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Micron Advanced
Computing
Solutions Group

Research and engineering team focused on:
= High performance computing customer solutions

« Exploring pathfinding technologies — machine learning & Al
= Product security leadership

« Memory research path planning
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The Micron
Advantage
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Neural Networks
Al Workloads

Machine-Learning @1
memory

loT ultra-low-power
All neural networks!

@

Edge-Devices

Storage
Recommendation engines
@ Conversational systems

\‘ﬁ‘

V
‘k B 3D NAND
Medical imaging

' o) Satellite imaging

Large Inputs

Low-Power DDR

4 Categorization
Speech commands
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Micron Al/DL Platform Overview

Flexible deep learning solution comprised of a modular FPGA-based architecture, powered by Micron
memory, running FWDNXT's high performance inference engine tuned for a variety of neural networks

Fully Integrated Deep Learning Advanced
SDK Compiler Accelerators

- Compiles trained network FPGA solutions with high
fl?;%:lgvs;ipslfarglr?g directly to inference engine performance memory available
PP machine code for prototyping or early

Easy to use toolset; software ke e deployments
gl iy abstracted away Scale with multiple cores

Ability to run on multiple neural : : :
: Feature rich & designed to Integrated with SDK to fully
networks simultaneously optimize for specific use cases utilize silicon resources

Scalable solution with no FPGA programming required accelerating time to working applications
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Micron DLA Value
Proposition & Benefits

Integration of Micron optimized memory will further differentiate the Micron DLA through lower
power and higher performance for edge based workloads

Low latency & Flexibility & Scalability Fast
Low power Ease of Use . Ability to run multiple time-to-POC

- Designed for full . Broad framework and NINS On ONE instance . Model, train and

utilization of silicon neural network = Multiple matrix-vector compile directly to
resources support and matrix-matrix unit EPGA
. : - are composable
- Operates with small g&%ﬂggrﬁgﬂ%ﬁgto “cores” that provide = No FPGA
batch for efficient scalability programming required

responses = Scalable architecture N

allows to re-size = Simple code

= On-chip cache re-use engine to service . portability from "

operands for reduced
memory traffic

edge, fog & cloud existing CPU and
apps GPU code

NSV =N —
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FWDNXT

Innovation Timeline

1998 2004 2008 2010
Neural Q'—OHf\ Spike-based  Visual
Transceiver Irr?ggr%r Object Attention
Recognition
2000 2006 2009 2011
Octopus IFAT neuFlow neuFlow
Retina Neural Array  Neural SoC
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Processor

2012 2014
Unsupervised RNN
Clustering Accelerator
Learning
Neural
Tracking
2013 2015
Nn-X Flattened
Neural CNNS
Processors

2016 2018
Adversarial Super Resolution
Robustness -
Predictive
Coding Network
Neural Complier
2017 2019
Snowflake Inference
Neural Engine
Processor
Linknet
Cortex Net
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Micron Deep
Learning
Accelerator
(DLA)
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Designed for:
Good performance per power

High utilization

Efficient use of memory
bandwidth

Low latency
Scalabillity: IoT to cloud

Implemented on Micron FPGAs

m--°- : - L000°7S eRergR FORGEN R

AC-511
RevA &

-
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gy em
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Any Neural
Network.
Any
Framework.
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AlexNet
ResNet
GoogleNet
LinkNet

encoder-decoder
RNN
LSTM
training

Input Image
(3*224*224)

Conv (7x7 s2)
Maxpool (3x3 s2)
3x Bottleneck
4x Bottleneck
6x Bottleneck
3x Bottleneck

Avg Pool (7x7 s1)

FC (1000)

Input Image
(3*224*224)

Conv (11x11 s4)
Maxpool (3x3 s2)
Conv (5x5 s1)
Maxpool (3x3 s2)
Conv (3x3 s1)
Conv (3x3 s1)
Conv (3x3 s1)
FCN (4096)

FCN (4096)

FC (1000)

Input Image
(3*224*224)

