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Several trends are changing the underlying fabric for data processing in fundamental ways. On the hardware
side, machines are becoming heterogeneous with smart NICs, TPUs, DPUs, etc., but specially with GPUs
taking a more dominant role. On the software side, the diversity in workloads, data sources, and data formats
has given rise to the notion of composable data processing where the data is processed across a variety
of engines and platforms. Finally, on the infrastructure side, different storage types, disaggregated storage,
disaggregated memory, networking, and interconnects are all rapidly evolving, which demands a degree of
customization to optimize data movement well beyond established techniques. To tackle these challenges,
in this paper, we present Maximus, a modular data processing engine that embraces heterogeneity from the
ground up. Maximus can run queries on CPUs and GPUs, can split execution between CPUs and GPUs, import
and export data in a variety of formats, interact with a wide range of query engines through Substrait, and
efficiently manage the execution of complex data processing pipelines. Through the concept of operator-level
integration, Maximus can use operators from third-party engines and achieve even better performance with
these operators than when they are used with their native engines. The current version of Maximus supports
all TPC-H queries on both the GPU and the CPU and optimizes the data movement and kernel execution
between them, enabling the overlap of communication and computation to achieve performance comparable
to that of the best systems available, but with a far higher degree of completeness and flexibility.

CCS Concepts: » Information systems — DBMS engine architectures; Relational parallel and dis-
tributed DBMSs; Query operators; Main memory engines; Relational database model; Online analytical
processing engines; Record and buffer management; Database query processing; « Computer systems orga-
nization — Data flow architectures; Heterogeneous (hybrid) systems; » Software and its engineering
— Abstraction, modeling and modularity.

Additional Key Words and Phrases: Database Systems, Composable Query Engines, Modular Query Engines,
OLAP, Vectorized Execution, Paralle]l Execution, GPU acceleration, Heterogeneous Systems

ACM Reference Format:

Marko Kabi¢, Shriram Chandran, and Gustavo Alonso. 2025. Maximus: A Modular Accelerated Query Engine
for Data Analytics on Heterogeneous Systems. Proc. ACM Manag. Data 3, 3 (SIGMOD), Article 187 (June 2025),
25 pages. https://doi.org/10.1145/3725324

1 Introduction

Several transformative trends are fundamentally reshaping the landscape of data processing. On
the hardware front, there is a shift toward increasingly heterogeneous systems. Modern machines
now commonly incorporate Network Interface Cards (NICs) and a variety of accelerators such as
Graphic Processing Units (GPUs), Field-Programmable Gate Arrays (FPGAs), Tensor Processing
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Units (TPUs), and smart NICs, as well as other specialized hardware at the processor level (AVX units,
encryption engines and compression cores, etc.). GPUs have taken a particularly dominant role due
to their exceptional parallel processing capabilities and high memory bandwidth. Additionally, the
growing computational demands of Al and ML workloads have led to the widespread deployment
of GPUs in data centers, opening the opportunity to use them for other workloads.

On the software side, workloads are becoming more varied, encompassing everything from
traditional transactional and analytical workloads, to graph analytics [32, 59], to complex machine
learning tasks such as data pre-processing and ingestion [60], data cleaning [18], training and
inference [35, 49, 54]. This heterogeneity of hardware, coupled with the workloads diversity has
led to the development of highly optimized, yet compartmentalized, data processing frameworks,
each optimized for particular types of workloads and hardware. Although these systems have good
performance, they often operate in isolation, limiting their ability to leverage the full spectrum of
available hardware resources.

The complexity of this heterogeneity gave rise to the development of modular and composable
Data Management Systems (DMS) and data processing frameworks, such as CVM [38], Modularis
[29], LingoDB [24], Velox [43], Datafusion [30], to name a few. Although these frameworks were
focused on modularity and composability, their design choices do not allow the existing implemen-
tations of data processing operators from third-party engines to be easily integrated and reused
within these frameworks. In order to allow efficient use of existing operator implementations from
different engines, Apache Gluten [17, 52] has been developed, which splits a query plan into query
plan fragments and offloads them to native engines. Although planned, the GPU backend is not yet
available in Gluten. Similarly, BOSS [37] enables the query execution to be split among multiple
engines, by using the concept of partial query evaluation. While this method enables the use of
various engines, it introduces some overhead and, more importantly, does not allow efficiently over-
lapping communication and computation between different devices, which is especially important
in heterogeneous systems, where data transfer becomes a bottleneck [11, 12] (see Section 2).

To address these challenges, we have developed Maximus: a GPU-accelerated query engine
written purely in C++, enabling the execution of arbitrary hybrid CPU-GPU query plans, allowing
efficient overlap of communication and computation, especially between the CPU and the GPU.
To enable the use of existing operators from third-party engines, we introduce the concept of
operator-level integration, which allows third-party operators to be used as native operators. To
demonstrate this concept in Maximus, we integrate the operators from Apache Arrow Acero
(CPU) and RAPIDS cuDF (GPU), together with Maximus’ own native operators. This operator-level
integration of third-party engines is achieved through a modular and composable architecture that
allows operators from different engines to be seamlessly combined and swapped on an operator
level, enabling the utilization of the extensive optimizations and specialized functionalities of
existing engines. This low-level integration of third-party operators enables Maximus to take full
control of the execution and further configure the parameters like the number of threads, the
processing chunk sizes, the amount of pinned memory used and other parameters, which might
not be fine-tuned or exposed by third-party engines via external APIs. In this way, Maximus can
outperform third-party engines, even when it uses the same operators and the same hardware as
these third-party engines, as demonstrated in the result section. In addition, the advantages of
operator-level integration are further amplified in heterogeneous systems that include both CPUs
and GPUs. These systems present additional opportunities for CPU-GPU co-processing as well as
overlapping CPU-GPU data transfers with query execution. In this work, we propose strategies for
achieving these capabilities.

Designing such a unified framework, however, brings many challenges. First, different engines
use different in-memory data structures during processing. For example, Acero uses an acero: :
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ExecBatch data structure whereas cuDF uses cudf': : table.In addition to table data structures, each
of these engines has its own set of data types and expressions, often not directly compatible. Second,
the engines employ different execution strategies, e.g. Acero supports streaming execution, which is
lacking in dataframe libraries like cuDF. Third, each of these engines has its own operator interface.
Finally, each of these engines uses its own memory pool and its own execution environment,
containing the thread pool, GPU stream pools and other execution-related objects.

