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Enceladus is the likest place to find alien life in the solar system:

Astronomers found complex organic molecules, the building blocks of life, on the
small icy moon.
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Autonomy challenges - reactive, adaptive resilient autonomy is required for future mission

MARS2020
+ BUILD UPDATE
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Real-time high-precision object recognition and segmentation, and
transformation for situational awareness using deep learning

-

JPL segmentation

Original Deeplab segmentation

High-precision segmentation, Lu et al. 2018
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Convolutional neural networks (CNNs) as building blocks of deep learning

are inspired by the human vision
e CNNs are feed forward computational graphs constructed up to 1000s of layers
e Each layer consists of neurons n. which are interconnected with synapses, associated with weights
w;
e Each neuron computes
Linear transform (dot-product of receptive field)

Followed by a non-linear “activation” function
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Why CNNs are better than other neural nets?

Convolution takes advantage of local spatial coherence of data
Pooling layer downscales the data, making CNNs more efficient
Compared to expert system, CNNs require little or no domain expertise

ImageNet Classification top-5 error (%)
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AlexNet (8 layers) VGG GoogleNet ResNet
(8 yalers) (19 layers) (22 layers) (152 layers)
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How can CNNSs be better? Algorithmic optimization

; P P Precision Modelsize (MB)
e Reducing precision (most promising) RoSNot0
o Reducing precision shrinks arithmetic cost
_ _ _ _ _ 1bit 3.2
e Linear reduction in memory footprint (pruning)
: : : 8bit 25.5
o Reduces weight fetching memory bandwidth
o NN model may even stay on-chip 32bit 102.5
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The benefits of moving from 32-bit to 2-bit precision for deep learning inference can be
exploited for power consumption or performance

32-bit Precision 2-bit Precision
Inference Inference 10° 4
\
Unit Power &Mﬁ/\*\/fﬂv\w
Consumption é X 256 g l ; ﬂ
5 /&Y
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Per Chip s
X256
107! 1
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IBM, NeurlPS 2019
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Reduced precision neural nets are improving rapidly

Misthicds Bit-width Accuracy (%) Bit-width Training

(W/A) Top-1 Top-5 (W/A) Simie
2 bits: basis v = [v;, V,|T .
o - FP*[15] ‘RSS_N;‘;/_Z% ~ 76.0 93.0 32/32 X
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case

Learned Quantization (LQ)-Net,
Zhang et al. 2018
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“How can CNNs be better? Pruning

Pruning in human brain

At Birth 6 Years Oid 14 Years Old

Synaptic density (Chugani).
Children’s brains have twice as many
synapses as adults’ brains

w*

Pruning in artificial neural network with L1
regularization
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Han 2016 10
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Quantization and pruning without accuracy loss

weights cluster index fine-tuned
(32 bit float) (2 bit uint) centroids centroids

.

3 0 2 1

cluster 1 1 0 3

| =

Original Compressed Compression Original Compressed

Size Size Ratio Accuracy Accuracy
(N ERIOBGI]  1070KB 27KB 40x 98.36% 98.42%
Lenet-5 1720KB 44Kb 39x 99.20% 99.26%
AlexNet 240MB 6.9MB 35x 80.27% 80.30%
VGGNet 550MB 11.3MB 49x 88.68% 89.09%
GoogleNet 28MB 2.8MB 10x 88.90% 88.92%
CLIOEEY LS 4.8MB 0.47MB 10x 80.32% 80.35%

Network

gradient

group by reduce

=

Han et al. 2016 (Xilinx) 11
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Tensor decomposition for data compression in deep learning

