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Human Invented Neural Architectures

Era of AI Democratization

* Domain knowledge and excessive labor

* It is impossible to manually design specific arch. for each
dedicated application in the era of AI democratization




Neural Architecture Search (NAS)

Sample architecture NN
with probability p

| .

before convergence

Train a child network
with architecture
NN to get accuracy A

Controller
(RNN)

Identified
NN
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Compute gradient of p and
scale it by A to update
the controller

—

after convergence

Implement Given
" Child Network

Get performacne.

e No constraint on hardware resource consumed

REF: Zoph, Barret, and Quoc V. Le. "Neural architecture search with reinforcement learning." /CLR 2017
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Gap Between Neural Networks and Hardware Accelerators

Number of operations (x10°)
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Number of DNN operations increases exponentially

Moore’s law trend for Moore’s law end
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Performance density almost stops increasing

Xiaowei Xu, Yukun Ding, Sharon Hu, Michael Niemier, Jason Cong, Yu Hu and Yiyu Shi, "Scaling of Deep Neural Networks for Edge Inference: A Race
between Data Scientists and Hardware Architects", Nature Electronics 1, pp. 216-222, 2018.
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Gap Between Neural Networks and Hardware Accelerators
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Energy efficiency of memory almost stops increasing
Xiaowei Xu, Yukun Ding, Sharon Hu, Michael Niemier, Jason Cong, Yu Hu and Yiyu Shi, "Scaling of Deep Neural Networks for Edge Inference: A Race J
between Data Scientists and Hardware Architects", Nature Electronics 1, pp. 216-222, 2018. 5
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Hardware-Aware NAS

Sample architecture NN Different Hardware
with probability p Designs
| S
Sl mm
Train a child network IITT | Predict the efficiency E | mEEE. -
Controller ) : HHHH- e lmmmfn  Elmmmnl
(RNN) with architecture wEmEme | ON A fixed hardware (e.g. T TR TY Y
NN to get accuracy A id&k | mobile phoney | |

e

Compute gradient of p and
scale it by A and E to update
the controller

Problem

e It works for particular fixed hardware, but not suitable for
programmable hardware

REF: Mingxing Tan, et al. "MnasNet: Platform-Aware Neural Architecture Search for Mobile.” arXiv 2018



A Missing Link between Two Design Spaces

Arch Search Space FPGA Design Space
[ NN1 . [ Designl |
Implementation PEEE
m> Accuracy & Optimization - HH -
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> A HEEEEFE
T
NN2 Design 2
11T
- - HEEEE
A 4 B EEEEE
NAS B S{manals
> Efficiency EEEE
§ . | \ ... |
Neural Architecture Search Neural Architecture Implementation on Hardware
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Evolution of Exploring Deep Neural Architectures

IV. Co-Explore Neural Architecture Space DAC19 FNAS [T
and Hardware Design Space from ND
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FPGAs in DNN Applications

FPGA in Cloud Computing FPGA in Edge Computing
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HW-Aware NAS vs. FPGA/Neural Architecture Co-Design (FNAS)

Slow Level (Software Optimization)
T Fast Level (Hardware Optimization) /
Trainning —
The controller (RNN) Accuracy “A”. Controller (Maximzing Accuracy)
R T . 1 a1 T a1 1 1
Controller (Maximizing HW Efficiency) v Trainnin
.. [Number| | Filter | | Stride | |Number| | Filter |, Accuracy “Ag.
Test on fixed hardwa re i |ofFillers’, | Size |\ | Paa [} ofFiliers’ | Size |} Hardware
1 1 i i i H o o o
. L L L =. i : : Optimization
ETTTIE Ll L e @ Tt
| BN D v
| B EE N ; D valuation
B EEE e Layer} i ¥
EETTI N X BE
“““““““““ Layer N-1 Layer N Layer N+1
Latency “L”
(L) not meet timing spec.
R=
R=£(A,L) {(A,L) meet timing spec.

Output: A pair of neural architecture and
hardware design

HW-Aware NAS FNAS

e ——————



Solutions & Challenges

The controller (RNN) -

Ext

y

FNAs Y

Tool
LU\.\-I l\.ay

Trainning
Accuracy “A”.

time spec.?
N

Yes

{.(f(L) not meet timing spec.