Building a truly composable query processing engine requires addressing all these challenges in
a flexible and extensible manner without sacrificing performance. In Maximus, we address these
challenges by making the following contributions:

(1) We develop the concept of operator-level integration, which enables operators from multiple
engines to be used efficiently within the same executor, as native operators.

(2) We extend the idea of morsel-driven parallelism to heterogeneous systems and propose
strategies for efficiently overlapping communication and computation at multiple levels.

(3) We define a unified in-memory data representation, to capture the table representations
from different CPU and GPU engines. Moreover, our table representation offers 0-copy,
asynchronous, and lazy conversions to other formats, whenever applicable.

(4) We define a unified operator interface that supports both streaming and bulk execution. This
allows us to integrate both streaming engines like Apache Arrow Acero, as well as dataframe
libraries like RAPIDS cuDF.

(5) We introduce the idea of a proxy operator layer isolating third-party engine operators so
that they can be used as native Maximus operators. This enables third-party operators to be
treated as kernels, rather than operators, and ensures that all operators use the same memory
pool, whenever applicable.

(6) We extend the modular architecture design studied before [29, 30, 37, 38, 43, 44], to support
hybrid CPU and GPU execution, capable of utilizing the CPU-GPU parallelism and overlap
the communication with computation more efficiently.

(7) We evaluate Maximus performance, showing that it enables multiple engines to complement
each other by fully utilizing the available hardware with a modular and composable design.

Maximus architecture facilitates the adoption of new hardware capabilities without necessitating
extensive rewrites of existing codebases. By open-sourcing the Maximus codebase, we invite the
community to integrate operators from other systems like DuckDB [46] or Velox [43].

2 Related Work

Data processing on modern hardware has been attracting a lot of interest lately, including data
analytics on GPUs [3, 6, 8, 50, 58], FPGAs [13, 23, 28, 33, 36, 51], and even TPUs [21]. The evolving
hardware developments coupled with the increasing complexity of Data Management Systems
(DMS) have led to a growing interest in composable and modular DMS architectures in recent years
[4, 29, 30, 38, 39, 44], proposing different methods to achieve modularity and composability. The
idea of defining the operators at a finer granularity, the so-called (sub)operators can be found e.g.
in the works of Bandle and Giceva [4], Kohn et al [26], Dittrich and Nix [14]. Some of these ideas
were further extended and adopted by frameworks supporting compiled execution like CVM [38],
Modularis [29] and LingoDB [24]. Although these approaches have demonstrated that defining the
operators at a finer granularity can indeed allow additional flexibility in terms of supporting diverse
workloads (e.g. linear algebra and OLAP) [38], different distributed platforms (RDMA clusters and
Serverless infrastructures), and smart storage solutions (e.g. smart storage) [29], none of these
supports the use of accelerators like GPUs in practice. The main challenge here lies in the fact
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that CPUs and GPUs operate at different granularity, making it hard to define a unified set of
sub-operators that would work for both types of hardware.

A similar trend of designing modular and composable frameworks can be observed among
the vectorized engines [44]. Apache Datafusion [30] defines a set of extension APIs, allowing
customization of the infrastructure on multiple levels, although, without supporting GPUs at the
time of writing. The Meta’s Velox engine [34, 43] aims to provide an execution engine capable of
processing diverse workloads in a unified way.

Although these frameworks offer an extensible mechanism to enhance their functionality, such
as e.g. adding new operators, they cannot efficiently leverage existing operators from other engines,
leading to a redundant effort of reimplementing the operators in each engine.

In order to allow using multiple engines during the query execution, Apache Gluten [17] was
introduced. It splits a query plan into multiple fragments, offloading each of these fragments to
different native engines. Although planned, the GPU support is not available at the time of writing.
Similarly, BOSS [37] allows multiple engines to be used during the query execution through the
concept of partial query evaluation, which they introduce. This is achieved by a query being passed
through a sequence of stages, where in each stage, one of the integrated engines can partially
evaluate the query by executing one or more operators. This partially evaluated query is then
passed through other engines until it completes.

Although the approach of partial query evaluation allows the existing engines (e.g. a CPU
engine and a GPU engine) to be integrated and combined with minimal implementation effort,
it imposes certain limitations on the execution, which can affect the performance, particularly
in hybrid CPU-GPU systems. Firstly, passing the query through a sequence of engines imposes
an implicit sequential execution among different engines. Although multiple operators can be
processed concurrently within the same engine at each stage, this sequential flow prevents the
parallel execution of operators across different engines. This limitation can degrade performance
in two common scenarios: (1) in wide query plans, numerous independent operators could ideally
execute in parallel, potentially across different engines and hardware (e.g., CPUs and GPUs); (2)
when scheduling multiple queries for execution, numerous independent operators should also be
able to run in parallel on potentially different engines. Secondly, the implicit sequential execution
of stages further prevents the overlap of communication and computation, which is especially
important for optimizing performance in hybrid CPU-GPU systems. While numerous strategies
have been proposed to efficiently leverage the CPU-GPU parallelism during query execution
[9, 27, 48], none of these frameworks provide an effective mechanism for integrating and utilizing
operators from third-party engines.

Our approach addresses these limitations by introducing the concept of operator-level integration,
as opposed to the partial query evaluation, which enables the integration of operators from multiple
engines, on a lower level. This allows our executor to achieve faster performance than the native
executors of these operators, while preserving the modular and composable design.

3 Operator-Level Integration

The operator-level integration provides a mechanism to efficiently integrate operators from third-
party engines, allowing them to be used together with the native operators by the Maximus executor.
This requires interoperability across operators from different engines and on heterogeneous hard-
ware, posing significant semantic and execution-related challenges.
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Table 1. The in-memory data formats supported in Maximus.

