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Why GPU acceleration for the data warehouse?

CPUs have plateaued Accelerators everywhere

Per-core perf is flat; scaling a DB engine across many cores $5T+ Al infra by 2030 — GPUs, ASICs, NVLink, CXL orders
is hard. of magnitude faster than CPUs.

Agents = bursty workload The hard part

Latency-sensitive queries fanned out for users — exactly Deliver this without locking the warehouse to one vendor,
what accelerators are good for. chip, or fabric.

THE CODDSPEED BET

Build coprocessor and data-movement abstractions that let the same SQL engine offload sub-plans to
GPUs today and other hardware tomorrow — with the rest of the stack untouched.



Design choices

l
l
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Two minimal abstractions

CAL (Coprocessor Abstraction Layer) — ships query fragments to the coprocessor.

DAL (Data Abstraction Layer) — moves the bytes between host and coprocessor.

Swap any hardware or network transport — the rest of the stack stays untouched.

®

Partitionable execution

To minimize OOMs on accelerators with minimal on-board memory, the host
partitions large inputs and runs the same fragment per chunk.

®

Per-row-group CPU fallback

If a row group fails on GPU, the host re-runs only that row group on CPU.

AM [ ] L] [}
< Partitionable execution

QI[T1, w, Ti, w, Tal = U QI[T2, .., Ti%, .., Tal
for Ti = Uk Tik

( Result = ux RKk=Q on full F ]

Host splits a large input F into chunks Fl..Fk ; the same offloaded
fragment runs per chunk; per-chunk results R* are unioned.
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Inside the Optimizer — what to offload, and how

Capability negotiation

The optimizer asks CAL what this coprocessor can do — supported operators, data types, and intrinsics. Only
matching regions are offloaded; the rest stay on the host.

Coprocessor as a physical operator

The host engine still owns parsing, optimization and distributed coordination. The optimizer learns to detect eligible
regions of a plan, wrap them under a single Coprocessor operator, and let CAL execute the fragment.

Substrait — a portable plan

CAL relies on Substrait, an open standard for serializing relational algebra. The host and the coprocessor evolve
independently as long as they speak this shared plan language.
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SQL Server Fabric DW backend host Other Engines

CAL CAL CAL

Coprocessor Abstraction Layer

(CAL)

FPGA Implementation GPU Implementation ASIC Implementation



Zoomed in: one Fabric DW © CAL © GPU path, carried by four contracts.

SQL backend host

Plan Input Data

Coprocessor Abstraction Layer

(CAL)

Runtime Results

GPU Implementation

Click - reveal the concrete Fabric DW ¢ GPU path 8 / 18



Inside the GPU Engine

”~

A productized version of TQP [vLbs 2022]

PyTorch + custom CUDA kernels

TQP (Tensor Query Processor) converts SQL physical plans into PyTorch Like TQP, we use PyTorch for memory allocation and operator implementation.
programs that run on any hardware PyTorch supports. We hardened the same We rely less on PyTorch ops and more on custom CUDA kernels tuned for

SQL-on-tensors idea for production workloads.

Substrait plan

4 3\
Aggregate

rev = SUM(disc_price)
& J
s . N

Project

disc_price = ext x disc

\\ J
Parse
Filter 9

shipdate € ['1994-01-01''1995-01-01')
AND discount € [0.05, 0.07]
AND quantity < 24

Scan
lineitem
{ shipdate, disc, qty, extprice }

physical plan from the host optimizer

SQL semantics.

In-Memory Physical Plan Execution Plan

AggregationPhysicalOperator
id=4 type=Sum
dtype: i64 - 1128

PhysicalProject

id=3 m_expressions=[ ext x disc ]

| Bind & Build

N
PhysicalFilter ->

id=2 m_expression = + inputs
AND( ge(shipdate, c1),
1t(shipdate, c2),
ge(discount, 5),
le(discount, 7),

lt(quantity, 24) )

physicalscan ) [ SHIPDATE ] [ DISCOUNT ] [ QUANTITY ] [ EXTPRICE ]

int32 int8 int16 int32

id=1 m_table_name="1lineitem"
m_columns={shipdate, disc, qty, ext}

physical operators explode into many sub-operators

on the GPU
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Single A100, TPC-H SF=100

GPU

1x A100 (80 GB)
[ CoddSpeed (Warm) 3219x

CPU BASELINE 14 @ CoddSpeed (Cold)
EPYC 7V13 Milan - 24 cores |
220GB

12
WORKLOAD
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10
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[ = The paper also reports results on an internal production workload (16 queries - 300 GB compressed real-world data): up to ~15x warm speedup.
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Generation jump — H100 vs A100

~ == No speedup (1x)
14 13.15x

12

+50%

7.90x over A100

10

6.56 x

o HBM bandwidth dominates
analytical workloads.