A,L) meet timing spec.

terminate

Naive Solution: HW-Aware + Exhaustively Evaluate Lat.
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Figl. Possible designs for Layer 5 of AlexNet on ZCU102

Our Solution: FNAS tools to respond to challenges

FNAS-Design

“Design on Program Logic”

FNAS-GG C2
“Tile-based Task Graph Generator”

FNAS-Sched C2

“Scheduler on Processing System”

FNAS-Analyzer

Estimate Performance “ L”

C3

C2: Multi-FPGA design!

Functional . Place & R HW
Spec. * HDL > Synthesis Route "| Evaluation
Fig2. Procedure of performance evaluation
Challenges:

C1: Huge design space!

C3: Time-consuming evaluation!




FNAS: Design Optimization (on-chip design)

Given :
1. FPGAs with attributes including LUTs, DSPs, BRAM, etc.
PRpY PRy
Hooooko Hooooko
l FNAS Framework HOOOOE CHOOOORT  eeeees

0000 0000
NN Architectures Target FPGAs ol E E E E = A E E E E -
“Hyperparameters” DSP number ...

2. A neural architecture with determined hyperparameters

The controller (RNN) @ FNAS-Design
. [Number] [Fi Stride | [Number| [ Fileer |, ) :
" il | e [t | Bum |\, prFis:, | Sie |} LSRR On-chip accelerator design:
E @rNas-Ge Determine :
= “Tile-based Task Graph Generator™
= A 1. On-chip buffer allocation; 2. Accelerator size for computing
£ (D FNAS-Sched _ B
“Scheduler on Processing System” (note: both are determined by tiling parameters, Tm, Tn, Tr, Tc)
v
@ FNAS-Analyzer % Tn/Tm
B “p — | 7
1l Performance “L Tn/Tm R ;r 2
Trainning One layer: cji 4
R=ﬂ A,L) Accml'acy HAY 3 C
Computing parallelism
7
[ ]
Multiple layers:
REF: Chen Zhang et al. 2015. Optimizing fpga-based accelerator design IFM Buffer Weight Buffer OFM Buffer

for deep convolutional neural networks. In Proc. of FPGA.



FNAS: Graph Generator

The controller (RNN)

* lofFilien|: | Size [% | Para. [ JofFilters[: | size

Number Filter | | Stride | |Number| | Filter |,

R=f(A.L)

Given :

1. FPGAs with attributes including LUTs, DSPs, BRAM, etc.
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2. A neural architecture with determined hyperparameters

layer 2 layer3

FNAS Framework
NN Architectures
“Hyperparameters” DSP number ...
> '
(D FNAS-Design
“Design on Program Logic”
> ] @rNasce
,F “Tile-based Task Graph Generator”
g
£ (D FNAS-Sched
“Scheduler on Processing System”
A4
@ FNAS-Analyzer
Performance “L”
h 4
Trainning
Accuracy “A”.
|

High-level graph abstraction .

N

inter-layer dependencies
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i
Tl n

intra-layer dependencies

—
i
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FNAS: Schedule (off-chip design)

The controller (RNN)
.. |Number Filter | | Stride | |Number| | Filter |,
% [ofFilters|:  Size |3 [ Para. [} [ofFilters|: | Size |

FNAS Framework

NN Architectures Target FPGAs
“Hyperparameters” DSP number ...

o~ 4
(D FNAS-Design
“Design on Program Logic”

v

Q) FNAS-GG

“Tile-based Task Graph Generator™

R=f(A,L)

FNAS Tool

(@) FNAS-Sched

“Scheduler on Processing System”

@ FNAS-Analyzer

Performance “L”

A 4

Trainning
Accuracy “A”.
|

Given :
1. FPGAs with attributes including LUTs, DSPs, BRAM, etc.
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2. A neural architecture with determined hyperparameters

layer 1 7 (7 i
conv 1 @ @ I I @ I @ @ inter-layer dependencies
— -‘
Tzu Tz;z T}’{}’
layer 2

intra-layer dependencies

v
comy2 @ @ @ @ @ @ @ @ @ @ @ @ inter-layer dependencies

" \"’4
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layer 3 1311 73512 7321 51
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Schedule of tasks in graph on multiple FPGAs

PE2 «— @@ %@@ @@@ IFM reuse
PE1 3 OFM reuse

time | >




FNAS: Analyzer

Given :
1. FPGAs with attributes including LUTs, DSPs, BRAM, etc.
TTYY PPTY
E=-EEHENE=-N =000 N =u
FNAS Framework - EEEE-E R o 1 R
-EEEEn DD DN .
| =l oD@ m=m

LLL
NN Architectures Target FPGAs FET T LELk
“Hyperparameters” DSP number ...

