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Abstract
The era of GPU-powered data analytics has arrived. In this paper,
we argue that recent advances in hardware (e.g., larger GPU mem-
ory, faster interconnect and IO, and declining cost) and software
(e.g., composable data systems and mature libraries) have removed
the key barriers that have limited the wider adoption of GPU data
analytics. We present Sirius, a prototype open-source GPU-native
SQL engine that offers drop-in acceleration for diverse data systems.
Sirius treats GPU as the primary engine and leverages libraries like
libcudf for high-performance relational operators. It provides drop-
in acceleration for existing databases by leveraging the standard
Substrait query representation, replacing the CPU engine with-
out changing the user-facing interface. Sirius achieves 8.3× and
7.4× better cost efficiency on TPC-H and ClickBench, respectively,
when integrated with single-node DuckDB, and delivers up to 12.5×
speedup when integrated with Apache Doris distributed engine.

1 Introduction
The performance of a SQL engine is ultimately driven by the capa-
bilities of the underlying hardware—especially compute throughput
and memory bandwidth. Modern GPUs are rapidly outpacing CPUs
on both fronts and have become the default hardware choice for
data- and compute-intensive applications such as machine learning.
Table 1 compares recent CPU and GPU architectures, highlighting
the contrast in core count and memory bandwidth. Given the inher-
ently parallel nature of relational data analytics, GPUs are a perfect
fit for future analytical databases.

Despite their great potential, however, GPU-based SQL engines
[6, 9, 10, 15, 18, 18] have not yet seen mainstream adoption. Prior ef-
forts, both academic and commercial, have been constrained by the
following four key challenges and thereby remain niche solutions.
• Limited GPU memory capacity: Up to 288 GB in a latest GPU

device in contrast to several TBs in CPUs.
• Data movement bottleneck: Traditionally, PCIe has relatively
low bandwidth, creating a bottleneck when transferring data
between GPU and the rest of the system.

• Expensive GPU hardware: High-end GPUs remain signifi-
cantly more expensive than CPUs and are often in short supply.
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Table 1: Comparison of CPU and GPU Instances

Amazon c6a.metal
(AMD EPYC CPU)

GH200
(NVIDIA GPU)

Core Count 192 (vCPUs) 14,000+ (CUDA cores)

Memory BW ∼400 GB/s 3,000 GB/s (HBM)

Memory Size 384 GB 96 GB (HBM)

Rental Cost $7.344/h (AWS) $1.5/h (Lambda Labs)

• Engineering cost: Building a full SQL engine optimized for
GPUs from the ground up is a major engineering challenge.
In this paper, we argue that the hardware and software founda-

tions are finally in place today to overcome these challenges and
enable scalable GPU data analytics. On the hardware side, GPU
memory capacity doubles almost every generation, starting from
Volta (32 GB), to Ampere (80 GB), Hopper (192 GB), and most re-
cently Blackwell (288 GB). Better interconnects such as PCIe Gen6,
NVLink-C2C [13], and GPU Direct [8] significantly reduce the data
movement overhead between GPU and other system components.
This allows a GPU to process data beyond on-device memory with
very fast speed, enabling TBs of analytics even on a single GPU
and more with distribution. Meanwhile, GPUs are increasingly af-
fordable and accessible, especially for older generations which are
already sufficient for data analytics workloads.

On the software side, the GPU ecosystem has significantly ma-
tured. Libraries such as libcudf [6] provides high-performance
primitives like joins and aggregations that a GPU SQL engine can
build upon. The rise of composable data systems [25]—driven by
open standards like Substrait [16] for query representation, Apache
Arrow and Parquet for columnar data formats—enable greater inter-
operability. A modern GPU engine can reuse existing components,
such as SQL parser and query optimizer, to drastically reduce the
complexity of building the system from the ground up.