Conv (7x7 s2)
Maxpool (3x3 s2)
Conv (1x1 s1)
Conv (3x3 s1)
Maxpool (3x3 s2)
2X Inception
Maxpool (3x3 s2)
5x Inception
Maxpool (3x3 s2)

2x Inception

Avg Pool (7x7 s1)

FC (1000)
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|m pO t o—m—1 1 import Micron_DLA
ATmporisys
5 import PIL
6 from PIL import Image
7 import numpy as np
8
9 from argparse import ArgumentParser
10 # argument Checking
11 parser = ArgumentParser(description="IE Demonstration")
12 ...
19 args = parser.parse_args()
20
21 #Load image into a numpy array
22 img = Image.open(args.image)
24 #Resize it to the size expected by the network
25 img = img.resize((args.res[2], args.res[1]), resample=PIL.Image.BILINEAR)
27 #Convert to numpy float
28 img = np.array(img).astype(np.float32) / 255
30 #Transpose to plane-major, as required by our API
31 img = np.ascontiguousarray(img.transpose(2,0,1))
32
33 #Normalize images
34 stat_mean = list([0.485, 0.456, 0.406])
35 stat_std = list([0.229, 0.224, 0.225])
36 for i in range(3):
37 img][i] = (img][i] - stat_meanli])/stat_std[i]
38

owfloke object
0

.d}".format(args.res[1], args.res[2], args.res[0]), args.modelpath, ")

|nStantiate ®&——— 40 fiel = Micron_DLA.instanc

45
46 #Create the storage for the result and run one inference
A7 rocult — np nr{nrrny(nrocnlt ,dtype:np_ﬂoat32)

RU n e 48 fiel.Run(img, result)
79
50 #Convert to numpy and print top-5
51 idxs = (-result).argsort()
54 print(‘-------------- Micron DLA results -------------- D)
55for i in range(5):

62 print(idxsJi], result[idxs[i]]) ;
Adicron




Experts in Neural Networks
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Categorization

Pose estimation
Predictive networks
Speech commands
Detection, Identification
Segmentation

RNN, LSTM, GRU
GAN style-transfer
Tracking

Satellite

Speaker identification
Reinforcement learning

AAicron
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Innovation In
Neural Nets:
Efficiency

We compare and analyze efficient

categorization neural networks and optimize:

Accuracy

Run-Time / Power / Operations

Top-1 accuracy [%]

Inception-v4
) 0 Xception
Incepti I
DenseNetF-ia§ ResNet-101 ResNet-152
DenseNet-16 ResNet-50 ] .
ResNet-34
M | eN 2
|IeNet vl
701 Q ResNet-18
GoogLeNet
65 _D fd MOblleNet
© BN-NIN
ShuffleNet
60 - 5M 35M 65M 95M 125M 155M
SqueezeNet
BN-AlexNet
551 AlexNet
50 T T T r 1
0 10 20 30 40 <0

Operations [G-Ops]

https://towardsdatascience.com/neural-network-architectures-156e5bad51ba
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https://arxiv.org/abs/1605.07678
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=

Published Neural \
Network Too Large for Use »\

We Design Our
Own Networks
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Innovation
Example:
Pixel
Networks

Best In perf/fparams
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Person mAP @ 0.5 [%]

100

©
=}

80

7

o

60

40

30

20

MaskRCNN
/ RetinaNet
YOLO v3 FasterRCNN
ShakeNet 640 anter
(ours)
5M 35M 65M 95M 125M 155M
YOLO v3
tiny
0 100 200 300 400 500 600 700

Operations [G-Ops]

AAicron
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Innovation ;=
Example: 3 o
Pixel
Networks £

Best in perf/params .