Type CPU Formats GPU Formats

arrow: :RecordBatch cudf::table
acero: :ExecBatch cudf: :table_view

Batch-like maximus: :GTableBatch

arrow: : Table maximus: :GTable
Table-like maximus::Table

3.1 Interoperability Challenges

3.1.1 Semantic challenges. The semantic challenges include dealing with subtle semantic dif-
ferences between data types, data representations, expressions, functions (e.g. scalar functions,
user-defined functions (UDFs), aggregate functions and window functions), and relational operator
interfaces and behavior. For example, when casting the floating-point number 1.7 to an integer,
some engines may return 2, while others might return 1. Such inconsistencies are not limited
to functions; they also extend to relational operators. For instance, a grouped aggregation op-
erator might assume a non-empty key set in some systems, whereas others allow for an empty
key set. To cope with these challenges and allow interoperability across different languages and
systems, the Substrait[53] format has been developed with the aim to define the semantics of data
types, expressions, functions and relational operators on both logical and physical levels. While
not perfect and still evolving, it is a good basis to build heterogeneous systems as demonstrated
by the wide adoption in major query engines, including DuckDB, Apache DataFusion, Apache
Acero, Velox, and others. Maximus uses the Substrait semantics and defines Substrait-compatible
types, expressions, functions and relational operators. This allows it to integrate operators from
any Substrait-compatible engine, improving consistency. Similar semantic challenges arise in the
industry efforts towards standardization and interoperability [1, 7], such as a recent trend towards
unified lakehouse systems that integrate diverse engines and data formats, frequently relying on
Substrait. This trend faces the same problems with diverse semantics like Maximus, indicating that
the industry is now moving towards addressing them through convergence on formats like Substrait
and common data representations such as Apache Iceberg [56], which we are incorporating into
Maximus as part of ongoing and future work.

3.1.2  Execution-related challenges. These challenges include dealing with scheduling and resource
management on systems with heterogeneous hardware, including managing the memory, thread
pools, GPU streams, contexts, synchronization and similar. Maximus provides an execution frame-
work that manages all these aspects of the query execution and resource management on heteroge-
neous systems, while keeping the semantic compatibility with Substrait. The coverage of operators
in Maximus can help Substrait better understand the issues arising in practice.

3.2 Types, Expressions, Functions

Maximus defines Substrait-compatible data types, expressions and functions (including the ag-
gregate functions) and provides conversions to Apache Arrow (CPU) and RAPIDS cuDF (GPU)
types, expressions and functions. Providing such conversions is challenging since the set of sup-
ported aggregate functions and expressions varies among engines. For example, cuDF was missing
expressions like if_else, that were necessary for supporting the full TPC-H. In such cases, we
implemented the missing cuDF expressions using lower-level cuDF primitives.
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class DeviceTablePtr {

using unified_table_t = std::variant<
Empty,
shared_ptr<arrow::Table>,
shared_ptr<arrow: :RecordBatch>,
shared_ptr<acero: :ExecBatch>,
shared_ptr<maximus: :TableBatch>,
shared_ptr<maximus: :Table>,
shared_ptr<cudf: :table_view>,
shared_ptr<cudf: : table>,
shared_ptr<maximus: :Gtable>,
shared_ptr<maximus: :GTableBatch>,

>3

unified_table_t original_table;

unified_table_t table;

template <typename T>
void convert_to<T>();
// other methods

b

Listing 1. DeviceTablePtr wraps all supported data
formats within an std: : variant and allows efficient
conversions between any supported data formats.

3.3 Unified Data Representation

Marko Kabi¢, Shriram Chandran, and Gustavo Alonso
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Maximus supports a wide range of columnar, in-memory data formats (Table 1) enabling data
exchange between operators from different engines. Supporting both batch-like and table-like data
formats, which allows both streaming and blocking operators to be integrated:

e arrow: : Table: represents the de-facto standard for columnar, in-memory, tabular data layout.
Today, many state-of-the-art engines support 0-copy conversion between the arrow: : Table
and their internal (native) data formats. It can store very large columns, by breaking them
into smaller chunks of consecutive elements.

e arrow: :RecordBatch: similar to arrow: : Table, but here each column consists of only a

single chunk of consecutive elements.

e maximus::Table, maximus: : TableBatch: these are thin wrappers around arrow: : Table
and arrow: :RecordBatch, mostly aimed at being used by native Maximus operators.

e acero: :ExecBatch: the data format used internally by Apache Acero similar to arrow: :
RecordBatch, but with additional optimizations, such as run-length encoding. For example,
columns consisting of a single constant literals are stored as a single value instead. Moreover,
it can contain a selection map, which marks the values that should be preserved, which can

be used e.g. to optimize the row filtering.

e cudf::table: a columnar data layout on the GPUs, similar to arrow: :RecordBatch, used
by the RAPIDS cuDF library. Although it is called a table, it can only contain a single batch.

e cudf::table_view: a read-only, non-owning version of a cudf: : table. Most cuDF opera-
tors take a cudf: : table_view as the input and produce a cudf: : table as the output.

e maximus: :GTable, maximus: :GTableBatch: data format similar to cudf: : table, but with
the CUDA-dependent parts abstracted away, with the aim of supporting AMD GPUs at a

later point.

e DeviceTablePtr. All these types are wrapped inside a DeviceTablePtr, which is an std: :
variant of all these data formats, as shown in Listing 1. All data is passed between operators
as DeviceTablePtr objects, which allows the operators to internally choose which data

format to use.
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b

class AbstractOperator {
AbstractOperator(

// the kernel methods
void add_input(DeviceTablePtr input, int in_port);

void no_more_input(int in_port);
bool has_more_batches(bool blocking);
DeviceTablePtr export_next_batch();

// other methods

shared_ptr<Context> ctx, // global context
vector<Schema> in_schemas, // input schemas
Properties properties); // substrait-compatible properties

Listing 2. An operator interface as used by Maximus.

When converting between different data formats in Maximus, the conversion is zero-copy,
asynchronous and lazy whenever possible:

e Zero-copy. DeviceTablePtr also comes with an efficient function that can convert be-

tween any supported data formats. The conversion between the supported formats is 0-copy,
whenever possible, as shown in Figure 1.

Asynchronous copy. Conversions between CPU and GPU data formats involve CPU«<GPU
data transfers. All CPU«<GPU data transfers are asynchronous, to allow overlapping commu-
nication and computation, whenever possible. Due to these asynchronous data transfers, the
DeviceTablePtr has to maintain the pointer to the original table (original_table), until
the data transfer is complete and the table variable (table) is ready to be used.

Lazy conversion. All conversions between different table formats on the same hardware
type (CPU or GPU) are lazy. This prevents unnecessary data format conversions between
consecutive operators. For example, consecutive Acero operators will keep the data as acero: :
ExecBatch, wrapped up within a DeviceTablePtr, without the overhead of converting them
to and from a maximus: : TableBatch when passing the data between each other.

3.4 Unified Operator Interface

3.4.1

Operator Interface. For each operator, Substrait defines the operator’s arguments by defining

properties that include all the parameters necessary to define the operator’s semantics. For example,
for a Hash-Join physical operator, Substrait properties include the left and the right keys, an optional
post-join predicate as well as the join type.

