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AI Investment Is Shaping the Future

Capital Expenditure by Hyperscalers [$B]

22
12

46

28
17

62

35

20

70

32

28

48

52

39

77

75

60

100

15 20 25 32
56

8023.8 30.9 38.7
65.9 68.5

94.2

127.1
149.8 140.7

224.4

315.0

Total CapEx

2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025
Source: DC Pulse

1

https://dcpulse.com/statistic/the-great-ai-infrastructure-race-hyperscaler-capex


AI Investment Is Shaping the Future HW & DC

0

20

40

60

80

2017 2020 2022 2024

T
F
L
O
P
S

GPU

2



AI Investment Is Shaping the Future HW & DC

0

20

40

60

80

2017 2020 2022 2024

T
F
L
O
P
S

GPU
0

4

8

12

2017 2019 2021 2023

R
e

a
d

 B
a

n
d

w
id

th
 (

G
B

/s
)

Storage:
NVMe SSD

2



AI Investment Is Shaping the Future HW & DC

0

20

40

60

80

2017 2020 2022 2024

T
F
L
O
P
S

GPU
0

4

8

12

2017 2019 2021 2023

R
e

a
d

 B
a

n
d

w
id

th
 (

G
B

/s
)

Storage:
NVMe SSD

0

200

400

600

800

2014 2018 2022 2024

T
h

ro
u

g
h

p
u

t 
(G

b
it
/s

)

Network:
RDMA NIC

2



AI Investment Is Shaping the Future HW & DC

0

20

40

60

80

2017 2020 2022 2024

T
F
L
O
P
S

GPU
0

4

8

12

2017 2019 2021 2023

R
e

a
d

 B
a

n
d

w
id

th
 (

G
B

/s
)

Storage:
NVMe SSD

0

200

400

600

800

2014 2018 2022 2024

T
h

ro
u

g
h

p
u

t 
(G

b
it
/s

)

Network:
RDMA NIC

PyTorch

2



Build a DB on PyTorch?
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ABSTRACT

The huge demand for computation in artificial intelligence (AI) is

driving unparalleled investments in hardware and software systems

for AI. This leads to an explosion in the number of specialized

hardware devices, which are now offered by major cloud vendors.

By hiding the low-level complexity through a tensor-based interface,

tensor computation runtimes (TCRs) such as PyTorch allow data

scientists to efficiently exploit the exciting capabilities offered by th
e

new hardware. In this paper, we explore how database management

systems can ride the wave of innovation happening in the AI space.

We design, build, and evaluate Tensor Query Processor (TQP):

TQP transforms SQL queries into tensor programs and executes

them on TCRs. TQP is able to run the full TPC-H benchmark

by implementing novel algorithms for relational operators on

the tensor routines. At the same time, TQP can support various

hardware while only requiring a fraction of the usual development

effort. Experiments show that TQP can improve query execution

time by up to 10× over specialized CPU- and GPU-only systems.

Finally, TQP can accelerate queries mixing ML predictions and SQL

end-to-end, and deliver up to 9× speedup over CPU baselines.
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1 INTRODUCTION

DBMS vendors have delivered constant performance improvement

for decades by evolving software to keep up with M
oore’s law while

influencing hardware development through close relationships with

manufacturers. While data volumes and demand for analytics are

growing faster than ever [129], the performance improvement on

CPU has slowed down [136]. However, the count of processor

transistors has continued to grow over the last decade, as hardware

manufacturers adopted first multi-core CPU architectures and then

augmented their computing platforms with specialized components

such as GPUs, FPGAs, compression and encryption chips, DSPs, and

neural-network (NN) accelerators. Although DBMS builders have

taken advantage of multi-core and SIMD instructions effectively

[76, 109, 146], the explosion in the number of specialized hardware
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components, each with different characteristics and programming

abstractions, makes it challenging to support all the exciting

capabilities that these new powerful devices can offer.

On the other hand, the huge demand for computation in artificial

intelligence (AI) [59], combined with the market fever for AI, is

driving unparalleled investments in new hardware and software

for AI. Hardware makers (e.g., Intel [62], Apple [34], Xilinx [142],

AMD [33]), cloud vendors (e.g., Amazon [37], Microsoft [48],

Google [72]), startups (e.g., Graphcore [6], Sambanova [11],

Cerebras [4]), and car companies like Tesla [135] are investing

heavily in this space. Venture capitals alone are pouring nearly

$2B a quarter on special hardware for AI, aiming for a market

expected to exceed $200B a year by 2025 [130]. On the software

side, companies and open source communities are rallying behind

a small number of big efforts (e.g., PyTorch [9], TensorFlow [31],

TVM [46]). The combination of investments in specialized hardware

and large software communities focusing on performance allows

these efforts to thrive. Our realization is that the ML community

has made hardware accelerators accessible to nonspecialists (e.g.,

data scientists). The fact that the most popular ML frameworks

are open-source, creates a virtuous cycle whereb
y any hardware

vendor interested in the ML space must support these frameworks

well to get adoption. At the same time, these large open source

communities successfully tackle the labor-intensive problem of

providing specialized kernels for various hardware, e.g., a month

after Apple M1 was announced, TVM outperformed Apple’s

CoreML by 2× [134]. Hardware vendors can directly improve

the kernels’ performance or the hardware itself [21, 22, 25]. This

further helps adoption since the performance improves at each new

software and hardware release.
We argue that the best path forward for analytical DBMSs

is to embrace this tectonic shift and take advantage of the

groundswell of new hardware and software targeting AI workloads.