Original "Big" Data

Tensor Decomposition
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Total Size = 2e8
Data Compression: 10,000x
Model Top-5 | Weights | FLOPs S6 Titan X
AlexNet 80.03 61M 725M 117ms 245mJ | 0.54ms
AlexNet* 78.33 1M 272M 43ms 72mJ | 0.30ms
(imp.) (-1.70) | (x5.46) | (x2.67) | (x2.72) | (x3.41) | (x1.81)
VGG-S 84.60 103M | 2640M 357ms 825mJ | 1.86ms
VGG-S§* 84.05 14M 549M 97ms 193mJ | 0.92ms
(imp.) (-0.55) | (x7.40) | (x4.80) | (x3.68) | (x4.26) | (x2.01)
GoogLeNet 88.90 6.9M 1566M 273ms 473mJ | 1.83ms
GoogLeNet* | 88.66 4. 760M 192ms 296mJ | 1.48ms
(imp.) (-0.24) | (x1.28) | (x2.06) | (x1.42) | (x1.60) | (x1.23)
VGG-16 89.90 138M | 15484M | 1926ms | 4757mJ | 10.67ms
VGG-16* 89.40 127M | 3139M | 576ms | 1346mJ | 4.58ms
(imp.) (-0.50) | (x1.09) | (x4.93) | (x3.34) | (x3.53) | (x2.33)

Kim et al. 2016 (Samsung)12
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Deep learning algorithms are comprised of a spectrum of operations. Although matrix
multiplication is dominant, optimizing performance efficiency while maintaining accuracy

requires the core architecture to efficiently support all of the auxiliary functions. (algorithmic
improvement direction!)

Speech | BN50 I
(RNN) | C | |
Language | LSTM = I
(DIN/N) [N @t L2 | I
Vision _|
(CNN) s 2}
- 0% 10% 20% 30% 40% 50% 60% 70% 80% 90%  100%

Hgemm W lowering B softmax Hrnorml rnorm2
W calcError tanh tanhGrad sigmoid sigmoidGrad
W axpy saturate W relu reluGrad W matrix assign

Fleischer et al. 2018 13
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Energy per operation, in PJ, for various operations in 45nm
Memory access is >500X arithmetic energy

16bit (integer) 64 bit (DP-FP)
Operation E/op PJ vs. Add E/op PJ vs. Add
ADD 0.18(1.0X 5(1.0X
Multiply 0.62(3.4X 20(4.0X
16-word register file 0.12(0.7X 0.34(0.07X
64-word register file 0.23]1.3X 0.42]0.08X
4K-word SRAM 8(44X 26(5.2X
32K-word SRAM 11161X 4719.4X
DRAM 640 |3556X 2560|512X

Pedram et al. 2017

14
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Performance comparisons of VGG-CNNs on FPGAs

Hardware improvement for deep learning from CPU to GPU to FPGA

VGG
Specification _ .
Model Platform Precision GOP/s | GOP/j | Power
Types Frequnce Mermory
VGG-19 [16] CPU Xeon E5-2650v2 | 2.6GHz - float32 119 063 | 95W
VGG-19 [16] GPU GTX TITAN X | 1002MHz | 12G GDDR5 | float32 1704 | 6.82 | 250W
VGG-16 [23] FPGA Stratix-V GSD8 | 120MHz | 32G DDR3 fixeds 1178 | 617 | 190w
VGG-16 [35] FPGA Stratix-V GSDS__| 200MHz on-chip fixed16 821 - :
VGG-16 [34] FPGA Arria 10 SX660 | 120MHz - DDR4 8-bit 53 139 || 33w
VGG-16 [25] FPGA | AmaI0GX 1150 | 150MHz | 8G DDR3L | fixed8/T6 | 64525 - z
VGG-16 [38] FPGA | Arria 10 GX 1150 | 240MHz - DDR3 fixed8/16 | 968.03 : 5
VGG-16 [38] FPGA | Stratix 10 GX 2800 | 300MHz - DDR3 fixed8/16 | 160457 | - .
VGG [31] FPGA | Arria 10 GX 1150 | 370MHz | 1G DDR4 float- 866 | 2075 | 191W
VGG [31] FPGA || Arria 10 GX 1150 || 385MHz | 1G DDR4 fixed16 1790 ||| 47.78 i
VGG-S [36] FPGA XCKUI115 125MHz off-chip fixed32 | 3947 | 146 | 27IW
yaeD 18] FPGA Virtex 7 VX690T | 200MHz off-chip fols | 1615 : .
VGG-A [33] fixeds 1500 -
L CHErT ] [P —— ] R fixed 16 | 1197* | 37.88 ]
VGG-19 [37] fixedl6 | 1220 | 38.13
VGG-19 [16] | FP-DNN | Stratix-V GSMD5 | 150MHz | 4G DDR3 foat32 il S | sy
floatl6 | 36436 | 14.57

