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Solution: Fit more data into memory
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Column-wise compression: Motivation

1. Low column cardinalities

Card./#Rows Ratio [%]
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Column-wise compression: Motivation

2. Non-uniform sparsity across columns




Column-wise compression: Motivation

3. Tall and skinny matrices




Column encoding formats

1. Run-Length Encoding (RLE)
2. Offset-List Encoding (OLE)
3.  Uncompressed Columns (UC)



Column encoding formats:
Run-Length Encoding
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RLE vs. OLE

Index Column
1 0
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RLE vs. OLE
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RLE vs.OLE

Index Column RLE encoded column OLE encoded column
1 0 {1.7} {2} {1.7} {2}
2 1.7 —— - —— -
3 0 2 8 2 8
5 0 6
6 1.7 2
7 0 1
8 2
9 0 2
10 0 1



Column encoding formats:
Uncompressed Columns

Index Column
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Column encoding formats:
Uncompressed Columns

Index Column Encoded column
1 10 10
2 20 20
3 30 30
5 50 50
6 60 60
7 70 70
8 80 80
9 90 90
10 100 100



Column co-coding
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Column co-coding

Index Column 1
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Data layout: OLE
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Data layout: OLE
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Data layout: OLE

(OLEJ1.3} )
{76}{34}H7.5}
1 2 4
3 5 6
9 7

8

10

OLE
{1,3}

col indexes | 1 | 3 (1Gi - 4B)

values 6 3 5 (|Gl - d; - 8B)

ptr 1113|2432 segment ((di+1) - 4B)
. —r—

data D; mﬁ 2 W5 10 : T2 416]4 : : : (2B)

d;

5 =digl di(4 + a|G:]) + QZbij + 22z,

i=1



Data layout: RLE
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Data layout: RLE

(RLE{2}

{9} {8.2}
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Data layout: RLE

(RLE{2})

{9} {8.2}

RLE
{2}

col indexes | 2 ptr [ 1|9 [11| data D; [1]4[3]3] -+ [6]1
/
values 9 8.2 e start-length run
d;
RLE
S = 4)Gi| + di(4+ a|Gi]) +4) 1,
j=1



Compressed linear algebra:
Matrix-vector multiplication

Example on the whiteboard



Compression planning

Compression planning involves three tasks:

1. Estimating column compression ratios
2. Partitioning columns into groups
3. Choosing the encoding format for each group



Estimating column compression ratios

d;
S?LE = 4|G;| —I—d@'(4 T O{|g?,|) i QZbij + 2z,
=l
d;
SitE = 4|Gi| + di(4+ a|Gi]) + 4D rij,
=]

Instead of scanning the full data matrix, estimate parameters from a random sample of the data



Partitioning columns into groups

1. Enumerate all possible partitions, infeasible. Bell(13)=4213597
2. Greedy brute force.
3. Binpacking + greedy brute force.



Choosing the encoding format for each group

1. Scanthe data matrix and compute actual compressed sizes for chosen groups.
2. Foreach group, compute compressed size as the minimum of OLE and RLE sizes.
3.

If a group is incompressible, keep removing the column with largest estimated compressed size
until group is compressible or empty.



Experiments

m ||| ) Apache SystemML



Experiments: Datasets

Dataset

Higgs
Census
Covtype

ImageNet

Mnist8m

#Rows

11M

2.5M
600K
1.2M

8.1M

#Columns

28
68
54

900

784

Sparsity

0.92
0.43
0.22
0.31

0.25

In-memory
size

2.5GB
1.3 GB
0.14 GB
4.4 GB

19 GB



Experiments: Compression ratio

Dataset Gzip Snappy CSR-VI D-VI CLA
Higgs 1.93 1.38 1.04 1.9 2.03
Census 17.11 6.04 3.62 7.99 27.46
Covtype 10.4 6.13 3.56 2.48 12.73
ImageNet 5.54 3.35 2.07 1.93 7.38

Mnist8m 412 2.60 2.53 N/A 6.14



Experiments: Matrix-vector multiplication time
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Thank you for listening