To demonstrate the feasibility of GPU-native databases, we have
built Sirius1, a prototype open-source SQL engine that uses GPU
as the primary execution device and delivers drop-in acceleration
across diverse data systems. Sirius integrates seamlessly with ex-
isting database systems via the standard Substrait query represen-
tation. For example, plugging Sirius into DuckDB causes minimal
change to the user-facing interface. Instead of executing the query
using DuckDB’s CPU engine, the Substrait plan is routed to Sirius
for GPU-native execution. Sirius builds on GPU libraries such as
libcudf [6], RMM [14], and NCCL [11], reusing optimized implemen-
tations of core relational operators like joins, filters, aggregations,
and data shuffle. Thanks to its modular design, Sirius also allows
developers to easily switch the operator implementation between
these GPU libraries and custom CUDA kernels. This flexibility
1https://github.com/sirius-db/sirius
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Figure 1: Recent hardware trends

reduces engineering overhead while enabling Sirius to achieve
end-to-end GPU acceleration. Our detailed evaluation shows that
Sirius delivers 8.3× and 7.4× better cost efficiency on TPC-H and
ClickBench, respectively, when used as a drop-in accelerator for
DuckDB [26] (single-node), and up to 12.5× speedup as a drop-in
accelerator for Apache Doris [1] (distributed).

Sirius is under a permissive Apache-2.0 license and welcomes
contributions and collaboration from the database community. We
invite researchers and practitioners to build on top of Sirius, with
the shared mission of driving the next era of data analytics.

2 GPU Era for Data Analytics: Why Now
This section discusses recent trends in both hardware and software
that pave the way towards scalable GPU SQL analytics.

2.1 Hardware Trend
A key barrier to GPU’s wider adoption in data analytics has been
GPU’s limited memory capacity, as well as the limited commu-
nication bandwidth between GPU and other system components,
such as main memory, storage, and network. In a traditional GPU
database, data must fit in GPU memory to fully realize acceleration
benefits, which severely limits their use cases. Fortunately, these
limitations are diminishing with recent hardware advancements,
as illustrated in Figure 1 and discussed below.
Bigger Memory at Faster Speed. The capacity of GPU device
memory has been growing rapidly. While the largest GPU memory
was merely 16 GB ten years ago, a modern NVIDIA B300 Ultra or
AMD MI350X has 288 GB device memory, which is sufficient for
small to medium-sized analytics workloads.

PCIe, the interconnect between GPU and CPU, has traditionally
been a severe performance bottleneck due to its relatively low
bandwidth. However, PCIe bandwidth has been doubling every
two years with PCIe Gen6 offering 128 GB/s, which is comparable
to CPU memory bandwidth. The NVLink-C2C [13] technology

takes this even further, enabling 900 GB/s unidirectional bandwidth
between CPU and GPU. In a GH200 superchip, the Hopper GPU can
access host memory at more than 400 GB/s, which is more than the
maximum bandwidth between the CPU and main memory. These
faster interconnects allow a GPU analytics engine to support data
larger than the GPU device memory, enabling high-speed access to
terabytes of main memory and beyond.
Faster Network and Storage. Besides faster memory speed, mod-
ern GPUs also have increasingly better support for network and
storage, allowing a GPU engine to go beyond in-memory data
processing. Technologies like GPUDirect Storage and GPUDirect
RDMA allow GPUs to access data directly from storage or network
with minimal CPU involvement at very high speed. Similar to in-
terconnect technology, storage and network bandwidth have also
grown rapidly in recent years—and are expected to continue im-
proving (see Figure 1c and 1d). Moreover, the recent S3 over RDMA
technique further enables high-speed object store for GPUs, which
can achieve storage access speed at 200 GB/s [5]. With significantly
higher computational power, GPUs are better positioned than CPUs
to fully utilize these high-bandwidth resources.
Declining GPU Cost.While GPUs of the latest generation remain
in high demand with high cost, older generations are becoming
increasingly accessible in the cloud at substantially lower cost. For
instance, the GH200 instance shown in Table 1 has an on-demand
price of $3.2/hour in Lambda Labs, which is cheaper than many
high-end CPU instances. The on-demand H100 prices in many GPU
cloud providers has seen significant price drop from $8/hour in
March 2023 to around $3/hour in 2025 [12, 17]. Even in major cloud
provider such as AWS, in 2025 alone, the A100, H100, and H200 on-
demand price have dropped by 33%, 44%, and 25% respectively [3].