FasterRCNN YOLO v3-640 MaskRCNN RetinaNet YOLO v3-tiny ShakeNet

Micron Confidential A(‘ZICI'OIT’
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Innovation In
Neural Nets:
Multi-task
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ResNet 18 or 34

Residual Block
256 -> 512

Residual Block
128 -> 256

Residual Block
64 -> 128

Residual Block
64 -> 64

Maxpool

7X7 conv, s2, 3 -> 64

1x1 conv
512 -> 256

1x1 conv
256 -> 256

1x1 conv
128 -> 256

1x1 conv
64 -> 256

3x3 conv
256 -> 256

3x3 deconv, s2

256 -> 256

3x3 conv
256 -> 256

3x3 deconv, s2
256 -> 256

3x3 conv
256 -> 256

3x3 deconv, s2
256 -> 256

3x3 conv
256 -> 256

({e)
L0
N
o N
D ©
= 0
%(\I

>
O 5
(&)
(¢2)
Pl
o

Classifier

Classifier

Classifier

Satellite Image Segmentation

D T ==

Body/Face Keypoints

AAicron
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“General
Purpose” Al
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XILINXs

VIRTEX.

UltraScale+™

XCvu7p™

FLVB2104AAZ1713

CF28014A
L2E-ES9818

TAIWAN

20170405023 NOYUS9.L0

AC-511

AAcrons:

Rev A

. a2 = =

Multiple Networks
Running on same HW

AAicron






Vector-Vector (VV) Unit
Operands 16-bit fxed 16-bit fxed 16.bit fxed 16-bit fxed

MAC MAC pxual MAC

Compute:

16 MACs Shift-Register

Accumulator

32-bit

16-bit

20 Micron Confidential ﬂlcron@



Matrix-Vector (MV) Unit

128 = 4x32 kB
16 bits word

4 x 256-bit x bar

(J (J (HJ Kernel
B BN EEN:. B
VV Unit VV Unit VV Unit VV Unit EE
«— «—
256

Total compute = 64 MACs

32 kB
16 bits word
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Matrix-Matrix (MM) Unit

Kernel
: Buffer

Total memory = 256 kB
Total compute = 256 MACs

Micron Confidential ﬂlcron@



Matrix-Matrix (MM) Unit

Maps
Request Address ap ap ap ap
From Control Unit B3 Ba Ba B a
16 0
1éig-zbfi5t6\l\g22 Ul Buffer J J%‘ Kernel
P Decoder Arbiter ‘ ‘ \AY; ‘ \AY; ‘ \AY; e
Unit E Unit Unit Unit
Priority Kernel Address T
/
> 7

Tensor Instructor 14

Buffer
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Micron Inference Engine Architecture

Maps
Memory Interface Addresg
From Control Unit
Tensor Buf_fer J rm ,J,H,JJ Kernel
Decoder Arbiter l w . AR VWSS Buffer
— Unit /F= Unit = Uit ==
E Priority Kernel Address T
Data DIStI’IbUtIOﬂ Ne'[WOI‘k Tensor Instructor
Buffer
ﬁ To MM unit

Reg File

Decode Dispatch ﬁ

Stall Logic Stall Logic

Control Unit

% To Memory if
Total memory = 1 MB

Total compute = 1024 MACs
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Deep Learning Ops

Efficient

Hardware - @

Matrix by Vector(s)

Utilization

AAicron



Micron Inference Engine:
Key to Occupancy

1. Convolutions

® ‘ ®‘ —— I . .

Kernels ® Maps K-Plane “tensor” Unroll Vectors Splice Vectors
2. Maxpool 3. ResAdd 4. Modes Inference Engine Occupancy

® replaced Added Works for: - K-Plane tensors |

by “compare” values added Row stationary - Slice tensors into small pieces

Small granularity of compute
More complex compiler
More flexibility to new algorithms

to 15t vv-unit Column stationary
Any other mode

26 Micron Confidential MI cron



Micron
Inference
Engine:
Example
Convolution
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Convolution,
Stride=1

12x12x64 Map
3x3x64 Kernel

Kernels @ Maps

Compute

e
X

Unroll Tensor
3x3x64 products

Partitioning

ﬁ@)