Speedup Factor
(@) oo

4.70x

e H100 - 3 TB/s vs A100 - 2 TB/s.

.

o The CoddSpeed stack inherits this
for free.

()

H100 (Warm) H100 (Cold) A100 (Warm) A100 (Cold)
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Fast compute is not enough — without a fast data plane

—-==No speedup (1x)

14 __. Single-GPU CoddSpeed H100 (~13.2x)
I ~CoduS Feed MEiEOPUH o7 Bl = = = =i St Sl i i o i e o i T i
: ~2%
. 1 Multi-GPU H100 - TPC-H1TB
3
8 2 o Compute moved off the CPU, but across
g GPUs data is moved through a generic
a ° TCP/IP shuffle.
« Amdahl law: Communication is now the
I I I bottleneck.
vs Fabric DW CPU baseline - same kernels as
II .I II IIII II'II l.I I the single-GPU run
0 OQQ) 0@: 0,@ N ‘1, o,{b o"b‘ ,\ o,\‘b D O({), /\\q}
Query

[ Once the compute gets fast enough, data transfer becomes the bottleneck. We need a memory-hierarchy and transport aware data plane - DAL.
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DAL — one API across cache tiers AND interconnect

NODE A NODEB
... up to 8 GPUs per node ... up to 8 GPUs per node
f GPUO [ GPU1 ) ( GPUO [ GPU1
(Nvink] (NvLink
CPU N . CPU
HBM HBM HBM HBM
\_ i i J L i i J L i i
i i PCle i E PCle E i
( ) Ethernet f )
HostRAM | ====- Host RAM
. NVMe g h NVMe g
4 ™) . )
Local Disks Local Disks
i read i read
Remote Storage

OnelLake - ADLS - CSI

DAL

Data Abstraction Layer

v Cache hierarchy

Local
Disks Storage

v Transport hierarchy

DAL picks the right
cache + transport.
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Scaling out — multi-GPU with DAL transports

TPC-H SF=1000 (1 TB) - 8 x H100 - warm cache - speedup over Fabric DW CPU

30 -y | A BB
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Beyond GPUs — FPGA and ASIC backends (Prototypes)

¢ o y - "
"y
0 J &
FPGA ASIC
\ y, . y,
4 4
© FPGA <& Speedata APU (ASIC)
« Intel Agilex 7 I-Series AGI 041 — ~4M LEs, 1.3M ALMs, 377 Mb e C200 APU — CGRA-based dataflow on a PCle 5.0 x16 board with
embedded memory. 32 GB on-board RAM.
o PCle Genb5 dual x8 (=12 GB/s bidi) - 4x DDR4-2666 (85.3 GB/s « Zero-copies Parquet from host memory; decompression and
peak). decoding in hardware.
« Built with Kanagawa, Microsoft's vendor-agnostic HLS toolchain. o Native relational ops — select, project, join, aggregation;
complex/nested types incl. strings.
\ \

TPC-H SF=100 — SPEEDUP VS SQL SERVER SINGLE CORE

[ SQL Server + FPGA 006 4.5% 012 14.5% 014 48.1% 019 6.6%

[ Standalone APU 006 36.7% 007 40.7% 012 49.4% 013 259% 014 61.5%




Wrapping up

WHAT WE LEARNED

@ Nobody knows what the hardware landscape will look like in 5-10 years

CPUs, GPUs, TPUs, and whatever comes next will keep churning. Bet on abstractions that survive the churn—not on one device.

Our Bet: Two abstraction layers Validated across hardware

R

CAL abstracts coprocessor compute; DAL abstracts ) ) .
O~ - ) _ Multiple hardware configurations and vendors stress-
data movement. New silicon can arrive without an .
tested whether both APIs stay flexible enough.

engine rewrite.

We are considering open sourcing the APIs — let us know if you are interested.
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Questions?
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