2.2 Software Trend
Another barrier in building GPU DBMSes is the engineering cost
and expertise required to build the software stack from the ground
up. Fortunately, the barrier has been significantly lowered with the
following two software trends.
Composable Data Systems.Modern open-source data systems
are embracing composability [25] (e.g. Velox [24]), where different
system components can be independently developed and interoper-
ate in a data system. A new database can reuse existing components
such as the language frontend, query optimizer, or execution en-
gine instead of reinventing the wheel. A crucial component in these
systems is Substrait [16], a unified IR for physical and logical repre-
sentations of query plans. The trend of composable data systems
significantly lowers the barrier to build a GPU database—only the
execution engine needs to be developed from the ground up tailored
for GPU but other system components could be reused.
Maturing GPU Libraries. Open-source GPU libraries optimized
for data processing have emerged and are rapidly reaching matu-
rity in recent years. For example, libcudf [6] provides GPU-efficient
implementation for relational operators such as joins, aggrega-
tions, and sorting. RMM [14] complements this by offering a high-
performance GPU memory allocator, serving as a foundation for
GPU-centric buffermanagers. On the distributed side, theNCCL [11]
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Figure 2: Sirius Architecture

provides high-speed communication between GPU devices over
various interconnect, such as PCIe, NVLink, and Ethernet/RDMA.

3 Sirius: A GPU-Native SQL Engine
Motivated by the hardware and software trends, we have designed
Sirius, a GPU-native SQL engine that provides drop-in acceleration
across a variety of existing data systems. In this section, we will
discuss the design overview and system architecture of Sirius.

3.1 Design Overview
Sirius was designed with the following two key design principles:
GPU-Native Execution. Recent hardware trends show that the
overhead of data movement between GPUs and other system com-
ponents—especially CPUs—is diminishing. As the GPU memory
barrier is breaking down, GPU-only query execution is becoming
increasingly competitive with fine-tuned CPU–GPU co-execution.

Taking this into account, we design Sirius as a GPU-native
engine: it treats GPUs as the primary execution engine, aiming
to run the entire query plan—from scan to result—on the GPU.
Sirius differs from systems that retrofit GPU acceleration onto
traditional CPU-optimized engines while maintaining backward
compatibility [7, 15], or hybrid systems that split execution between
CPU and GPU [21, 22, 32, 34]. Instead, it builds its execution model,
buffer management, and exchange mechanisms entirely around full
GPU residency. The CPU serves only as a fallback path when certain
features are not supported on GPUs. This architecture can reduce
the design complexity compared to a retrofitted or heterogeneous
design, thereby improving portability and performance.

We believe GPU-native design is a promising direction. History
shows that when a major infrastructure shift occurs—such as the
rise of the cloud—systems built natively for the new paradigm
(e.g., Snowflake) ultimately surpass retrofits of prior-generation
architectures. Similarly, as GPUs emerge as a central computational
platform for data analytics, GPU-native systems like Sirius have
the potential to outperform hybrid or retrofitted approaches.
Drop-In Acceleration.Modern software stacks are gradually mov-
ing toward composable architectures [25], where components such
as query optimizers, storage format, and query execution engine
are decoupled. Sirius embraces this modular design to significantly
reduce the development cost and the barrier of adoption.

By consuming a universal query plan format (e.g., Substrait) and
connects it with existing GPU-accelerated libraries (e.g., libcudf),
Sirius can serve as a drop-in accelerator across a variety of data

systems with minimal or no modification to the host systems. When
using Sirius, the users can benefit from GPU acceleration without
having to modify their user interface or migrate to a different DBMS.

3.2 System Architecture
In this Section, we will discuss the system architecture of Sirius as
shown in Figure 2:

3.2.1 Host Database Layer.
This layer includes the query parser and optimizer of external

data systems that Sirius accelerates. These host systems generate
either query plans in a standardized format such as Substrait which
Sirius can consume. Currently, Sirius supports DuckDB and Apache
Doris as external hosts, and more will be supported in the future.