Wang et al. 2018

15
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Convolutional neural networks on the edge:
Goal is to minimize memory access (hardware improvement direction!)
Xilinx Virtex 6 FPGA platform
Multiplication

Addition
Linear mapper

A Runtime Reconfigurable Dataflow Architecture

Off-chip
Memory

i g MUX. E il ELW X E
®®OD RO } smatOMA | 512 parallel convolver with 100 MAC units
(%) &) ) (%) &) ()
NVIDIA neuFlow NVIDIA neuFlow
all i MUX. f il MUX. Intel i7 4cores | GT335m Virtex 6 GTX480 IBM 45nm
qmmﬁ ELE‘”E Peak GOP/sec 40 182 160 1350 1280
@ * @ * Actual GOP/sed 12 54 147 294 1164
@ @ Control FPS 14 67 182 374 1480
= = = &Config | power (W) 50 30 10 250 5
mﬁﬂ ﬁf)ﬂ;h ﬁxmh GOP/s/W 0.24 1.8 14.7 1.176 232.8
qm—m !me"ﬁ Precision Float32 Float32 Fixed16 Float32 Fixed16
IO)%, XD & QG
(%) ) 6= (%6) &) ()
= Configurable Route Global Data Lines ~— Runtime Config Bus 1 6

NeuFlow [Farabet et al. 2011]
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Motivation of in-memory computing: Neural information processing

“The software written for the brain™ executes on billion BPUs (brain processing
units=neurons), each connected to several thousand other BPUs

There is no flow control in that the information flows from a BPU to another as
needed. No circuitry is wasted in fetching, caching, decoding, and executing code

® |
dendrites / X inputs weights
(=7 \ X,
Xy —— —y activation
: functon
cell body / x net input
/{L ) Xo 2 netj
terminal axon (p _'OJ
@ X3 @ activation
K . . 4 i —
5 V“V“V 5 transfer
KOO £ function
AN 6
> A B X J
% 1 7 " threshold 17

synapse synapses
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Near memory computing by incorporating the memory and logic
chips in an IC to solve the bandwidth bottleneck

N neurons Digital synaptic
, i ; / memory array
Pre-synaptic Pre:synaptic
neuron inputs neur:: W
coming in over num ri i - M axons
routing network
from other cores
J'(i, - S - (i | PR Senreeereeney | A
T I I TS A ;;‘ ‘.
CT T T i x]i  Multiply-add-
I . :
Input buffer 5 ' accumulate to
neuren value | ™ calculate neural
Control I outputs
Unit | = — L] L

Post-synaptic
l }—> neuron outputs to
Output buffer G v; routing network

Fig. 1. Proposed neural core architecture.

Input
data

Fig. 2. Proposed multicore system with several
neural cores (C) sharing a routing resource (R).

Taha et al. 2013 18
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Performance improvement using near memory computing - TPU

TPUv2
Core Core
scalar/vector scalar/vector
units units
oooooooo oo o
HBM <« » |Dooooooo oo ] HBM
8GB oooooooo oo m] 8GB
oooooooo oo o
Soesoess | BSsEss
EEEEBSES o o | o o o
oooooooo 00000000
MXU MXU
128x128 128x128
TPUV3
Core Core
scalar/vector units scalar/vector units
o o o o o o o o o | o o o
HBM - =lllllll ONDpoEEE DoDDoEEE <>  HBM
16GB O 16GB
0
oE OooE ONDEDEEE ]| oE
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https://cloud.google.com/blog/products/gcp/an-in-depth-look-at-googles-first-t
ensor-processing-unit-tpu
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Computational memory (in-memory computing):

Computation is performed in place by exploiting the physical attributes of
memory devices organised as a “computational memory” unit.

Conventional Computing In-Memory Computing

Memory A := f(A) Processing unit Memory
L

A := f(A) Processing unit

~

P LU it o
Bank #1 CONTRO
Control unit

\

Bank #1

CONTROL

Eg @ @ Control unit ]
If A
8 f 3
"bottleneck" s > Y
N ALU 25 Bane. #4l. AW
FETCH L
von Cache 4’@ g £ g (\f:)
7 STORE S
. ) e N ) .

