overhead, Spark’s code-gen
remains limited by JVM constraints. Future work could explore
native code generation in C++ or Rust for better performance. The
performance degradation from vector materialization suggests the
need for unified solutions that combine code-gen execution with
vectorized execution, similar to systems like InkFuse [52]. Addi-
tionally, comprehensive cost models should extend beyond join
operators to support a broader range of operators. As hardware
accelerators expand the query plan space, unified cost models be-
come crucial for effectively choosing between vectorized engines,
code-gen engines, and various accelerator designs.
Unified Heterogeneous Hardware Abstraction: The FPGA ta-
ble scan case study, achieving up to 3.3× speedup for table scan
itself and up to 1.8× speedup for end-to-end queries, highlights the
potential of heterogeneous hardware acceleration to address perfor-
mance gaps in native engines. Frameworks that dynamically allo-
cate workloads across CPUs, GPUs, and FPGAs are essential. Native
engines like Velox enable accelerator integration through operator
specialization [35]. While Velox-cuDF [48] and Velox Wave [49]
propose GPU-focused interfaces, future research needs to tackle
two challenges: 1) developing methods for dynamically mapping
operators to the optimal hardware acceleration platform (beyond
GPU) based on cost-performance characteristics [4], and 2) enabling
efficient data movement across platforms via unified in-memory
data formats.

8 Conclusion
In this work, we provide in-depth comparative performance anal-
ysis and insights for existing Spark native execution engines and
demonstrate that offloading workloads to native execution does
not universally yield performance improvements due to material-
ization overhead of vectorized execution. Based on these insights,
we propose a cost model driven operator placement strategy that
intelligently selects the implementation of the query operator be-
tween vectorized and code-gen execution, achieving no perfor-
mance degradation and up to 2.1× speedup compared to pure na-
tive execution. Furthermore, we identify the remaining bottlenecks
in native execution and leverage the native engine as a unified
interface to offload decode and decompression workload in ORC
table scan to heterogeneous hardware accelerators, achieving per-
formance improvements of up to 1.8× in end-to-end TPC-DS query.

9 Artifacts
The code and software that is developed for this work and used
for all the presented experiments is made publicly available at
https://github.com/SFU-HiAccel/NativeEngineBenchmark.
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