For distributed query execution, Sirius leverages the host data-
base’s coordinator to manage the control plane. This includes iden-
tifying active nodes via heartbeat, scheduling plan fragments across
nodes, determining partitioning schemes, and maintaining global
metadata. For data exchange, however, it is handled by Sirius built-
in exchange service layer explained in Section 3.2.4.

DuckDB supports Substrait and has an extension framework,
allowing us to integrate Sirius with zero modification to DuckDB’s
codebase. For Apache Doris, since does not have extension frame-
work and cannot export Substrait plans. we introduce minimal
modifications to its codebase to convert its internal query plans
into the Substrait format.

3.2.2 Query Execution Engine.
The query execution engine in Sirius executes the Substrait plan

generated by the optimizer. Sirius adopts a pipeline execution
model, in which the query plan is divided into pipelines. Each
task—at the granularity of a pipeline—is enqueued into a global
task queue. Idle CPU threads pull tasks from this queue and execute
the pipelines by invoking each operator. This model is widely-used
in modern data systems such as DuckDB, Hyper, and Velox.

Within each pipeline, Sirius adopts the push-based execution
model. The query executor acts as a coordinator, maintaining the
state of query execution (e.g., operator’s input and output). Instead
of having operators pull data from their predecessors –as done in
systems like Velox– the executor pushes data into operators. This de-
sign keeps the operators stateless, simplifying their implementation.
This model is adopted by modern systems such as DuckDB.

Most physical operators in Sirius are implemented using the
libcudf library, with a few exceptions for specialized functions
such as predicate pushdown, andmaterialization. Thanks to its mod-
ular design, Sirius allows developers to easily switch the operator
implementation between libcudf and custom CUDA kernels. Sir-
ius also includes a graceful fallback mechanism to the host database
systems in the case of an error or missing features in Sirius.

3.2.3 Buffer Manager.
The buffer manager is responsible for managing memory in

Sirius. It divides the memory into two separate regions:
Data Caching. This region is used to store cached data in Sirius
either in device memory or pinned host memory. To minimize the
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overhead of dynamic memory allocation during query execution,
the caching region is pre-allocated in advance.
Data Processing. This region is in device memory which stores
intermediate results during query execution (e.g., hash tables, inter-
mediate results, etc.). Sirius uses the RMM [14] (RAPIDS Memory
Manager) pool allocator to manage this region efficiently.

Moreover, the buffer manager is responsible for converting be-
tween different columnar formats used throughout the system: the
internal Sirius columnar format, the libcudf columnar format, and
the columnar format used by the host database. Both Sirius and
libcudf derive their columnar format from Apache Arrow, which
allows for zero-copy conversion via pointer passing. The only excep-
tion is when converting row indices between Sirius and libcudf,
as they use different types; Sirius uses uint64_t whereas libcudf
uses int32_t. Conversion between Sirius and the host database
format also requires deep copies, but this occurs only during the
cold run (initial data load) and when returning results to the user.

Currently, Sirius relies on the host database to read data from disk.
Once data is read, the buffer manager automatically caches it into
the pre-allocated caching region for future reuse. More discussion
on disk support and spilling will be discussed in Section 3.4.

3.2.4 Exchange Service Layer.
The exchange service layer orchestrates distributed query execu-

tion across multiple nodes. In single-node deployments, this layer
can be bypassed entirely. However, in multi-node settings, it plays
a critical role in coordinating data exchange between nodes.

In Sirius, exchange is modeled as dedicated physical operators.
Sirius supports common exchange patterns—broadcast, shuffle,
merge, and multi-cast—all implemented using NCCL primitives.

In distributed execution, the query plan is divided into multiple
fragments, each of which is executed locally on a participating
node. Data exchange occurs between fragments—after one frag-
ment completes, its output is transmitted across the compute nodes
and consumed as input by the subsequent fragments. Sirius in-
ternally maintains a runtime registry of exchanged intermediate
data as temporary tables. These temporary tables are automatically
deregistered once the corresponding fragments finish execution.