A. Sebastian et al.: “Temporal correlation detection using computational phase-change memory”, Nature Communications 8, 1115, 2017. 20
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In memory computing for deep learning

Store the weights locally and use memory to do vector-matrix multiplication

Synaptic weight

TQQC.--.OQG

Transistor,

Conductance

Jrey
"
.

Qv ey V(D) m (1)
@?% oy ] T
S0 D

Q.. ¥ 1=GV() |=GV(H)
: '1 '1 W; = G* G-
O 2, € " g
o0 a4 =&

_"'JLW -quw
© 11

| = 2G*V(t) | = GV(t)

Instant/parallel vector matrix multiplications

Tsai et al. 2018 (IBM)
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Phase-change memory for neuro-inspired computing

a Memory hierarchy

107 4 HDD\ €D Non-volatile
' ‘ @D Volatile

Synaptic weight V) —

r h GGy -Gy v,
”*’Gzz 4 G = C.;21G22"'(.32m Yz

Access time (s)

: R : = memory

. . lm GmGrQ'”Gnm vn L oM A ST =,

: . | Persistent <«—— }/@RAM/\ Memory

y o memo s — A

Va o Va Nl g N =26V, 10?1 i s Csham ™

Input layer Output layer Gn{ Gr Gom L . : Far §—-H’)
107 107" 10" 10’ 107 10’
l IA ke Cost (3 per GB)
¢ Phase-change principle
Logic state=0 Logic state=1

Neuromorphic computing system based on NVM. a Schematic illustration
of one-layer neural network with synaptic weights (W) connecting an input
layer to an output layer. b A synaptic weight is represented by a
conductance value of an NVM element at each cross-point in a crossbar
array structure. ¢ Vector-matrix multiplication is performed by sensing the
current (/) for each column, which is the product of the synaptic weight (G)
and the input signal (V)

SET
Crystallization
Amorphization

RESET

Gong et al. Nature Communications 2018 Zhang et al. Nature Reviews Materials 2019 2
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IBM’s mixed-precision approach

encode the synaptic weights as the conductance values of Neural network training with in-memory computing
phase-change memory devices organised in a Synaptic weight CETPUGRE HEe ) U0R High-precision unit
computational memory unit ' Y}t Y| {emmmpey| Forward propagation
v

2,
\%. +%| === Backward propagation
%,

the weight changes are accumulated in high precision

¥
Weight update
Compute AW
¥

Accumulate AW

NN

This mixed-precision approach enables training the
network to reach high classification accuracy, while
performing the bulk of the computation as in-memory
computing.

|
{

Results on handwritten digits classification
The trained weights will be retained in the computational 786input  260hkder 10 oupat

memory (non-volatile) without any power neurons  layer neurons  neurons

N
o
o

A chip trained in this way can be used for inference tasks
within sensor devices at a fraction (<1%) of the power

sseo abew pajpadxy
Training accuracy (%)
©
()]
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Resistance Processing Unit (RPU) for next generation in-memory computing

Each small RPU mimics a synapse in the brain

-V,
in g;\"':\ in g?"‘\
in g;\h"\ _vln g;_‘l,"\\ Cin!

<

if true

1 1/0
- v, V,: 1 170
4 B;‘ i g;\""\ i g?‘"’\
P Stochastic
STR Translator (STR) JDV
5

System Throughput (TeraOps/s) Power (W) Power efficiency (GigaOps/s/W) Network size (number of weights) Acceleration vs. CPU
CPU Power8 12 Cores 0.676 250 2.7 - 1
GPU NVidia Tesla K40 4.3 242 17.8 - 6.4
Design 1 5000 250 20,100 200M 7400
Design 2 21,000 250 83,800 840M 31,000
Design 3 420 22 19,000 1680 M 620 o4

Gokmen, Vlasov 2016
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CPU+GPU+NPU hybrid system for mobile drives deep learning on the edge

System-on-chip (SoC)
Supplier
Released date
Design 64 Bit
manufacturing process
Transistors