Maximus defines a simple AbstractOperator interface as shown in Listing 2. The constructor
includes the Properties object that is substrait-compatible. All the execution-related objects, such
as e.g. a memory pool, a thread pool, GPU streams etc. are grouped within the global context object
that is shared among all the operators and alive throughout the query execution.
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class FusedOperator : public AbstractOperator {

FusedOperator(
shared_ptr<Context> ctx, // global context
vector<Schema> in_schemas, // input schemas

vector<Properties> properties); // a sequence of properties

b

Listing 3. A FusedOperator interface that semantically represents a sequence of operators.

3.4.2 Operator Functionality. In most engines, the methods which describe the operator function-
ality can be split into 3 categories:

(1) the executor-independent methods for adding the input data and retrieving the output data;

(2) the executor-dependent methods for controlling the execution;

(3) the DAG information containing pointers to the neighboring operators (e.g. upstream and/or
downstream operators).

These categories are visualized in Figure 2. This architecture makes the operators dependent
on their native executors. In Maximus, we propose a more modular design that separates these
methods into different abstractions: kernels, operators and query plan nodes. This design allows
Maximus to use third-party operators within the Maximus executor through a proxy operator layer,
described below.

3.4.3 Kernels. A kernel logically resembles a mathematical function that receives some input and
computes the output. In Maximus, the kernel methods include the methods for adding the input
(add_input), signaling that all the input has been received (no_more_input) and the methods for
extracting the kernel output: has_more_batches for checking if there are any output batches being
produced and export_next_batch for retrieving the operator’s output. Retrieving the operator’s
output by invoking the export_next_batch transfers the ownership of the output batch back to
the caller (i.e. the executor).

3.4.4 Operators. An operator in Maximus contains the kernel methods, with other functionalities
that are relevant to the executor. This includes the information about the device (CPU or GPU) on
which the operator executes, the engine type (e.g. Acero, cuDF or native), and the global context
containing the memory pool and other execution-dependent resources. The operator however, does
not contain any information about other operators in a query plan.

3.4.5 Fused Operators. Some engines often combine multiple operators into a single operator. For
example, a filter and a project operators are often combined into a single FilterProject operator, as
found e.g. in Velox. Similarly, a hash-join can sometimes include a post-join predicate (i.e. a filter),
as found in Apache Arrow Acero.

To allow the integration of such operators, Maximus defines a FusedOperator class, which has
a similar interface as the AbstractOperator (see Listings 2 and 3), with the difference that it takes
a sequence of Properties, as it semantically represents a sequence of operators, as shown in
Listings 3.

3.4.6 Query Plan Nodes. A node contains the operator, as well as the pointers to all the downstream
and upstream nodes in a query plan. This allows the query planner to rewrite or restructure the
execution DAG without affecting the operators. Maximus adds a special (empty) query node at the
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Fig. 2. Maximus modular design splits typical operator methods into different abstractions, allowing it to use
third-party engine operators within the Maximus-native executor.

J \

root of the execution DAG that is called QueryPlan. This QueryPlan object initiates the schema
inference and query rewritings that are then propagated throughout the whole excution DAG.

3.4.7 Proxy Operator Layer. In order to use third-party operators within the Maximus executor,
they need to be used as kernels, rather than operators. In Maximus, this is achieved by adding
a proxy operator layer, that only uses the kernel methods from a third-party engine operator
and creates an isolated execution environment and, if needed, dummy downstream and upstream
operators. The proxy operator layer also provides a proxy memory pool that intercepts all the
memory allocations and deallocations from third-part operators, enforcing all the operators to use
the Maximus memory pool, which we describe below.

3.4.8 Proxy Memory Pool. Maximus internally uses the arrow’s memory pool for all CPU allo-
cations and the RAPIDS’ memory pool for all GPU allocations. If a third-party operator uses a
different memory pool, we use the proxy design pattern to intercept all the memory allocations
and deallocations with the memory pools used in Maximus. For example, if third-party operators
use ThirdPartyMemoryPool, we make them use the Maximus memory pool by creating a Proxy
MemoryPool that inherits the ThirdPartyMemoryPool and overrides all the methods. This Proxy
MemoryPool is then passed to all the operators using this pool, to ensure all the allocations are
using the default Maximus memory pools.

3.5 Unified DataFlow Interface

Physical query plans are usually represented as a DAG (or a tree) of physical operators. Some
engines, like DuckDB [46, 47] and Acero [15] allow the physical operators like hash join, to have
multiple inputs or ports, where each input can be streaming or blocking. We refer to this design as
multi-port operator design.

Other engines, like Velox [43] and Modularis [29], split the multi-port operators into sub-operators
during the execution, where each sub-operator usually has only 1 input and 1 output edge. For a
hash join operator, it is split into a build operator, which is blocking, and a probe operator, which is
streaming. We refer to this design as the sub-operator design.
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Fig. 3. Maximus proposes a more-general dataflow  Fig. 4. Maximus query plan for the Q2 TPC-H query.
representation, allowing it to integrate sub-operators DAG-shaped query plans can be executed by using
as well as the multi-port operators from third-party  a special LocalBroadcastOperator which can have
engines. multiple outgoing edges.

In order to allow the integration of both types of physical operators in Maximus, we propose
a unified dataflow representation (see Figure 3), where each physical operator can have multiple
input ports and each edge (instead of an operator) can be streaming or blocking. The Maximus
executor then ensures that all the input from the blocking edges is received before the input from
the streaming edges starts propagating. In this way, both types of operators from other engines
can easily be uniformly integrated.

3.5.1 Non-tree Plans. Many query engines make an implicit assumption that a query plan is a tree,
thus restricting each node in a physical query plan to have at most one outgoing edge. However,
in practice, DAG-shaped query plans, which are not trees, can commonly occur, especially when
subqueries are involved. For example, Q2, from the TPC-H [57] benchmark, contains multiple
operators with 2 outgoing edges, as shown in Figure 4. In Maximus, any DAG-shaped query plans
can be executed by introducing a special LocalBroadcastOperator, which accepts incoming batches
and replicates them to multiple output ports. It is available for both the CPU and the GPU, allowing
the execution of arbitrary DAG-shaped query plans on both types of hardware.
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Fig. 5. The main components of the Maximus query engine architecture (Section 4), including the frontend
layer (top), the execution layer (middle) and the backends layer (bottom).