3.3 Query Lifecycle in Sirius
In this section, we will describe the end-to-end query lifecycle when
Sirius is used as a drop-in replacement for DuckDB (in single-node
settings) and Apache Doris (in distributed environments).
Single-Node. Users begin by issuing SQL queries through the
DuckDB CLI or Python API. DuckDB then parses and optimizes
the query, producing a DuckDB-specific logical plan. In the vanilla
DuckDB workflow, DuckDB-native execution engine will execute
this plan and return the result to the user. When accelerated by
Sirius, however, DuckDB delegates the execution to Sirius by pass-
ing the query plan to its GPU-accelerated execution engine (Sec-
tion 3.2.2) and returns the result to the user.
Distributed. Figure 3 illustrates the query lifecycle for vanilla
Apache Doris (Figure 3(a)) and GPU-accelerated Doris powered by
Sirius (Figure 3(b)). In both cases, users submit SQL queries via the
Doris SQL interface. The Doris coordinator generates a distributed
query plan and dispatches plan fragments to Doris compute nodes.

(a) Vanilla Doris (b) Sirius-Accelerated Doris

Figure 3: Distributed Query Lifecycle in Doris vs Sirius.
In standard Doris workflow, the compute nodes will execute the
fragments locally, exchange intermediate data via Doris’ native
exchange service, and return the results to the coordinator.

When accelerated by Sirius, instead of executing the plan frag-
ments directly, each compute node translates its assigned fragment
into Substrait and forwards it to the local Sirius execution engine
(Section 3.2.2). To exchange intermediate results across nodes, Sir-
ius uses its exchange service layer described in Section 3.2.4. Once
execution completes, Sirius returns the results to Doris compute
node, which then forward the results to the coordinator.

3.4 Future Extensions
While our initial prototype targets the in-memory setting with
limited feature sets, we plan to extend Sirius into a more complete
and production-ready system.
Out-of-Core Execution. Currently, Sirius operates under the as-
sumption that the input data fits in the caching region and the
intermediate results fit in the processing region. To support larger-
than-memory workloads, we plan to extend the buffer manager to
support spilling to pinned memory and disk. We will also enhance
the execution engine to support batch execution by partitioning
input data into batches and pipelining them into the GPU [21, 35].
Full Distributed andMulti-GPUSupport.The current distributed
mode offers limited SQL coverage compared to its single-node coun-
terpart. For instance, it does not support functions such as avg. Go-
ing forward, we plan to expand the SQL coverage for the distributed
execution [18] and introduce other key features such as fault toler-
ance. Additionally, we will extend Sirius to support multiple GPUs
per node [32], enabling it to handle larger workload.
Expanding SQL Coverage. Sirius already supports most of the
basic SQL operators and data types.We plan to broaden the coverage
by adding support for more complex data types, such as LIST, and
nested types. Additionally, we aim to implement advanced SQL
operators, including ASOF joins, vector search, and UDFs [33].
Expanding Host Database Coverage. Sirius currently serves as
a drop-in accelerator for both DuckDB and Apache Doris. Going
forward, we plan to support other substrait-compatible systems,
such as DataFusion, Ibis, and Gluten [2].
Performance Optimizations. Sirius is still in its early stages,
and we see significant opportunities for performance improve-
ment. Future optimizations include predicate transfer [30, 31], ef-
ficient distributed shuffling, operator-specific enhancements [29],
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Figure 4: TPC-H End-to-end Query Performance on a Single Node.
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Figure 5: Performance Breakdown in Sirius

and lightweight compression techniques [19, 28] to mitigate GPU
memory capacity limitations—particularly during batch/pipeline
execution [18, 20]. Additionally, we aim to optimize I/O paths for
reading data from disk and across the network using GPUDirect [8].

4 Evaluation
In this section, we will evaluate the performance of Sirius as a drop-
in accelerator for DuckDB (single-node) and Doris (distributed).

4.1 Experiment Setup

Hardware configuration.We ran Sirius with two different setups:
• NVIDIA GH200: This machine features NVIDIA Grace CPU

and Hopper GPU connected through NVLink C2C with 900 GB/s
bidirectional bandwidth. The Hopper GPU has a 92 GB of HBM3
memory with a read/write bandwidth of 3 TB/s. The Grace CPU
has 72 Neoverse Armv9 cores with 480 GB of LPDDR5X memory.