CPU Cores

Performance CPU

CPU
Efficiency CPU

Max Clock (GHz)
GPU
GPU Cores
Al Processor

GPU

Al Accelerator
Performance

Ram Interface
Ram Frequency
Max Bandwidth

Memory

A1l1 Bionic A12 Bionic Kirin 970 Kirin980
Apple Hisillicon
9.12.2018 8.31.2018
Yes
10 nm TSMC 7nm TSMC 10nm TSMC 7nm TSMC
4.3 billion 6.9 billion 5.5 billion 6.9 billion
2+4 2+4 Ll 2+2+4
Monsoon e Eeftonance. CotexaT3 =2 T o - 2
Mistral x &4 New %;il{::etr: c+y50% Cortex-A53 x 4 Cortex-A55 x 4
2.4 N/A 2.4 2.6
Internally-designed GPU Internally-designed GPU Mali-G72 MP12 Mali-G76
3 - 12 10
2-core Neural Engine 8-core Neural Engine NPU Dual NPU
o00 bllllogeggﬁzjat;ons per| 3 tnllxonszpc)g;]adnons per 2.22 trillion operations per 5 trillion operations per
second second
LPDDR4X LPDDR4X LPDDR4x LPDDR4X
N/A N/A 1833 2133
N/A N/A 29.9 34.1

https://syncedreview.com/2018/09/13/ai-chip-

duel-apple-a12-bionic-vs-huawei-kirin-980/ 25
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Performance comparisons among State-of-the-Art
Compute-in-Memory Architectures

State-of-the-Art Compute-in-Memory Architecture GPU CPU
Gyrfalcon
NVIDIANVDLA| Mythic IPU | Lightspeeur | N VIDIAPasCal | ¢ e intel i7
Titan-X
2801
Speed (.TOPS=tr|II|on 5 96 56 44 015
operations/second)
ResNet-50 neural
network (224x224X3) 269 900 142 180 2.8
Speed (frames/second)
Power (W) 0.291 2 0.3 250 95
Efficiency (TOPS/W) 5.4 4.8 9.6 0.18 0.001
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Autonomy in space performance requirement

Relative Science Value

2.5F

15f
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1 1 1 1 1 1
500 1000 1500 2000 2500 3000 3500
Cost (SMFY15)

4000

Mars helicopter 50GOPS, 1TOPS/W Al
Next generation autonomous rover requires >3,000GOPS (63X of Mars2020)
In-memory computing will reduce risk of the Enceladus lander mission

1a Enc. Flyby

2a Simple Enc. Orbiter

2b Simple Enc. Orbiter Short Ops

2c Enhanced Enc. Orbiter

2d Simple Enc. Orbiter Freeflying Mag
2e Simple Enc. Orbiter Small Landers
2f Simple Enc. Orbiter Impactor

3a High-Perf Enc. Orbiter

3b High-Perf Enc. Orbiter Small Landers
3c High-Perf Enc. Orbiter Smart Lander

BEBEBEEBEEBEHEBEBBEBEABABA

4a Titan-Enceladus Connection

5a Enc. Sample Return

5b Enc. Sample Return Solar/SEP

5c Enc. Sample Return4 km/s

5d Enc. Sample Return Extra Payload

Risk Legend
Mission Risk (Left-hand color of data symbols):
reduction in science return
Implementation Risk (Right-hand color of symbols):
consumption of project margins (cost, schedule, perf.)

Mission failure/Overrun

Significant

Moderate

Small tomoderate

- Minimal

NASA Enceladus Mission Concept Study 2010
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Challenges of in-memory architectures for deep learning

e Hardware demand
o Speed and power in parallel weights update
o Large memory required
e Persistency
o Unstable analog memory states (low precision)
o Write endurance (flash memory limitation)
e Integration
o Need ADC/DAC to connect with other functions (activation, pooling)
o Programming analog memory states

28
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Summary

e Deep learning is the core of next generation autonomy in space
computing

e Currently GPU is the best tool for deep learning

e Specialized ASICs (TPU) are currently being implemented, performing
10X than GPU

e In next 5 years, in-memory computing (IMC) will be the most efficient
tool for deep learning, achieving 100X performance than GPU

e IMC-based deep learning will be crucial for accelerating autonomy in
space

29