The controller BRNN) ' (5;* NAs-De:;gn 2. A neural architecture with determined hyperparameters

“Design on Program Logic”

.. |Number Filter | | Stride | |Number| | Filter |,
% [ofFilters|:  Size |3 [ Para. [} [ofFilters|: | Size |

* start-time

: @rusce 2 & (DOCEEEIE0GEEE s
f “Tile-based Task Graph Generator™ n— .
< s :h ) NEEEEEEEEEE OFM reuse
= -Sche

“Scheduler on Processing System” time | >

@ FNAS-Analyzer

Performance “L”
h 4

Trainning
R:j( AL) Accuracy “A”.

Latency = pipeline start time + processing time

Output :
1. A tailored FPGA Design

2. The system latency



Experimental Setting

FPGAs Xilinx 7A50T
0000000000002000 EEEY - EEmZ S
Fasaitiiaiiints ESSRENYRRE
3333331%33053333 e A8 = WV
e rqayydfaddanyy o v i A
A A YA -
Datasets IR -
$999993949494499 el ERD .
Jﬂhlﬂgiﬂiﬁ \ d
MNIST CIFAR-10 ImageNet
Layer Num. up to 5 up to 10 up to 15
NAS Search Space  Filter Size [5, 7, 14] [1,3,5,7] [1,3,5,7]
Filter Num. [9, 18, 36] [24, 36, 48, 64] [16, 32, 64, 128]
HW Search Space Channel Tiling Para. (Tm,Tn); Row Tiling Para. (Tr); Col Tiling Para. (Tc); Schedule

Timing Spec. (ms)

[2, 5, 10, 20] [1.5,2,2.5,10] [2.5,5,7.5, 10]




Experimental Results

Different Hardware (MNIST)

Different Datasets (7Z2.020) Compare to HW-Aware NAS
| (CIFAR-10 + 7Z.020)

3 FNAS-loose spec. I R P T b e S e el

B ENASHGhtSPEc.: | | 1| e e S A M R A S I AR R |
FeSlREEss e s O SR RSl s s GRS s e s S e R " _r » s ' . s 2 P fronti Pareto fronti
igfihosstoffusingapeciodiion o terr e 4 Gt ) X o Bl
TSI TS2 TS3 TS4  Baseline: NAS 1.00 1.00
up to 11.13X reduction i loose > tight z oo Tom, L — o
. . § e o .
in search time 2 095 -t oo X0 090 *
> ot * % o
;Q-.) o. ks * *-
o’ L L ® e
72020 7AS0T . 2090 » 0.80 . K
search time below 1% loss s e .
i 0.85 < 1 070 ' ;
1n accuracy 0.75 0.80 0.85 0.75 0.80 0.85
a accuracy accuracy

TS1 TS2 TS3 TS4
timing specification

up to 7.81X reduction
in inference latency

FNAS can significantly

72020  7AS0T 12x
latency £5 o push forward
1(7)2:2 I W g% 6x up 'tO 10X reduction the Pareto frontiers between
50% |- . I below 0.9% loss 8= 3x in inference latency accuracy and efficiency
25% |- - i in accuracy 0 TSI TS2 TS3 TSa tradeoff
0 timing specification

72020  7A50T
accuracy



Experimental Results: Superior to Existing Approaches

Optimizing Hardware Efficiency

Comparison the proposed Cg~Exploration with Hardware-Aware NAS and Heuristic Sequential Optimization

Accuracy Accuracy ) ) Energy Eff.
atase odels ep arameters ipeline .

Dataset Model Depth P t Pipel Eff FPS
(Topl) (Topb) GOPS/W
Hardware—Aware NAS 13 0. 53M 84. 53% - 73.27% 16.2 0. 84
CIFAR-10 Sequential Optimizatio 13 0. 53M 84. 53% - 92. 20% 29.7 1. 36
Co—Exploration (OptHW)/ 10 0. 29M 80. 18% - C 99.69% ) 35.5 2.55
Co—Exploration (OptSW)\ 14 0.61M C85.19% D 92. 15% 35.5 1.91
Hardware—Aware NAS 15 0. 44M 68. 40% 89. 84% 81.07% 6.8 0. 34
I Net Sequential Optimization 15 0. 44M 68. 40% 89. 84% 86. 75% 10. 4 0. 46

mageNe

Co-Exploration (OptHW) 17 0. 54M 68. 00% 89. 60% 96. 15% 12.1 1. 01
Co—Exploration (OptSW) 15 0. 48M 70. 24% 90. 53% 93. 89% 10. 5 0.74