• 4 × NVIDIA A100: This cluster consists of 4 identical nodes,
where each node has one NVIDIA A100 GPU and 64-cores Intel
Xeon Gold 6526Y CPUs. The A100 GPU has 40 GB of HBM3 mem-
ory with a read/write bandwidth of 1550 GB/s. The GPU and CPU
are connected via PCIe4 with 25.6 GB/s bidirectional bandwidth.
Every node support InfiniBand 4x NDR (Next-Generation Rate),
providing network bandwidth of up to 400 Gbps.

Benchmark. We use the TPC-H benchmark and ClickBench [4] in
our experiment, which has been widely used both in academia and
industry.
Measurement. We dedicate 50% of each GPU memory for data
caching, and the other half for data processing. The numbers re-
ported are the hot runs when the data is already cached in the
GPU memory. Throughout the experiment, we will evaluate the
performance of the following query engines:
• DuckDB: DuckDB [26] is a single node open-source embedded

CPU-based analytical database.

• ClickHouse: ClickHouse [27] is a distributed open-source CPU-
based online analytical database.

• Umbra: Umbra [23] is a single-node RDBMS designed to process
data at line-speed for both in-memory or storage resident data.

• Apache Doris: Doris [1] is an open source high-performance
and real-time distributed CPU-based data warehouse.

• Sirius: Our GPU-native SQL engine that serves as drop-in accel-
erator for DuckDB (single node) and Apache Doris (distributed).

4.2 TPC-H Single-Node Performance
In this Section, we evaluate Sirius performance running on a sin-
gle node as a drop-in accelerator for DuckDB. We ran 22 TPC-H
queries with a scale factor of 100 and compare the performance
against DuckDB and ClickHouse. To ensure cost-normality, we ran
DuckDB and ClickHouse on a CPU instance (c8i.8xlarge@AWS)
that has the same hourly rental cost ($1.5/h) as the GPU instance
(GH200@LambdaLabs) used to run Sirius.
End-to-end Performance Comparison. Figure 4 shows the end-
to-end performance of various query engines on the TPC-H bench-
mark. Compared to DuckDB, Sirius achieves a 8.3× speedup with
the same hardware rental cost. Sirius leverages DuckDB’s optimized
logical plans but replaces its backend with GPUs, demonstrating
the significant performance advantage of GPU acceleration.

Since ClickHouse does not support correlated subqueries [27],
we rewrite queries containing subquery correlation for compati-
bility. Compared to ClickHouse, Sirius is 38× faster with the same
hardware rental cost. Q9 does not finish in ClickHouse and Q21 is
not supported. We observed that ClickHouse is not optimized for
join-heavy workloads, leading to suboptimal performance in many
TPC-H queries (e.g., Q2, Q5, Q10, etc).
Performance Breakdown. Figure 5 presents a performance break-
down across different TPC-H queries in Sirius. The results indicate
that join operations dominate query execution time in most cases,
particularly in join-heavy queries (Q2–Q5, Q7–Q8, Q20–Q22).

Group-by also account for a substantial portion in several queries,
notably for Q1, Q10, Q16, and Q18. This overhead is especially
visible in queries involving group-by on string keys (Q10, Q18) or
with a small number of distinct groups (Q1). For string keys, libcudf
defaults to a sort-based group-by strategy, which is less performant
than hash-based group-by. For group-by operations with a small
number of groups, GPU suffers from memory contention.

Filter operation contributes to a majority of the query execu-
tion time in filter-heavy queries such as Q6 and Q19. They also
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Figure 6: Normalized Total Cost of Ownership (TCO) Relative to Sirius.

contribute significantly in Q13, where a complex string-matching
expression with very low selectivity is used. In contrast, aggre-
gation and order-by operations do not dominate the end-to-end
execution time for any of the TPC-H queries. This is because the
input size for these operations is typically very small.

4.3 TPC-H Distributed Performance
In this section, we ran a subset of TPC-H queries with a scale factor
of 100 (i.e., Q1, Q3, and Q6) that are currently supported by the
distributed mode of Sirius and compare the performance of Sirius
against Doris and ClickHouse using a cluster of 4 × A100 GPUs.
Table 2: TPC-H End-to-End Query Performance in the Dis-
tributed Setting.