K-Tall Slice Kernel
12x3x64 3x3x64

Splice Tensor

C L L M
R &

Each product: 16 MAC
3x3x64 /16 =
36 vectors multiplied

AAicron



28 Micron Confidential

\\
A

VAN

1

7

7
AN

i

0

{

i

{

)

Vi

<

:

N



Models CNN RNN Custom
N N . ++
Framework P Tensor O PyTorch  © Caffe2 Others
Format ONNX
SDK Python API C API Installer and Docs
Al Model Parser Al Model Quantizer
Compiler DLA Optimizer DLA Assembler
DLA Run Time
Hardware FPGA DLA ASIC DLA
29 Micron Confidential M'Cron
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Parsing
Neural
Networks

Partition

Code
Generation
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ResNet.onnx

Conv 30164

11x11 Node ConV

MaxPool 3%X3 Node

Node ConvO

]

S
—
e
——

Resadd

Conv 2 Node Convl

Node Conv2

Node Resadd

Conv 2560164

1x1

Node Conv

Conv 641164

3%3 Node Conv

Resadd 641256
1x1

—>

Node Resadd

AMicron



Partitioning
the workload

Parse Partition

Code
Generation
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Tensors: Depth minor

\\ \

TMOV instruction loads a
tensor from memory to on-chip
cache

Compute the entire filter

AMcron



Load to MBuf

Node SPConv

Load to KBuf

Node MaxP

Generating
Code

MACs

N\[o]o[] SPConv

Store to mem

Node MaxP

Load to MBuf

Node SPConv

<

A

x

Store to mem

Node SPConV

Load to MBuf

Node SPConv

Parse Partition

Load to KBuf

Node MaxP

MACs

Node Linear

Store to mem

Node Linear

Code

N\[o]o[] Linear

Generation

Load to MBuf
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data_mov(0,3,0,0x3fffff);
data_mov(0,2,0,0x3fffff);
comp_mac(1,0x1f,0,1,0x000300);
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Efficient Compiler

2 DLASs, 2 images

model.onnx
ie_instruct.bin

= . ==
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1 DLAS, 2 images

model.onnx
ie_instruct.bin

AaMicron



Efficient
Compiller

Superior performance when
compared to the popular
open-source TVM complier!

Performance [Gop/s]

10.0

1.0

7
'

7 c8 c9 c4 2

________________ o L3 o = e —
~ o e ¢ —g® o
_ 7 cl0® ". 7
P d
~ c5 11 cl c6
”
”
- < 9 cll c3 cl
”
.7 c10
7 < c2 c/
”
L7 - cd
1.0 10.0 100.0

Arithmetic Intensity [ops/B]

C1 conv in=(H224W224P3) out=(H112W112P64) k=7x7 stride=2x2 pad=(3,3)

C2 conv in=(H56W56P64) out=(H56 W56P64) k=3x3 stride=1x1 pad=(1,1)
C3 conv in=(H56W56P64) out=(H56 W56P64) k=1x1 stride=1x1 pad=(0,0)
C4 conv in=(H56W56P64) out=(H28W28P128) k=3x3 stride=2x2 pad=(1,1)
C5 conv in=(H56W56P64) out=(H28W28P128) k=1x1 stride=2x2 pad=(0,0)
C6 conv in=(H28W28P128) out=(H28W28P128) k=3x3 stride=1x1 pad=(1,1)
C7 conv in=(H28W28P128) out=(H14W14P256) k=3x3 stride=2x2 pad=(1,1)
C8 conv in=(H28W28P128) out=(H14W14P256) k=1x1 stride=2x2 pad=(0,0)
C9 conv in=(H14W14P256) out=(H14W14P256) k=3x3 stride=1x1 pad=(1,1)
C10 conv in=(H14W14P256) out=(H7W7P512) k=3x3 stride=2x2 pad=(1,1)
C11 conv in=(H14W14P256) out=(H7W7P512) k=1x1 stride=2x2 pad=(0,0)

1000.0

tvm

Moreau, Thierry, et al. "VTA: An Open Hardware-Software Stack for Deep Learning." arXiv preprint arXiv:1807.04188(2018).
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