4 Maximus Architecture
4.1 Design Overview

Maximus is a GPU-accelerated query engine, written purely in C++ that is available as an open-
source library?. Its architecture, depicted in Figure 5, is composed of multiple layers:
(1) Frontends: contains the components for specifying the queries, data sources and optionally,
execution hints.
(2) Execution Layer: contains the main components controlling the execution, which includes
the optimizer, the scheduler and the executor.
(3) Backends: contains a variety of available implementations of operators (Operator Pool),
communication routines (Communication Manager) as well as the Memory Manager, all of
which are directly used by the execution layer.

The architecture in Figure 5 contains some elements of the distributed version of Maximus,
which is beyond the scope of this work. Below, we discuss the most important components in more
detail.

4.2 Frontends
The Frontends Layer contains components for defining the query, the data sources and optionally
the execution hints, allowing the user to have full control of the execution.

4.2.1 Query. A query can be defined in SQL, Substrait format [53] or using the native Maximus
DataFlow Interface. The SQL is supported through the Hyrise SQL parser [19], that is integrated
into Maximus. The Substrait format is supported through Acero, with the following conversion
path: Substrait Plan — Acero ExecPlan — Maximus DataFlow Interface.

4.2.2 Data Catalogue. The data catalogue stores the information about the tables metadata. The
tables can either reside in a file system (e.g. as CSV or Parquet files) or in the main memory in some

!https://gitlab.inf.ethz.ch/PUB-SYSTEMS/eth- dataprocessing/Maximus
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of the supported in-memory CPU/GPU table data structures (see Section 3.3). The tables can be
loaded from a file system either into the CPU memory, using the Arrow readers or directly into the
GPU memory, using the cuDF readers.

4.2.3 Execution Hints. The user can, optionally, specify some additional execution hints. For
example, the user can choose a preferred execution policy: CPU-only, GPU-only or a hybrid CPU-
GPU. Maximus can execute arbitrary hybrid CPU-GPU execution plans. By default, the hybrid
execution policy performs the initial filter and projection operators on CPUs and offloads the rest
to the GPUs. In addition, the user can specify how many outer (scheduler) threads and how many
inner (kernel) threads to use for the execution. These can be specified either through the global
context object or through environment variables.

4.3 Optimizer

A query plan is a doubly-linked DAG, which can be easily traversed. This design allows adding
arbitrary rewrite rules for query optimization. Moreover, the query node class contains the method
convert_to_physical() which allows converting the operators to lower-level abstractions that
might be closer to the hardware, as proposed in [25]. This design allows implementing a wide range
of logical and physical optimizations.

4.4 Scheduler

The scheduler allows multiple query plans to be scheduled before they are executed. During
scheduling, each query plan is split into pipelines where each pipeline is a sequence of operators
that starts and ends with a pipeline breaker or a leaf or a root, in a similar way as described
in the morsel-driven parallelism [31]. The scheduler ensures the pipelines that have blocking
outgoing edges are executed before the pipelines that have streaming outgoing edges. Based on
these constraints, a new DAG of pipelines (instead of single operators) is created. The pipelines
in this DAG are then topologically sorted within the execution queue. Optionally, a task-based
framework, such as Taskflow [22] can be used for scheduling the DAG of pipelines.

4.5 Executor

The executor executes the pipelines from the execution queue. It contains two levels of threads: (1)
the outer threads (the scheduler threads) are used to execute independent pipelines in parallel; (2)
the inner threads (the kernel threads) that are internally used by operators within each pipeline.
The total number of threads is thus the product of the outer and the inner threads. The number of
outer and inner threads can, optionally, be set through execution hints.

4.6 Operator Pool

The operator pool contains all the available operators. For each operator, there can be multiple
available versions. For example, for a FilterOperator, there are two available versions: one from
the Acero engine and one from the cuDF engine. For some other operators, like LocalBroadcast
Operator there are two versions: the native CPU and the native GPU version.

All the available operator versions are grouped in namespaces, that are of the form: <device>: :
<engine>: :<operator>. For example, the two available implementations of the filter operator are
cpu::acero::FilterOperator and gpu: :cudf::FilterOperator. Similarly, the two available
implementations of the local broadcast operator are: cpu: :native: :LocalBroadcastOperator
and gpu: :native::LocalBroadcastOperator.
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Table 2. A sample profiler output in Maximus.

Regions Min time Max time
OPERATORS 0.000900 0.000905
CPU: : ACERO: : HASH_JOIN 0.000898 0.000898
add_input 0.000497 0.000497
no_more_input 0.000372 0.000372
has_more_batches 0.000003 0.000003
export_next_batch 0.000002 0.000002
DATA MOVEMENTS 0.000082 0.000085
CPU->CPU 0.000037 0.000037
ArrowTable->AceroBatch ©.000015 0.000015
CPU->GPU 0.000042 ©0.000045
AceroBatch->CudfTable ©.000040 0.000040

This nomenclature allows a highly modular and composable design, where a concrete version of
each operator can be easily switched just by changing the namespaces of the operators in a query
plan. The Executor ensures the data transfers and data conversions are performed where needed.

4.7 Memory Manager

Maximus contains three important memory pools: a CPU memory pool using the arrow memory
pool, a GPU memory pool using the RAPIDS cuDF’s memory pool (rmm), and a pinned memory
pool of the page-locked host memory. The proxy layer (see Section 3.4) ensures all the operators
are using these memory pools.

4.7.1 Pinned Memory Pool. All CPU<~GPU data transfers are going through the pinned memory,
to optimize the data transfers. This allows the Direct Memory Access (DMA) to directly copy the
data, rather than having to go through intermediary pinned memory buffers.

4.8 Profiler

Maximus is integrated with the Caliper Performance Analysis Toolbox [5], enabling detailed
profiling analysis with low overhead. The code annotations in Maximus clearly separate the time
spent in executing the operators (computation), as well as the time spent in data transformations
and all data movements between different devices (communication). When Maximus is compiled
with the profiling flag, a detailed profiling output is produced, as shown in Table 2. In addition, an
NVTX-compatible traces are produced, enabling them to be visualized with the standard NVIDIA
Nsight Systems profiler [40].

5 Unlocked Performance Advantages

The concept of operator-level integration, together with the Maximus architecture, enables Maximus
to take full control of the execution. This further allows implementing various mechanisms, aimed
at efficiently leveraging CPU-GPU parallelism and overlapping query execution with CPU-GPU
data transfers. Implementing these mechanisms in Maximus allows them to be seamlessly applied
to both integrated third-party operators as well as native Maximus operators. In this section, we
introduce two such mechanisms: heterogeneous morsel-driven parallelism and the communication
(CPU-GPU data transfers) and computation (operator execution) overlap.
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the data parallelism over pipelines can be applied to
GPU streams, in addition to CPU threads.

