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@ Big Data and Building Future Al Systems
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I&] Artificial Neural Networks

« Computing systems inspired by biological networks

« Systems learn by repetitive training to do tasks based on
examples

— Generally a supervised learning technique (though
unsupervised examples exist)

« Components: Inputs, Layers, Outputs, Weights
* Deep Neural Network: Lots of “hidden layers”

* Popular variants:
— Convolutional Neural Nets
— Recursive Neural Nets 7N
— Deep Belief Networks

* Very popular these days with many toolboxes and hardware
support
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Training vs. Inference

Supervised Learning with Deep Neural Networks
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Training Epochs and Training/Inference Batches

@ Supervised Learning with Deep Neural Networks
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Neural Network Landscape
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@ Primary Types of Deep Neural Networks

Feed-Forward Neural Convolutional Neural :
Recursive Neural Networks
Networks Networks

Deep Feed Forward (DFF)

Recurrent network

Best for classification

Input layer (yellow)

Output layer (red)
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Feed-forward weights associated with
each line
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Best for image processing
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@ Common NN Layers and Activation Functions

Common Layers
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5 Number Representations
Floating Point and Integers

Common Floating Point Representations
Example: 123.45 = 1.2345 x 102 = 0.12345 x 103 = 0100 0010 1111 0110 1110 0110 0110 0110 (fp32)

fp64: Double-precision IEEE Floating Point Format

Range: ~1e-38 to ~3e38 Number of Decimal Digits: ~15.9
Exponent: 11 bits Mantissa (Significand): 52 bits
EXc[e[e[ee[e[e[e[e e m]nm m w o [ wr]oa [ [or on [ow Ton on [ow Ton oo [ow Ton oo [ow Ton on [ow Ton on [ow T on [ow o e [ow o e [ow o e [ow o on [ [ e [ [t Toa [ [t Toa [ o

fp32: Single-precision IEEE Floating Point Format Common Integer Representations
Range: ~1e-% to ~3e% Number of Decimal Digits: ~7.2 int, int32_t:
Exponent: 8 bits Mantissa (Significand): 23 bits
HE|E|E|E|E|E|E|E|M|M|M|M|M|M|M|M|M|M|M|M|M|M|M|M|M|M|M|M|M|M|M| Range: -2,147,483,648 (-231) to 2,147,483,647 (23" - 1)

Blbe[e[elelolo]eo]b]b]b]b]0 0 bb]b]b]b]b]b 0 0]bB]B]B]B]B]D]

unsigned int, uint32_t:
Range: 0 to 4,294,967,295 (232 — 1)

(el[sl 6B le b e e e esalsi) e 5] s e ] e ses) s s s sle s )

fp16: Half-precision IEEE Floating Point Format
Range: ~5.96e to 65504 Number of Decimal Digits: ~3.3

Exponent: 5 bits  Mantissa (Significand): 10 bits
BN = [ [ [ e[ = [ [w [ [ [0 [w ][]

short, int16_t: unsigned short, uint16_t:
Range: -32,768 (-2%) to 32,767 (2 - 1) Range: 0 to 65,535 (2 - 1)
bfloat16: Brain Floating Point Format B [o]e]e[e[e]o][o][p]p]b]b]b]b]D] [b][b[b[b][b]b[b]b][b][b][b]B[B[D[D[D]
Range: ~1e-*8 to ~3e3% Number of Decimal Digits: ~2.3 . .
Exponent: 8 bits Mantissa (Significand): 7 bits Int8—t' char, Ulnt8_t.
B c[c[e[e[e[e[e[E[m[mM][M][M[M][m]m] Range: -128 (-27) to 127 (27 - 1) Range: 0 to 255 (28 — 1)
s doDoOoon EEEEEEEE
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@ Why Custom Processing Chips?

In past 40 years, exhaustion of avenues

= 42 Years of Microprocessor Trend Data
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Original data up to the year 2010 collected and plotted by M. Horowitz, F. Labonte, O. Shacham, K. Olukotun, L. Hammond, and C. Batten
New plot and data collected for 2010-2017 by K. Rupp
Source : https://www.karlrupp.net/2015/06/40-years-of-microprocessor-trend-data/
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@ Neural Network Processing Performance
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Neural Network Processing Performance
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@ Neural Network Processing Performance
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I&] Intel Movidius Myriad X and Google TPU Edge

Intel Movidius Myriad X

Neural Compute Engine

Image signal processor Image and vision accelerators

Dual 32-bit RISC CPU cores
16 SHAVE vector processors

Local Unified Buffer Matrix Multiply Unit
for Activations (256x256x8b = 64K MAC)
(96Kx256x8b = 24 MiB) 29%
29% of chip
Host Accumulators

D Interface (4Kx256x32b = 4 MiB) D

R 2% 6% R

A P Q

M 3
pory || Control 2% Activation Pipeline 6% port
ddr3 « | ddr3
3% . PCIe = 3%

| Interface 3% | gy | Misc.T/O1% |

| Movidius Myriad X TPU Edge

Use Inference Only Inference Only

Released Nov 2018 Dec 2018

Inference Engine Neural Compute Engine 256x256 Matrix Multiply Units (MXU)
systolic array matrix-matrix multiplier

Memory 4 GB 1 GB

Precision Int8 Int8, Int16

Peak DNN Throughput 160 GOPS 58.5 GOPS
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@ Embedded Inference Accelerator Performance

| TPUEdge NCS2___| _io-SSE4__| _i9-AVX2

NN Environment TensorFlow OpenVINO Lite TensorFlow TensorFlow
Mobilenet Model v V2 V2 Y
Reported GOPS 58.5 160

Measured GOPS 47.4 8.29 38.4 40.9
Reported Power (W) 2.0 2.0 205 205
Measured Power (W) 0.85 1.35

Reported GOPS/W 29.3 80.0

Measured GOPS/W 55.8 6.14

Avg. Model Load Time (s) 3.66 s 532s 0.36 s 0.36 s
?ﬁé%ﬁge IMEED INEEes 27.4 ms 96.4 ms 19.6 ms 20.8 ms

* Much lower power on TPU Edge and NCS2
« Similar performance from TPU Edge and i9
« Slower model load time on TPU Edge and NCS2
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@ Single Image Inference Times

0.12
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Single Image Average Inference Time (s)

Edge TPU Intel NCS2 i19-SSE4 i9-AVX2

« Similar single image inference time from Edge TPU and i9
* NCS2 slower which affects GOPS/W
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@ Summary

Application customization necessary for further performance gains

* Numerical precision, NN models, and layers all influence the intensity of training and
inference performance

 Many products and research projects exploring application customization for Al / ML
accelerators

— CPU / CPU mesh acceleration
— GPU Thread-parallel acceleration
— Dataflow accelerators

« Embedded inference accelerators approaching CPU vector performance with much
lower power use
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