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CPU vs. GPU Hardware Comparison
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GPUs excel at: 

Compute power
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CPU vs. GPU Hardware Comparison

GPUs excel at: 

Compute power

Memory bandwidth

Network bandwidth

Relational analytics is inherently parallel  → A natural fit for GPUs

Yet most data analytics today remains CPU-centric—missing the GPU revolution
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Why GPU SQL Not Mainstream Yet? 

Key challenges in GPU data analytics 

•Limited GPU memory capacity

•Data movement bottleneck

•GPU hardware cost

•Engineering complexity
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GPU SQL at a Tipping Point 

Challenge #1: Limited GPU memory capacity 

•GPU memory is smaller than CPU memory 
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GPU SQL at a Tipping Point 

Challenge #1: Limited GPU memory capacity 

•GPU memory is smaller than CPU memory 

Hardware trend #1: Bigger Memory at Faster Speed 

•GPU memory capacity: up to 288 GB HBM per GPU 
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GPU SQL at a Tipping Point 

Challenge #1: Limited GPU memory capacity 

•GPU memory is smaller than CPU memory 

Hardware trend #1: Bigger Memory at Faster Speed 

•GPU memory capacity: up to 288 GB HBM per GPU 

•HBM bandwidth: up to 22,000 GB/s in Rubin GPU
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GPU SQL at a Tipping Point 

Challenge #2: Data movement bottleneck 

•Loading data into GPU is bottlenecked by PCIe 
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GPU SQL at a Tipping Point 

Challenge #2: Data movement bottleneck 

•Loading data into GPU is bottlenecked by PCIe 

Hardware trend #2: Faster Network and Storage 

•CPU-GPU bandwidth: NVLinkC2C provides up to 1800 GB/s 
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GPU SQL at a Tipping Point 

Challenge #2: Data movement bottleneck 

•Loading data into GPU is bottlenecked by PCIe 

Hardware trend #2: Faster Network and Storage 

•CPU-GPU bandwidth: NVLinkC2C provides up to 1800 GB/s 

•GPU-GPU network: NVLink provides up to 3600 GB/s

CPU-GPU bandwidth
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GPU SQL at a Tipping Point 

Challenge #3: GPU hardware cost

•High-end GPUs are expensive and often in short supply 
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GPU SQL at a Tipping Point 

Challenge #3: GPU hardware cost

•High-end GPUs are expensive and often in short supply 

Hardware trend #3: Older-generation GPUs accessible at lower cost

•On-demand H100 prices drop from $8/hour in March 2023 to around $3/hour in 2025 

•In AWS, in 2025 alone, the A100, H100, and H200 on demand price have dropped by 
33%, 44%, and 25% respectively
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GPU SQL at a Tipping Point 

Challenge #4: Engineering complexity

•Building SQL engine from the ground up is challenging 
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GPU SQL at a Tipping Point 

Challenge #4: Engineering complexity

•Building SQL engine from the ground up is challenging 

Software trend #1: Composable Data Systems 

•Reuse existing components (e.g., SQL frontend, query optimizer) 

•Substrait: A standardized IR for query plans, enabling portability across query engines

Sirius

GPU-native SQL engine

Local 
Storage

Cloud 
Storage

Substrait query plan
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GPU SQL at a Tipping Point 

Challenge #4: Engineering complexity

•Building SQL engine from the ground up is challenging 

Software trend #1: Composable Data Systems 

Software trend #2: Maturing GPU Libraries 
•Minimizing engineering efforts

Sirius

GPU-native SQL engine

Local 
Storage

Cloud 
Storage

Buffer 

Manager

Execution 

Engine
Exchange

Libraries libcudf, RMM, NCCL, etc.

Substrait query plan

libcudf: Columnar-oriented relational operators (e.g., 
joins, aggregations) on GPU

RMM: An efficient GPU memory allocator

NCCL: High-speed inter-GPU communication library
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Summary: GPU SQL at a Tipping Point

Modern hardware and software trends make GPU databases viable at scale

•Challenge #1: Limited GPU memory capacity

•Challenge #2: Data movement bottleneck

•Challenge #3: GPU hardware cost

•Challenge #4: Engineering complexity

Hardware Trends

#1: Bigger Memory at Faster Speed 

#2: Faster Network and Storage 

#3: Declining GPU Cost 

Software Trends

#1: Composable data systems 

#2: Maturing GPU Libraries 

The GPU era of data analytics has arrived 
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Sirius: A GPU-Native SQL Engine

Sirius

GPU-native SQL engine

Local 
Storage

Cloud 
Storage

Buffer 

Manager

Execution 

Engine
Exchange

Libraries libcudf, RMM, NCCL, etc.

