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INTRODUCTION
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Background
e Exponential growth of Al/ML applications

 Inefficient methods for tensor storage

* Redundant storage space
* Slow processing speed @

Related works ’)

e Focus on vectors (1d arra\;?rather than@s nd arraE

e Miss cloud-native environment: cloud storage offers more than just disks

Objective

o Efficient tensor storage in cloud object storage
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Problem Statement
How to store tensors efficiently?

s COur Methods!!]
/ 2P, f
Clients !
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Problem Statement

Terminologies

Definitions Evaluation Metrics

Vector: Compression Ratio:

a= [al, as, .., an] C. = Sencode
=
Sbinary
Tensor:

Writing/Reading Time:
tenx) = Elapsed(F (X))

X={xp;2 ;n|i/€[1,d]for j=12,..,N}

— -1
Tensor encoding/decoding: Lae(Xencoae) = ElaPSd(F™" (Xencode))
Xencode = F(X) tyrite = tser + ten (X)
_ t = tyes + tge (X )
X=F 1 X read_tensor des de encode
( encode) tread_slice = lges T+ tge (Xencode[...])
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METHODS
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Method - General Tensors

Flattened Tensor Storage Format (FTSF)
e Tenet: only fetch the elements needed (OFTEN).

*Metadata
dim_count t dimension chunk_dim |
— count
4 (24, 3,1024, 1024] 3
o1 2 ... 23
The FTSF delta lake table
id chunk (BINARY) Metadata*
6e368... 1 /] 1024
6e368... 2 I
6e368... 24
la234... 1
*Metadata
dim_count dimensions chunk_dim_
S count
4 [24, 3,1024, 1024] 2

1024
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Why sparse matters

Curse of dimensionality:
As dimensions increase, data sparsity grows rapidly, demanding exponentially
more data for reliable results. LITTTTTPPPPPPETTTTTTTY :

Sparse COO Estimated Dense

Non-zeros Order Dimensions . )
Size Size

Amazon Reviews  1,741,809,018 3 ABZL 2 S T 2 55.7 GB = 123,534.3 PB
1,805,187 - '

Uber Pickups 3,309,490 4 183 x 24 x 1,140 x 1,717 51.4MB * 68.8 GB

VAST 2015 Mini- 165,427 x 11,374 x 2 x 100 x :

Challenge 1 26,021,945 5 39 570.0MB : 267.9 TB
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Sparse Encoding - Coordinate Format (COO)

3-D tensor

s
r
I
;g

COO:

[0, 1,1, 2], = Layer
[0, 0, 1, 2], > Row

[1, 0, 2,2], > Column
- Layer 1 [1, 2, 3,4] - Value

Layer O
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Methods - Sparse tensors

Two Strategies

LI
OO
I O
O [ O

a Sparse ]

Encoding = | !

Partitioning
 —

COO
Encoding
| COO
— =
DDDD Sparse BEe=a B2 BEa BEs
o Partitioning‘ DDDD Encoding s o o o
T O0O00 i e | e
EE =E=EEE
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Method 1 - Sparse Tensors

Compressed Sparse Fiber (CSF)

columns

tubes

values

DATA'Al SUMMIT

OjO0 (0] 1 1 1
11111111
0| 1 210 (1] 2
3 4 5 6 7 8 1 2 3 4 5 6 7
COO format CSF Trie representation

Example: 2 x 2 x 3 tensor
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Method 1 - Sparse Tensors

Compressed Sparse Fiber (CSF)

fptr[1]

() (o (2 o
QOOOOOOO =

1 2 3 4 5 6 7 8 values

0 Slicing
Pointer

0 ointe

0 Level
Indices

0

1 1 1 2

7 6| /7| 8

CSF Trie representation

CSF Array representation
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Method 1 - Sparse Tensors

Compressed Sparse Fiber (CSF)

fptr[0] 0 2 3

fptr[1] 0 2 5 8

fids[0] 0 1

ﬁdS[ﬂ O 1 1

Delta Lake

Tensor Metadata

tensor id

layout|dense shape|...

'

Non-Chunked Data

fptr[O]: [..

S1lFids[o]: [...1]...

fidsl2] | 9 |12 lo0f1]2]1]1]2

values | 7 | 2| 3| 4| 5| 6| 7| 8

CSF Array representation

Array too large? l Chunk Storage

Chunked Data

values chunkl||fptr[l] chunk

chunk 1 chunk 1

chunk 2 chunk 2
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Method 2 - Sparse Tensors
Block Sparse Generic Storage (BSGS)

Columns (J)
O 1 2 3
/1/2
. 3
g O 4 4 // 5
@)
x 4 1
@
<

2 X4 x 2tensor

DATA'Al SUMMIT

Cc

rows

olumng|

COO format

tubes

vals

rows

block shape ¢

olumns

tubes
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Method 2 - Sparse Tensors
Block Sparse Generic Storage (BSGS)

