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What's thg
Should yol leveraging this information. Why?
data: why
analytics, | Because there has been a paradigm shift in data growth, from mastly structured, and not too much of it, to

mostly unstructured, and a lot of it. Businesses use structured data every day through relational databases Frrrmmm————————— \

and spreadsheets, where patterns can easily be identified. However, unstructured data, which comes in the
torm of emails, social media, blogs, documents, images and videos, represent a significant source of
opportunity for businesses. Due to its unstructured nature, it is difficult for people to gain insight from it

using conventional systems. And hecause so much of data created today is unstructured, organizations need

vV

to be able to understand what's in this data, or risk missing out on significant amounts of digital intelligence.

The solution: cognitive technologdy

« Unstructured data occupies to 80% of storage capacity in data
centers [1].

 Intensive retrieval/analysis requests.

* Fast and energy-efficient data retrieval solution.
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Problem- Software
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Problem-Hardware
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 Massive data movement incurs energy and latency overhead in the
conventional memory hierarchy.
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Showcase
Content Based Unstructured Data Retrieval System
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Solutions

vl Deep Learning Hashing + Graph Search = DLG - accuracy
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Shorten data path

The internal bandwidth of SSD can be 16x higher than the external SSD bandwidth[6]

ol User-visible - Scalability
Software abstraction Different applications
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Cognitive SSD System--Overview
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Cognitive SSD System—High Level Library

Challenge: Model and parameter configurable & scalability?

; How to update deep learning model and graph parameter?
e  How to dispatch request?

Users Application

\ 4 4

Train :
deep learning Caffe User Library
model Pytorch
‘ Task Plane Data Plane
Generate instruction DLG-x DLG_analysis(User definition) I
and . 3
construct %raph Sl User-defined API Send Data
arametler
P < task request transmission

DLG-x configuration Scalability

Device driver
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Cognitive SSD System - Firmware and hardware
\ 4 3
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DLG-x Accelerator
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NAND Flash Controller
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Outline

 DLG-x Accelerator
* Deep learning unit
* Graph search unit
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DLG-x Accelerator — Deep learning unit
Challenge How to supply data to accelerator without DRAM?

- -‘,’:,'E ................. — CUMMI ,a:_’ : CONV CO“VOlutlon Iayel’ I
=|| Al ||= A i%E 10 1 FC - fully connected layer |
= - : L - 9z DRAM o & P

; FRR NN S Sid g Manager — 0
B . L g3 and Buffers E E % —_—
: g . = s QD
: T i - 2% & - C
- temers stk iy Peisie S < Pror=..,o0rs Channel — c
] (Firmware) Processors ©

e

&

. = CONV-1 = CONV-2 CONV-3 CONV-4
Cache data & store various controller metadata (7] BCONV.5  mEG6 = FC.7 B FC-8

NAND Flash Controller Weight Neural Processing Engine InOut
LR Convolution  Pooling = Activation  Buffer-0

NAND Flash  Controller Weight ) i ; InOut
Buffer-1 Graph Search Engine 3

NAND Flash  Controller : e

Instruction Vertex Vertex Address
i Queue Detector Arbitrator  Generator
[Dlrectly access NAND flash ] ' s /N g . .




DLG-x Accelerator-Data Layout
Challenge: How to fully utilize the internal bandwidth of flash?
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Improve throughput by 33%
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DLG-x Accelerator-Graph search unit
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DLG-x Accelerator-Data Layout

Challenge: How to avoid bandwidth waste?
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Cognitive System — Case study
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Evaluation Setup
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Ubuntu 14.04, Caffe[9], Crow web
framework[10].
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Evaluation-DLG algorithm
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. DLG solution performs better retrieval accuracy regardless of the A
choice of T value when compared to the conventional hash solutions.

+ DLG solution shows the robustness of the DLG solution when
deployed on a real-world system. Y

\_
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Evaluation-DLG-x

Performance of deep hashing on DLG-x Performance of graph search on DLG-x
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* Outperform than brute
force sort method

« Upto37.12xand 12.5 x
speedup over CPU solution
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Evaluation-Cognitive SSD System

Performance of Cognitive SSD system on ImageNet
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E Compared to B-CPU, Cognitive SSD system reduces latency

by 69.9% on average.
« Cognitive SSD achieves higher power-efficiency than B-GPU

system by 2.44 x. |
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Evaluation-Cognitive SSD Cluster
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Evaluation-Cognitive SSD Cluster
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 The power-efficiency of the HFC system is better than other baselines when users

requests are low.

 HFC system will perform better power-efficiency if the Cortex-A9 processor is replaced

. by the latest Cortex-A series processor.
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Conclusion

* Cognitive SSD provides a more power-efficient solution
for unstructured data retrieval.

 The DLG-x accelerator integrates deep learning and
graph search into one chip and directly accesses data
from NAND flash without crossing multiple memory
hierarchies.

 FPGA-based prototype evaluations show that Cognitive
SSD outperforms other solutions on power-efficiency.
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Cognitive System - Scalability

+ Cognitive SSD system also supports other applications and not be
limited by the image data retrieval!

* The task plane provides the user-defined APl (DLG _analysis) interface to
enable users to deploy other applications without bigger modification.

Retrieval Results

Retrieval —  —— s'
Query

X .
Video 2
Recognition

DLG_analysis
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% This picture is modified from the web [11] and just for display, not actual
Cognitive SSD system. The actual Cognitive SSD system is shown in page 20.
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