Substrait query plan

* * * *

Design principle #1: GPU-native solution (vs. retrofitted design)
• Core components (buffer manager, query engine) are designed assuming GPU execution

Design principle #2: MICE (Modular, Interoperable, Composable, Extensible)
• Drop-in accelerate data systems with minimal modification to the host systems
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Query Lifecycle in DuckDB Query Lifecycle in Sirius

Developed as a DuckDB Extension:

➔No modification to DuckDB codebase

➔No modification to DuckDB User Interface

➔Fallback execution to DuckDB

Query Lifecycle in Sirius
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Running queries in DuckDB vs Sirius

DuckDB Sirius

How Does Sirius Work?
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Query Lifecycle in Apache Doris

Query Lifecycle in Sirius

Query Lifecycle in Sirius – Distributed

Query Lifecycle in Doris Query Lifecycle in Sirius-Accelerated Doris
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Performance Evaluation – Single Node

TPC-H 100GB

– CPU: c8i.8xlarge@AWS  ($1.5 per hour)

– GPU: GH200@LambdaLabs  ($1.5 per hour)

Sirius accelerates DuckDB by 8.2x



28

Performance Evaluation – Single Node

TPC-H SF100 vs 1000

GPU: GH200@LambdaLabs  ($1.5 per hour)

Scaling Sirius to 1TB! (ongoing)
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Breaking the ClickBench Record!!!

Running on hardware that is 7x cheaper

Performance Evaluation – ClickBench
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TPC-H 100GB

– 4-node cluster

– Each node: NVIDIA A100 GPU + 64-cores Intel Xeon Gold 6526Y CPUs 

Sirius accelerates Doris by 2.4–12.5x

Performance Evaluation – Multi-Node
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What’s Next?

Inspired by [1], an upcoming framework in Sirius will enable acceleration at TB’s scale.

To be announced at GTC 2026 (March 16-19)

[1] Aramburu, Malpica, et al. Theseus: A Distributed and Scalable GPU-Accelerated Query Processing Engine Optimized for Efficient Data Movement, arXiv 2025
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Future Direction

➔Out-of-core execution

➔Supporting GPU Reader

➔Expanding SQL Coverage

➔E.g., UDF, LIST, nested structures, ASOF join, vector data type, etc. 

➔DuckDB Community Extension
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Sirius Contributors
Jointly Developed by UW-Madison and NVIDIA

NVIDIA

•Bobbi Yogatama

•Felipe Aramburu

•Amin Aramoon

•William Malpica

•Joost Hoozemans

•Matthijs Brobbel

•Dhruv Vats

•Johan Peltenburg

•Rodrigo Aramburu

•Joshua Patterson

University of Wisconsin-Madison

•Xiangyao Yu

•Yifei Yang

•Kevin Kristensen

•Devesh Sarda

•Abigale Kim

We welcome contributions both from Academia and Industry!!!
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Project website: sirius-db.com

Open-sourcing on github:
https://github.com/sirius-db/sirius

Interested in Sirius? Contact us! 

        siriusdb@cs.wisc.edu

[1] Bobbi Yogatama*, Yifei Yang*, et al. Rethinking Analytical Processing in the GPU Era, CIDR 2026

[2] Aramburu, Malpica, et al. Theseus: A Distributed and Scalable GPU-Accelerated Query Processing Engine Optimized for Efficient Data Movement, arXiv 2025

[3] Yifei Yang, Xiangyao Yu, Accelerate Distributed Joins with Predicate Transfer, SIGMOD 2025

[4] Junyi Zhao, et al. Debunking the Myth of Join Ordering: Toward Robust SQL Analytics, SIGMOD 2025

[5] Yifei Yang, et al. Predicate Transfer: Efficient Pre-Filtering on Multi-Join Queries, CIDR 2024

[6] Bobbi Yogatama, Weiwei Gong, Xiangyao Yu. Scaling your Hybrid CPU-GPU DBMS to Multiple GPUs, VLDB 2024

[7] Bobbi Yogatama et al. Accelerating User-Defined Aggregate Functions with Block-wide Execution and JIT Compilation on GPUs, DaMoN@SIGMOD 2023

[8] Bobbi Yogatama, Weiwei Gong, Xiangyao Yu. Orchestrating data placement and query execution in heterogeneous CPU-GPU DBMS, VLDB 2022

[9] Anil Shanbhag*, Bobbi Yogatama*, Xiangyao Yu, and Samuel Madden. Tile-based Lightweight Integer Compression in GPU, SIGMOD 2022

[10] Anil Shanbhag, Sam Madden, Xiangyao Yu. A Study of the Fundamental Performance Characteristics of GPUs and CPUs for Database Analytics, SIGMOD 2020

Sirius: GPU-Native Execution Engine

Sirius

GPU-native SQL engine

Local 
Storage

Cloud 
Storage

Buffer 

Manager

Execution 

Engine
Exchange

Libraries libcudf, RMM, NCCL, etc.

Substrait query plan

* * * *

http://sirius-db.com/
http://sirius-db.com/
http://sirius-db.com/
https://github.com/sirius-db/sirius
https://github.com/sirius-db/sirius
https://github.com/sirius-db/sirius
mailto:siriusdb@cs.wisc.edu
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