0 0 0 1 1
0 0 0 1 1 ibnlgfckes
rows| 0 0 1 1 // /
> |1 0ol0]|1]0]0O
columns| 0 1 0 2 3
2
tubes| 0 0 1 0 0 _—
indi O/ 1 T~ olo ol o] o
element absolute indices 0 block shape element
0 1 0 0 1 relative
indices
vals| 7 2 3 4 5 0 0 0 0 0
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Method 2 - Sparse Tensors

Block Sparse Generic Storage (BSGS)

block
indices

element
relative
indices

values

DATA'Al SUMMIT

0

0

Delta Lake

| |

| |

0 : 0 :

| |

deduplicate 0 10 :
0 Cl :

| |

| |

block 1 : block 2 :

| |

0 0 : 0 :

| |

combine 0 |0 :
0 0,0 :

| |

71 21| 3 :

| |

1

1

0
block 3

00

0 1

0O

4| 5

©2024 Databricks Inc. — All rights reserved

19



Method 2 - Sparse Tensors
Block Sparse Generic Storage (BSGS)

Internal table - column compression:

id dense_shape Dblock_shape

1,3 [24,2],3 [1,2,1],3

Tensor Slicing Operation - read tensor

block_indices block_values Steps to get tensor[O0, :, :]:

[0.0.0] [Egﬂ’ 1. Filter table using id.
[0,0], 2. Get block_shape and dense_shape,
: 1.2l calculate the slice shape 1x 4 x 2.
[0,0,1] i)} 3. Scan the block_indices column to
: %8%: get block_values.
...... S 4. Construct the slice
[1,1,0] [[0,01, :[[0,0,0],
i 010
[4,51] : [0,0,0],

DATA'Al SUMMIT

: [1,2,31]]
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Experiments - General Tensors

PNG Files
(FFHQ)

Tensor S3 Object
encode

ben S,

Ser

\ 4

|asp
\o©

Delta Lake Table

Apply FTSF

Spark Cluster

P

L des r Whole

Slice

tae(x

encode )

7
¢ Slice
de (Xun('()(lt‘[-v-] )

: tdes [ Whole
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Experiments - Sparse Tensors

~ Spark Cluster | Spark Cluster

| i S binary : e

COO (binary)  User | T |

1 | i t r

> COO (deltalake) | A “des L Whole

COO Files ‘ ! S3 Object Slice

(Uber Pickups) ] ;

1 CSF tseré - ;tdes ’—. Whoie

BSGS

3 i Delta Lake Table ; encodel... ice
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Results - General Tensors

Slice reading is efficient, reducing time by 90.04% by fetching only relevant
chunks.

Storage Size (GB) Write Tensor (s) Read Tensor (s) Read Slice (s)
Binary 14.6 135.69 379.51 494.33
FTSF 13.3 251.77 474 .51 49.24
A -8.90% 85.52% 25.02% -90.04%
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Results - Sparse Tensors
Evaluation — Storage Size

All the sparse tensor methods save the storage space compared to the
PT file format with compression rates less than 13.23%.

100.00%
140.00 126.20

- Best Performance
120.00

Storage Size (MB)
3
3

40.00 T395%
16.70 6.50% 4.83%
20.00 - 8.20 6.10
0.00 [ ——
PyTorch PT COO0 CSF BSGS

Storage Methods
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Results - Sparse Tensors
Evaluation — Tensor Writing

CSF and BSGS achieve comparable performance, with CSF being the most

efficient, taking 26.68% less time compared to PT.

25.00

20.00

15.00

10.00

Write Tensor (s)

5.00

0.00

DATA'Al SUMMIT

0.00%
9.43

PyTorch PT

132.28%
21.91
-26.68%
6.92
COO CSF

Storage Methods

- Best Performance

13.94%
10.75

BSGS
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Results - Sparse Tensors

Evaluation — Tensor Reading

CSF and BSGS achieve comparable performance, with BSGS being the most efficient,
taking 29.59% less time to read entire tensor and 55.34% less time to read tensor

slice compared to PT.
- Best Performance

16.00 211%‘;%% 6.00
: 0.00%
14.00 5 00 4.85
200 Read Tensor ‘ Read Slice
0 — 4.00 29.47% -30.13%
< 10.00 % 3.42 3.39
@ ks
EJ 8.00 o 3.00 -55.34%
T 600 0.00% -0.44% kA 217
© .
e 4.77 4.75 -29.59% & 2.00
4.00 3.36
1.00
2-00 .
0.00 0.00
PyTorch PT CO0 CSF BSGS PyTorch PT CcOo0 CSF BSGS
Storage Methods Storage Methods
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Conclusion

Cloud-native tensor storage solution

Customized methods for general and sparse tensors

Remarkable space savings especially for sparse tensors

Competitive performance for tensor writing, reading, and slicing operations
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