Optimizing Network Accuracy



Experimental Results: Importance of Co-Exploration

Model Size
149k ~ 150k
a
design points in required model size range +  other design points
1.0

&
X
~ 0.8
5 .
5
= 0.6
= Hardware Efficiency
5 > 7.02% ~ 98.53%
o 0.4
= 0.2¢ ....&"‘......r;;"m:-, m’lz'.’f,,,..-p' ..,':.-:.-i- 3 23, o -,.; G
s

34:‘ "WW“* @"?;—.u - o siatprn .m’_' S, .—“lw’?
RN e RIS R xS N Y o
90 120 150 180
Model Size (K)

o

In the design space:
Models with similar model sizes may have distinct hardware efficiency

=> Cannot restrict model size to guarantee hardware efficiency
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Co-Exploration of Neural Architectures

FPGA/Neural Architecture Co-Exploration (FNAS)
Quantization Co-Exploration (ICCAD’19)

FNAS Framework

NN Architectures Target FPGAs
“Hyperparameters™ DSP number ...

The controller (RNN) J (D\‘FNAS-De;gn Heterogeneous ASIC Co-Exploration (DAC’20)
: “Design on Program Logic”
v
3| @FNas-ce
; “Tile-based Task Graph Generator”
4 v
£ @ rNas-sched Network-on-Chip Co-Exploration (ASP-DAC’20 Best Paper Nomination)
“Scheduler on Processing System”
@ FNAS-Analyzer
Performance “L”
Trainning . . . ,
R=fAL) Aty A7 Computing-in-Memory Co-Exploration (TC’20)
DAC’19 Best Paper Nomination Secure Inference (ECAI’20)
TCAD'20
Quantum Computer Co-Exploration Nature Communications’21, Nature (pe ing review) 5,
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FPGA

Hardware Searching Tool

Controller
" Hardware
Builder
DSP
ZCU102 2520
ZC706 900 -
trainer
GT900 1518/3036
GX320 985/1970
Fractional - ‘ N B q . Integer Fractional Integer Fractional
Contro I er Width of 1:‘;,'.‘];’" ]f'l.te; . v?';i; ]S{":"::’t 3;.'::: 1;_;"'.":% 1;«;?:3:; Width of Width of Width of Width of P;';,".'l;’"
v |Activation “ ot kiilters ‘\ eig \ b “ eig \‘ b “ eig ‘\ ! \ ‘Weight \‘ Weight “ Activation “ Activation “ otkilters \‘
\ \ \ \ \ \ \ \ \ \ \ \ \
! \ \ \ \ \ \ \ \ \ \ \ \ \
\ \ \ \ \ \ \ \ \ \ \ \ \ \
! \ \ \ | \ | \ \ \ \ \ \ \
! \ \ \ \ | \ \ | | \ \ \ \
' T T T T T T T T T T T T T
\ \ 1 \ \ \ \ \ \ \ \ \ \
! \ | \ | \ | | \ \ | | | \
! \ | \ \ \ \ 1 \ \ \ \ \ \
N G AN AN
! \ \ \ \ \ \ \ \ \ \ \ \ \
' \ \ \ \ \ \ \ \ \ \ \ 1 1
\ \ \ 1 1 \ 1 \ 1 \ 1 1 1 1
1 \ \‘ \ \ \ \ \ \ \ \ \ \ \
\ \ \ \ \ \ \ \ \ \ \ \
I [ [ [ [ [ [ [ [ [ [ [ [ Vo4
\ J v oy, oy \ \ v v oy v v v v v
- N N No N N N N N N N N Ay -
Layer N-1 Layer N Layer N+1

QuanNAS: Architecture-Hardware-Quantization Co-Exploration
Motivation Co-Exploration Framework
CONV3-64 96Mb @ space P &
CONV3-128
CONV3-256 25.6Mb
CONV3-512 12.8Mb

21




QuanNAS Results

Table 3: Implementation information of the sampled designs. For network A and B, the designs are found by quantization
search to certain architectures in Table 2. For D, E and F, the quantization and implementation on hardware are designed
together with their architectures. The quantization details are shown in Figure 4. Co exploration is more robust to

quantization error

Design rL ' Acc w/o quantization Acc w/ quantization  #LUTs %{)ughput (frames/s) parameter size (kbits)