5.1 Heterogeneous Morsel-Driven Parallelism

In the traditional morsel-driven parallelism model [31], a query is divided into pipelines, with
multiple threads processing these pipelines using distinct portions of the data, referred to as morsels.
These pipelines are not necessarily independent, as they can share access to data structures. As
a result, operators need to be aware of parallel execution and ensure synchronization through
efficient lock-free mechanisms.

We generalize this idea to heterogeneous CPU-GPU systems by introducing the heterogeneous
morsel-driven parallelism. In heterogeneous morsel-driven parallelism, GPU streams, just like
other CPU threads are also executing pipelines with different morsels of data. Unlike the standard
morsel-driven parallelism, the pipelines here are required to be independent. This is because CPUs
and GPUs might have substantially different algorithms for implementing the same operators.
For example, while most CPU implementations of hash-joins have a build and a probe phase, in
some GPU implementations these two phases are not clearly separated. Moreover, maintaining
shared data structures like hash tables between a CPU and a GPU might introduce substantial
overhead. Thus, in heterogeneous morsel-driven parallelism, the pipelines executed by GPUs must
be independent from pipelines executed by CPUs.

Figure 6, shows possible executions of a query plan with 3 pipelines using both standard and
heterogeneous morsel-driven parallelism. Since pipelines P; and P, are independent, they can be
executed on different devices. Multiple CPU threads can process different morsels of pipeline P;,
while different GPU streams can process different morsels of pipeline P,. In some cases, this can
provide speedup even when the CPU—GPU data transfers are taken into account. For example,
when the pipeline P; is much heavier than the pipeline P,, the GPU execution of P, might be
completely overlapped with the CPU execution of the pipeline P;, including the data copies. We
expect the heterogeneous morsel-driven parallelism to provide more significant speedups with
newer devices with higher CPU-GPU interconnect bandwidth, like the NVIDIA’s Grace-Hopper
series [41] or AMD’s MI300 series [2].
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5.2 Communication and Computation Overlap

The previous section shows how communication and computation can be overlapped by executing
independent pipelines on CPUs and GPUs. However, overlapping communication and computation
is also possible within the same pipeline, where some operators are executed on a CPU and some on
a GPU. For example, the pipeline P, from the previous section (Figure 6) might be a good candidate
to execute partially on a CPU and partially on a GPU.

In practice, it is common for pipelines to start with filter and project operators, followed by
heavier operators like hash-joins. In such cases, it might make sense to execute the filter and project
operators on a CPU and offload the heavy operators like hash-joins to a GPU. If the filter is selective,
it can reduce the amount of data that needs to be transferred to a GPU.

These data transfer costs can further be hidden by overlapping them with the computations,
as shown in Figure 7. The CPU operators can keep processing other batches while the data is
asynchronously being copied to a GPU. Once the data is transferred, the GPU computation can
further overlap with the CPU computation, which can result in significant speedups. In practice, this
is often achieved by creating a stream for CPU—GPU copies (H2D), another stream for GPU—CPU
copies (D2H) and multiple streams for kernel execution (Kernel), as shown in Figure 7. This setting
makes sense since data transfers in the same direction cannot overlap.

6 Performance Evaluation
6.1 Experimental Setup

6.1.1  Workload. We used the full TPC-H benchmark with the scaling factor 10 for all experiments.
Each query was run 10 times, and the best time is reported for each query engine. In all experiments,
the initial data and the final result of each query are stored on the CPU, with all timings including
all CPU<GPU data transfers. All data tables are initially stored as CSV files, and the time of loading
the tables from the file system is not included in the reported timings.

6.1.2 Query Engines. We compare Maximus v@.1 to other state-of-the-art CPU and GPU query
engines, including DuckDB (CPU, v1.1.1) [46], DataFusion (CPU, v42.0.0) [30], Acero (CPU,
Apache Arrow v17.0.0) [15], BOSS (CPU+GPU, git commit 15d@27e) [37], HeavyDB (GPU, the
open-source v7.1.0) [20] and Polars (GPU, v1.9.0) [45]. Maximus v@. 1 was built with Apache
Arrow v17.0.0 [15] and cuDF [55] v24.08.03.

6.1.3 Hardware. All experiments are performed on an a2-highgpu-1g VM instance on Google
Cloud Platform, with a single Intel(R) Xeon(R) CPU @ 2.20GHz CPU with 85GB RAM, 6
physical and 12 virtual cores, and a single NVIDIA A10@ with 40GB GPU memory. The bandwidth
between a CPU and a GPU is 12.35GB/s, as measured by NVIDIA’s nvbandwidth [10] library, which
corresponds to a PCI link version 3.0. The OS version is Ubuntu 24.04.1 LTS, with the Linux
kernel version 6.8.0-1015-gcp. The NVIDIA driver version is 555.58.02 and the CUDA version
is 12.5. The main compiler used is GNU GCC v13.2.0.

For easier comparison and visualization, some of the results in this section are normalized, which
is clearly stated in each experiment.

6.2 The Full TPC-H Benchmark

We ran the full, end-to-end TPC-H benchmark (SF=10) for DuckDB (CPU), DataFusion (CPU),
Apache Acero (CPU), BOSS (CPU+GPU), HeavyDB (GPU) and Polars with the cuDF backend (GPU).
For Maximus, we ran both the CPU version using the Apache Acero operators, as well as the GPU
version using the cuDF operators. Both Maximus backends also include some of the Maximus
native operators, like the LocalBroadcast operator (see Section 3.5.1). The initial data and the final
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Fig. 8. The execution times for all TPC-H queries for different query engines. All queries start and end on
the CPU and all runtimes include all CPU—GPU data transfer times. The runtimes are normalized by the
maximum time for each query. To improve visibility, additional annotations have been added to bars with low
height. The upper right corner in each subplot shows the speedup of the best Maximus time (CPU, GPU) vs.
the best of other engines.

data resides on the CPU, with all the data transfer times CPU«>GPU being included in the reported
timings. The results are summarized in Figure 8. The upper right corner of each subplot represents
the speedup of the best Maximus time (CPU, GPU) vs. SOTA, i.e. the best time of other query
engines. For each query, all timings are normalized by the maximum execution time among all
engines for that query.