Doris ClickHouse Sirius
Breakdown in Sirius

Compute Exchange Other

Q1 1193 393 97 33 3 61

Q3 838 12785 341 43 233 75

Q6 199 294 84 36 1 47

End-to-end Performance Comparison. Table 2 presents the
performance comparison of different query engines in a distributed
environment. Compared toDoris, Sirius achieves a speedup of 12.5×,
2.5×, and 2.4× in Q1, Q3, and Q6, respectively. Sirius leverages
the exact same distributed query plan from Doris, but replaces
its execution engine with GPUs, demonstrating the performance
advantage of GPUs in distributed query execution.

Sirius outperforms ClickHouse by 4×, 37.5×, and 3.5× in Q1,
Q3, and Q6, respectively. When joins are not involved (Q1, Q6),
ClickHouse is able to outperform Doris. However, its performance
degrades significantly when distributed joins are involved (i.e., Q3),
resulting in substantial slowdown compared to Doris and Sirius.
Performance Breakdown. We further present a breakdown of
Sirius’ performance in Table 2, specifically, into the categories of

local GPU computation, data exchange, and the rest portion during
execution (e.g., query optimization, plan dispatching, etc.).

We noticed that GPU execution is not the primary performance
bottleneck in the current implementation of distributed Sirius, indi-
cating ample opportunities for further optimizations. For example,
in Q1 and Q6, a significant portion of query execution time is spent
in Doris’ query optimizer and coordinator, which run on the CPU.
This overhead does not scale with the data size and is expected
to be less significant for larger dataset. In Q3, data exchange is
the main bottleneck as the Doris’ distributed query plan shuffles
both the orders and lineitem tables. We have identified several
opportunities to further improve the shuffle performance in Sirius
but leave a deeper exploration to future work.

4.4 ClickBench Performance
In this section, we evaluate Sirius as a drop-in accelerator for
DuckDB and compare its performance against the top two sys-
tems on the ClickBench leaderboard (Umbra and DuckDB2). We
ran Sirius on a GH200 instance from Lambda Labs ($1.5/hour). The
competing systems ran on CPU instances—AWS c8g.metal-48xl
($7.6/hour) and AWS c7a.metal-48xl ($9.8/hour). Because the three
systems use differently priced hardware, we report the normalized
total cost of ownership (TCO) relative to Sirius.

Figure 6 shows the normalized TCO of Umbra and DuckDB rel-
ative to Sirius (fixed at 1). Sirius achieves the lowest TCO on all
queries, benefiting from highly efficient GPU execution. In particu-
lar, queries q4, q5, and q18 exhibit substantial performance gains
on common operators such as filtering, projection, and aggregation.
Some queries, however, highlight optimization opportunities. For
example, q23 is bottlenecked by the contains operation on string
columns; q24 and q26 by top-N operators; and q27 by aggregations
over very large inputs. We plan to improve these operators in future
releases of Sirius.

2as of December 5, 2025; results are subject to change



Rethinking Analytical Processing in the GPU Era CIDR’26, January 18–21, 2026, Chaminade, USA

Overall, Sirius delivers at least a 7.4× improvement in TCO when
running ClickBench as a drop-in accelerator for DuckDB. It achieves
the lowest relative runtime on the ClickBench leaderboard—11%
faster than Umbra, the top performer—while running on signifi-
cantly cheaper hardware ($1.5/hour vs. $9.8/hour), setting a new
performance record for the benchmark.

5 Conclusion
This paper argues that the GPU era for data analytics has arrived
and supports this claim by examining recent trends in hardware
and software development. Motivated by these trends, we intro-
duce Sirius, an open-source GPU-native SQL engine that provides
drop-in acceleration across a variety of existing data systems. Our
evaluation on TPC-H and ClickBench shows that Sirius delivers
7.4–8.3× better TCO than state-of-the-art systems in a single-node
setting, and up to 12.5× speedup in distributed setting. With a per-
missive Apache-2.0 license, Sirius welcomes contributions from
researchers and practitioners in the database community with the
shared mission of kickstarting the GPU eras for data analytics.
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