Aj-d; 100,000 500 87.76% 80.23% 556 1,867
Aj-dy 100,000 1000 87.76% 25.79% 0,5 1157 1,189
By-d; 100,000 500 89.71% 87.64% 6.904 512 3,463
Bi-d; 100,000 1000 89.71% 64.35% 98,752 1020 2,784
Bi-ds 300,000 2000 (89.71% 50.93%) (285,441 2083 | 2,835
D 30000 1000 83.65% 29.904 \:j\s 457
E 100,000 1000 $6.99% 94,496 42 1,923
F 300000 2000 (87.03% §1.92%) (299,860 2089 1,217

Hardware performance
is maintained
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Co-Exploration of Neural Architectures

FPGA/Neural Architecture Co-
Exploration (FNAS)

e Heterogeneous ASIC Co-Exploration (DAC’20)

NN Architectures
“Hyperparameters™

The controller (RNN e ~
( (@ FNAS-Design
Filter Stride | [Number] [ Fileer |, X .
V2
| ) | 3 @FNasGe
‘ =1 “Tile-based Task Graph Generator”
< A
- ol o o o - P £ (DFNAS-Sched
I I 4| |— g “Scheduler on Processing System”
Layer N-1 Layer N Layer N+1 *

@ FNAS-Analyzer

Performance “L”

DAC’19 Best Paper Nomination
TCAD’20
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NASAIC: NAS and Heterogeneous ASIC Accelerator Co-Exploration

What's the problem Challengel: ASIC has huge design space

T1: Image Classification T2: Image Segmentation Solution1: C te T late Pool to fix t |
olutionl: Create lemplate Fool to TIX topology

ST

ResNetl

%iﬁ =

Challenge2: Multiple tasks in application

Application 6

ResNet2
N Solution2: Simultaneously search architectures

S\
ResNet3 - -+

o ‘ Resource Allocator ‘ aicl :#DfsE aicZ:#Df]lE aic3 Chall 3: Perf Model

O S O S PP .
Synthesis 2 2 Resultant NoC BWs NoC BWs e a enge . Ferrormance ode
y ‘ Mappmg & Schedulin Acceleratar NN layers NN layers
Solution3: Maestro

AVYS | —

| | s
PE| | PE ]| | PE]| | PE
F h h h @ @ﬁg CTT@\@)
- PEL | PEH " PEH | PE |
| DFL: Shidiannao Style | DF 2: NVDLA Style

Accelerata Q
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NASAIC: Exploration Flow

Framework

: (2) Optimizer Selector : @ Evaluator
: - ' : ¥ P :
i |Architecture Accelerator - ;
! | Exploration Exploration Training Cost Model | I Maestro
: SA: - . v S r— :
5 (0.1} L & o apping
e ¥ ..................... ] Validating Schedulmg
@Co—Exploration Controller | 7] Accwezg '

for Multi-DNN and Heter. ASICs Rcward R(D, P)

> PP PP i PP o P
S I IR 'a,« ‘-\,« AT A AT AT A T A
1 1 1 |

11 1

Network 2 Accelerator Designs

1
Network 1
Accelerator 1 Accelerator 2
shidiannao? shidiannao?
o nvdla? nvdla?
row-station? row-station?

Controller  |#of] |#of| |#of| . biat. | #of | | #of | : ‘ ‘ , , ,
3| filter: | skip [} |filter|: !  (filter |, | filter|: : -: ': ': ; '
I I -
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NASAIC: Results

Workloads

Design Specifications
Latency: 8e5 cycles; Energy: 2e9 nJ; Area: 4€9 um”"2

» one classification task on CIFAR-10 dataset
* one segmentation task on Nuclei dataset

Result 2:

Table I: Comparison between successive NAS and ASIC design
(NAS—ASIC), ASIC design followed by hardware-aware NAS
(ASIC—HW-NAS), and NASAIC.