To demonstrate the viability of this idea, we propose and prototype

a new query processor which runs SQL queries atop tensor

computation runtimes (TCRs) such as PyTorch, TVM, and ONNX

Runtime [23]. We name our prototype Tensor Query Processor (TQP).

TQP transforms a SQL query into a tensor program and executes it

on TCRs. To our knowledge, TQP is the first query processor built

atop TCRs. Careful architectural and algorithmic design enables

TQP to: (1) deliver significant performance improvements over

popular CPU-based data systems, and match or outperform custom-

built solutions for GPUs; (2) demonstrate portability across a wide

range of target hardware and software platforms; and (3) achieve

all the above with parsimonious and sustainable engineering effort.

The above might appear surprising as specialized hardware

accelerators are notoriously hard to program, requiring much

customization to extract the best performance. Furthermore, their

programming abstractions differ sufficiently to make our goals of
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Inefficient Storage Access: Blocking Parquet Reader

read_parquet() in one CPU thread:

Metadata I/O of all RowGroups Kernels of all RowGroups

DMA: SSD → GPU GPU execution

Time

6



Inefficient Storage Access: Blocking Parquet Reader

read_parquet() in one CPU thread:

Metadata I/O of all RowGroups Kernels of all RowGroups

DMA: SSD → GPU GPU execution

Storage Idle

Time

6



Inefficient Storage Access: Blocking Parquet Reader

read_parquet() in one CPU thread:

Metadata I/O of all RowGroups Kernels of all RowGroups

DMA: SSD → GPU GPU execution

Storage Idle1. GPU Idle
2. Potential OOM

Time

6



Inefficient Storage Access: Blocking Parquet Reader

4 SSDs BW (25.6 GiB/s)

Blocking Parquet Reader

0 5 10 15
0

10

20

Time Since Read Start [s]

S
to

ra
g

e
 B

a
n

d
w

id
th

 [
G

iB
/s

]

Storage Read

Storage microbenchmark with one GPU (A100, 40GB) and 4 NVMe SSD in PCIe 4.0.
7



Inefficient Storage Access: Blocking Parquet Reader

4 SSDs BW (25.6 GiB/s)

GPU Kernel Time

Blocking Parquet Reader

0 5 10 15
0

10

20

Time Since Read Start [s]

S
to

ra
g

e
 B

a
n

d
w

id
th

 [
G

iB
/s

]

Storage Read

Storage microbenchmark with one GPU (A100, 40GB) and 4 NVMe SSD in PCIe 4.0.
7



Efficient Storage Access: Chunking

Thread 0 I/O RG0 Kernels RG0 I/O RG2

Thread 1…

Thread N

I/O
RG1

Kernels RG1 I/O RG3

…

…

Time

8



Efficient Storage Access: Chunking

Thread 0 I/O RG0 Kernels RG0 I/O RG2

Thread 1…

Thread N

I/O
RG1

Kernels RG1 I/O RG3

…

…

1. Overlapping I/O and Computation

Time

8



Efficient Storage Access: Chunking

Thread 0 I/O RG0 Kernels RG0 I/O RG2

Thread 1…

Thread N

I/O
RG1

Kernels RG1 I/O RG3

…

…

1. Overlapping I/O and Computation

2. Less Memory Pressure

Time

8



Efficient Storage Access: Mis-Sync Elimination

Thread 0 I/O RG0
Kernels

RG0
I/O RG2

Thread 1…

Thread N

I/O
RG1

Kernels RG1 I/O RG3

…

…

Time

9



Efficient Storage Access: Mis-Sync Elimination

Thread 0 I/O RG0
Kernels

RG0
I/O RG2

Thread 1…

Thread N

I/O
RG1

Kernels RG1 I/O RG3

“Mis-Sync” by CUDA Lib.

…

…

Time

9



Efficient Storage Access: Mis-Sync Elimination
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Efficient Storage Access: Mis-Sync Elimination
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I/O Queue For Coordination
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Scalability: Dataset Size with 2 GPUs
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Scalability: Number of GPUs with SF1000
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[BACKUP] Storage Scalability: Dataset Size
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[BACKUP] System Comparison
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[BACKUP] DaMoN’26 Conclusion
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