The results indicate that Maximus is up to almost 4x faster than the best state-of-the-art engines
in some cases. It is important to note that these results are achieved in a setting which favors the
CPU-engines, since the tables start and end on the CPU for each query, and the timings include
data transfers overhead. Moreover, the Maximus CPU version is mostly using the Acero operators,
which are up to 35x slower than DuckDB in some cases. The results where Maximus is slower than
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SOTA also indicate that Maximus query plans for these queries are not as optimized as, e.g., in
DuckDB.

When compared to BOSS, Maximus is up to 18x faster on the CPU and up to 58x faster on the
GPU, in some cases, indicating the performance advantage of the operator-level integration, as a
low-level type of integration, vs. the partial query evaluation concept used in BOSS.

6.3 The Communication-Computation Overlap

To measure the effect of overlapping communication and computation on performance, we com-
pared the timings of the CPU-only, the GPU-only and the hybrid execution policies in Maximus.
The hybrid execution policy usually performs the initial filtering and projections on the CPU
and offloads other operators to the GPU, if the data to be transferred is not too large. The hybrid
execution policy aims to pick the best deployment, which also includes running only on the CPU
or only on the GPU.

All tables are initially stored in the CPU RAM memory using the arrow format. We notice
that in cases when each table is initially stored in multiple chunks, the hybrid execution was
especially beneficial. In such cases, the data transfer cost to GPU is affected by higher CPU-GPU
data transfer latency, making the CPU more efficient in performing the initial operators like filtering
and projections on the data. While the CPU is processing the new batches, the processed batches are
repackaged into pinned memory using the pinned memory pool and the asynchronous CPU—GPU
copies are initiated (see Section 5.2).

We compared the CPU-only, the GPU-only and the simple hybrid execution policies, measuring
the time spent in CPU operators, GPU operators and the CPU—GPU data transfers. The results are
summarized in Figure 9. For each query, the runtimes are normalized by the total execution time
of the CPU version for that query. The speedups of the hybrid version vs. the second best is also
annotated in the figure. The N/A entries in the figure indicate that the corresponding engine either
failed to run the query or does not support it. The results show that the hybrid version can be more
than 3x faster than both the CPU-only and the GPU-only versions in some cases, such as Q12 and
Q14. In these queries, the initial filtering, which is performed on the CPU, reduces the amount of
data, so that the cost of data transfers to the GPU is reduced, allowing the heavier operators like
hash-join and group-by to be performed more efficiently on the GPU.

However, there are queries where the communication cost is too large to allow efficiently
offloading any part of the query plan execution to the GPU. Examples of such queries are Q1 and Q6.
In Q1, the projection operator computes multiple expressions, expanding the data with additional
columns, before performing grouped aggregations. This means that offloading the execution to
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Fig. 10. The breakdown of the overall time for executing all 22 TPC-H queries, using different execution
policies.

the GPU at that point would require transferring more than 1GB of data, thus outweighing the
performance benefits of utilizing the GPU. For these reasons, the hybrid version offloads the
execution to the GPU, only if the data to be transferred is reasonably small, which explains why
the CPU-only and hybrid execution times for these queries are the same.

These results provide interesting insights, which can be used for determining the job placement
in heterogeneous systems. For example, high-selectivity filters followed by heavy joins might
benefit from the CPU-GPU co-processing.

6.4 Breakdown of Time

To assess the overheads of the Maximus framework, we ran the full TPC-H benchmark using the
CPU-only, GPU-only and Hybrid execution policies in Maximus. We measured the time spent in
CPU operators, GPU operators, data conversions, CPU«GPU data transfers and scheduling. The
full TPC-H benchmark was run 10 times, and the cumulative time spent in each profiling region,
over all 22 TPC-H queries, across the 10 runs is presented in Figure 10.

The figure shows that the GPU-only version is 1.72x faster than the CPU-only version when
all TPC-H queries are run. Similarly, the hybrid CPU-GPU version is almost 3x faster than the
CPU-only version and 1.7x faster than the GPU-only version.

The CPU—GPU data transfer is by far the largest overhead, taking 55% of the total time for
the GPU-only version and 20% of the total time for the hybrid version. It is interesting to note
that without the data transfer overhead, the hybrid and the GPU-only versions would have similar
runtimes, indicating that fast interconnects might favor the GPU-only version. However, faster
interconnects would also allow the hybrid version to explore more interesting operators placements
heuristics, which could in turn further reduce the time spent in operators with hybrid execution, in
addition to reducing the data transfer time.

The data conversion takes 0.5% of the total execution time for the CPU-only version, <0.1% of of
time for the GPU-only version and 2% for the hybrid version. This includes the time spent in the
conversion between acero: : compute: :ExecBatchh used by the Apache Acero operators and the
standard arrow formats like arrow: : compute: :RecordBatchh and arrow: :compute::Tablee .
As described in Section 3.3, Maximus is using highly efficient data conversions between various
formats that are zero-copy and lazy, whenever possible, which minimizes this overhead.

The scheduling overhead is less than 0.5% in all cases. This overhead mostly includes splitting
a query plan into operator pipelines, topologically sorting the dependency graph of tasks and
scheduling the multithreaded execution of tasks. In the TPC-H benchmark, the query plans consist
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of <50 operators, which makes these costs negligible. Since the data transfer cost is the most
dominant overhead of execution, we further investigate its efficiency in Section 6.5.

6.5 Data Transfer Efficiency

We assess the CPU«>GPU data transfer efficiency by measuring the achieved CPU-GPU interconnect
(PClIe 3.0) bandwidth in isolation through microbenchmarks, and then with the end-to-end TPC-H
benchmark.
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Fig. 14. A comparison of Maximus with third-party operator vs. the (native) engines of these operators. For
each query, the runtimes are normalized by the maximum time for that query.

6.5.1 Microbenchmarks. We assessed the bandwidth of transferring the table Orders, which is part
of the TPC-H benchmark, from the CPU to the GPU in isolation. This table consists of 9 columns:
3 of type int64, 1 of type float64, 1 of type date32, and 4 of type string. We measured the
bandwidth incrementally, starting with measuring the bandwidth when only the first column is
transferred to the GPU, then when the first two columns are transferred, and continuing in this
manner up to transferring all 9 columns. It is important to note that variable-length types, such
as string, require transferring the offset arrays in addition to the column values. For instance,
transferring all 9 columns involves sending 13 messages, accounting for the offset arrays associated
with each string column. The benchmark was performed in two scenarios: 1) when the table is
initially stored in a CPU memory region which is not pinned and 2) in a pinned CPU memory
region.
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Figure 11 shows the time spent in data transfers and the amount of transferred memory in both
scenarios (pinned and non-pinned memory) as well as the achieved interconnect bandwidth. We
can observe that the bandwidth is stable across various types and number of columns. When the
table to be transferred is residing in pinned memory, the data transfers achieve on average 12.27
GB/s, which is 99% of the max. bandwidth measured by nvbandwidth (see Section 6.1.3). When the
table is residing in non-pinned memory, it achieves on average 4.78 GB/s, which is 38% of the max.
bandwidth measured.

