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Problem and Solution Overview

Storage <~ Memory Bottleneck Problem Resistive Content Addressable Memory (ReCAM): A PRinS ‘Device
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PRinS Application
K-Means Clustering

K-Means Clustering Algorithm

PRinS Application
ocal Sequence Alig

Smith-Waterman Algorithm
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What is Deduplication?
> Deduplication is a technique for storing a single copy Traditional (RAM+CPU) Systems

In-ReCAM Deduplication Throughput vs. duplicate %

»ReCAM was simulated with a cycle-

‘j each data block in storage New block write: Use CAM operations: accurate simulator o | Recam []C mecwne
Can reach 10x reduction in data volume 1. Hash (create key) 1. CAM search = No need to hash »ReCAM Parameters: 256GB @1GHz %w? S Sy $§P§%E§EEB
> How it works: 2.Search in key table 2. Write block + 1 pointer 0 OFNDDP akp
1.Data is broken into fixed blocks 3 Write to three tables ReCAM | | >Opendedup executed on high-end s SRR
e e o o inrav @ @20 e so aercore CPU, B4GBRAM, 11 ovenvear
ta || Data || Data ncoming Data Stream in RAM & . a OpenDedup
; . - f A 800GB SSD drive o — -
2.A mgerprmt (FP) is calculatgd or-each block o WA | search | storage rereentage ofdeduplicated blocks
3.0nly pointers are stored for identical blocks e — »>ReCAM has 100x higher throughput Energy vs. duplicate %
rnedup,ime RAM T\BT;&/L AT than deduplication with RAM+CPU 2 o ReOAITKE

Address Translation Table + ReCAM4KB
_ + ReCAM8KB
—<— OPNDDP 1KB
—&— OPNDDP 2KB
£ | —+— OPNDDP 4KB

| | —=  OPNDDP 8KB

Physical " Data Blocks
Address

»Energy consumption is similar or
lower for the common block sizes (4 &
8KB)

Hash(A)

a . 4 e 6 a i 9 Table Chunk Index

Storage

mption (Joule)

Hash(B)

Energy Consul

Hash(C)

PA(D)

DaE oo
9]
3 <
S

Fingerprint Physical CNT
Address Address Address

Logical Physical 10°

Address Address 0 20 40 60 80 100
Percentage of deduplicated blocks

134F871
0325F7A

m
F3AF
AB45CB7
20147A8

963FE7E .