6.5.2 End-to-End Benchmarks. Although pinned memory offers higher data transfer bandwidth
on PCle interconnects, it is considered a scarce resource and should not be overused [42]. For this
reason, Maximus uses a memory pool of pinned memory, where the maximum size of the memory
pool is a tunable parameter. Due to the limited amount of pinned memory, it is interesting to see
what bandwidth can be achieved in an end-to-end benchmark.

To this end, we measured the bandwidth achieved when the full TPC-H benchmark is performed
using GPU-only and Hybrid execution policies in Maximus. This is compared to the average
bandwidths achieved in microbenchmarks with pinned (12.27 GB/s) and non-pinned memory (4.78
GB/s). Figure 12 shows that the GPU-only version of Maximus achieves the interconnect bandwidth
of 6.15 GB/s, which is almost 1.3x higher than the non-pinned bandwidth achieved in isolation,
but 2x lower than the max bandwidth achieved with pinned memory in isolation. The hybrid
version achieved a bandwidth of 9.46 GB/s, which is almost 2x higher and 1.3x lower than the max.
non-pinned and pinned bandwidths in isolation, respectively. This is reasonable, since the amount
of pinned memory was limited.

In addition to the achieved bandwidth, we also measured the speedup achieved when using the
pinned memory pool. Figure 13 compares the GPU-only version of Maximus with and without
using the pinned memory pool, for each TPC-H query. The results are normalized with respect to
the runtime without using the memory pool. The results indicate that using the pinned memory
improves the performance around 2x in most queries. Higher speedups are generally achieved on
queries that move more data. This is expected, as the CUDA copies do not have to go through
intermediary buffers of pinned memory, but can be performed directly.

6.6 Maximus vs. Native Engines

The operator-level integration enables the integrated operators to take advantage of the advanced
features that Maximus is providing, such as the overlap of communication and computation, which
is especially important in heterogeneous environments with hybrid execution. However, even the
CPU-only and the GPU-only execution can benefit from the efficient pipelining and the parallel
execution of independent pipelines, provided by the Maximus executor. Moreover, integrating
third-party operators into Maximus allows additional tuning of parameters, such as the number of
threads, the processing chunk size, the amount of pinned memory to be used, and others, which
might not be controllable in native engines. To measure the efficiency of the Maximus executor,
we compared the performance of the Maximus CPU backend (using the Acero operators) with
the native Acero engine. Similarly, we also compared the Maximus GPU backend (using the cuDF
operators) with the Polars[cuDF] engine, that is also using the cuDF operators. Since cuDF is not
a fully-fledged engine, we used Polars as an alternative engine using the same GPU operators as
Maximus. The results are summarized in Figure 14. The N/A entries indicate that the corresponding
engine either failed to run the query or does not support it.

6.6.1 Maximus (CPU) vs. Apache Acero. The results in Figure 14 show that Maximus (CPU) with
the Acero operators outperforms the Acero engine in almost all TPC-H queries, achieving the
speedup of almost 4x, in some queries. These results are the consequence of some of the design
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differences between Maximus and Acero engines. Both Acero and Maximus are built around morsel-
driven parallelism, which is sensitive to the processing chunk size and the cache size. In Acero,
the processing chunk size does not seem to be automatically fine-tuned, although it significantly
impacts performance [16]. For example, when running TPC-H Q1, the initial acero filter operator
in a query plan takes 154 ms if the table is initially stored with chunk size 2%°, and 421 ms with
chunk size 2%, both of which are often used in practice. This applies not only to the initial results,
but also to the intermediate results.

In Maximus, on the other hand, it is possible to control almost any aspect of the execution,
thanks to the operator-level integration, since the operators are integrated at the physical level. In
addition to this, Maximus also has an additional level of parallelism, where independent pipelines
can be executed in parallel, with the possibility to control the number of outer and inner threads
(see Section 4.5), which is not possible in Acero. This allows Maximus to outperform Acero using
its own operators.

6.6.2  Maximus (GPU) vs. Polars (cuDF). The results in Figure 14 show that Maximus (GPU) achieves
a speedup of up to 6x when compared to Polars[cuDF], in some cases. There are two important
differences, between Maximus and Polars, affecting the performance. First, Maximus achieves
higher CPU<~GPU interconnect (PCle 3.0) bandwidth in data transfers due to the efficient use
of pinned memory, which is a tunable parameter in Maximus. Second, Polars generally tends
to process the data in smaller chunks than Maximus. However, this also can make Polars faster
in queries with early stopping, such as, e.g. queries which contain a LIMIT operator. Efficiently
handling such queries is future work.

7 Conclusions

As hardware continues to evolve, the increasing prevalence of accelerators, such as GPUs, neces-
sitates that query engines adapt to efficiently leverage modern hardware. This evolution has led
to a proliferation of specialized query engines, each tailored for specific workloads and hardware
configurations. The resulting diversity leads to engines that are efficient on the target hardware
but often overly specialized, making it necessary to reimplement operators when the hardware
changes or evolves.

To address these challenges, we have developed Maximus — a novel, unified query engine that can
execute arbitrary hybrid CPU-GPU query plans thanks to its highly modular and composable design.
Through the concept of operator-level integration, Maximus can reuse the existing operators from
third-party engines without the need to reimplement them, while preserving the full control over
the query execution. Through a series of benchmarks, we have demonstrated that using third-party
operators in Maximus, not only has no overhead, but can even be significantly faster than when
using the same operators within their native engines. Moreover, the operator-level integration,
coupled with Maximus modular design, allows implementing various mechanisms for efficiently
utilizing the CPU-GPU parallelism and for overlapping communication with computation. This can
further enhance the performance, especially in heterogeneous systems with both CPUs and GPUs.
By open-sourcing Maximus, we invite the community to integrate operators from other state-of-the
engines like DuckDB or Velox. In the future, we want to extend Maximus to also work with FPGAs
and other hardware accelerators, such as smart NICs, DPUs, and computational storage.
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