Work.| Approach Hardware Dataset |Accuracy|L /cycles|E /nJ|A /um?
NAS—s ASIC (dla, 2112, 48) CIFAR-10| 94.17% | 9.45e5 |3.56e9| 4.71e9
(shi, 1984, 16)| Nuclei | 83.94% X X P
W1 ASIC— (dla, 1088, 24) CIFAR-10| 91.98% | 5.8e5 |1.94e9| 3.82e9
HW-NAS |(shi, 2368, 40)| Nuclei | 83.72% v v v
NASAIC (dla, 576, 56) CIFAR-10| 92.85% | 7.77e5 [1.43e9| 2.03e9
(shi, 1792,8) | Nuclei | 83.74% v v v

Result 1:

€ Design Specifications

X Lower bounds by the smallest architectures

* Explored Solutions by NASAIC

Y Best Solutions

2
40+
3.5
o 3.0 ~
e ggg
* .
ST 15 &
e 2 g
1.0
o : 0.5
% ¢ |CIFAR-10: 92.85% 0.0
- Nuclei (IOU): 0.8374 )
& 2 2.00
-10: % )
T Nuclel GOU): 0:642 150
! 0 L uclei ( ): 0. 1.00 \\@\
e5 Late ] 0 50@\@@
y(CyC]eS) 8
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Co-Exploration of Neural Architectures

FPGA/Neural Architecture Co-
Exploration (FNAS)

l FNAS Framework

NN Architectures Target FPGAs
“Hyperparameters™ DSP number ...

NG g
(@ FNAS-Design
J “Design on Program Logic”
v
@ FNaS-GG
“Tile-based Task Graph Generator™

v
(3 FNAS-Sched

*Scheduler on Processing System”

FNAS Tool

@ FNAS-Analyzer

Performance “L”

Network-on-Chip Co-Exploration (ASP-DAC’20 Best Paper Nomination)

Trainning
R=f(A,L) Accuracy “A”.
1

DAC’19 Best Paper Nomination

TCAD’20
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NANDS: Co-Explore NoC Design and Neural Architectures

Motivational Example

Layer:
Out_Degree: 9

=

8 5 5 7 6 4 3 2 3 3 2 1 1
(a) The neural network architecture found by NAS

Platforms Single 4 Processing Elements
Operation )
Time Processing Element Bus Interconnection 2-D Mesh NoC
Computation (ms) 124 34 34
Data transmission (ms) — 147 6.2

(b) The timing performance of network implementations on different platforms

Xewos

Observations:

* Timing Performance can be improved on
platforms with more processing elements

* Communication becomes the performance
bottleneck

* Fixed design leads lower performance

%0 Mhroughput 6.0 Throughput
Bottleneck Domination
5.1 ms ~ 3.5ms
40 — 40 _
20 _ ‘ 20 T
0 @ @& a.0) >
S P> I MR LR R
. TS SEEE
(b) A fixed design MR (d) Our design with

using X-Y routing (c) HW-aware NAS more flexible routing (e) NANDS

31.37% Improvement
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NANDS: Framework

“EEaass B rRacass Feonens
E NAS E : NAS . E NDS :
i Explorer i Evaluator i Explorer i
"""" 7 [ NDs |, B

Evaluator "

Two exploration loops in NANDS:
B Loop I: Neural Architecture Search.

B Loop ll: Automatic Hardware Design

: d E @ Noc Design [k ]

5 i [ Nas 1i [ parition )

E NAS Search Space : St E

ST e

: — : l

i RARR) | -
: yiRerion i @ Bottleneck e i I
: - R, ¢ Detect. & Allev. ; =1
T Yo : [ NDs | ¢ R T
: '+ | Evaluator | - ) l g || o J
: Controller : | 66340 o

(1 NAS Controller: predict hyperparameters

2) NoC Design: generate hardware design (e.g.,
partition, mapping and routing)

(3) Bottleneck Detection and Alleviation: maximize
throughput of NoC.
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NANDS: Results

95% T I !
' [0 NAS X HW-aware NAS 2 NANDS |
92%p==- Bagll 0 8-o- & f-&---- - dee-- § NANDS significantly pushes forward
: § o A, Pareto frontiers, against HW-aware
> 89%pass R B — NAS
B @ A B
B oro i &
Q 869/ -7 throughput
phase (0.5,1.0] (1.0,1.5] (1.5;4x)
Pl («=0.9) 81.40% 16.27%  2.33%
830 _______________ R
%o Throughpu% g_ P2 (a=0.5) 34.88% 53.49% 11.63%
P3 (a=0) 0% 1.16% 98.84%
80, LMot meet - = -

0 0.5 . L5 2.0 29
throughput (Gbps)

NANDS can guide the controller to
make a better tradeoff between the
accuracy and throughput.

NAS cannot guarantee timing performance
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Co-Exploration of Neural Architectures

FPGA/Neural Architecture Co-
Exploration (FNAS)

l FNAS Framework

NN Architectures
“Hyperparameters™

The controller (RNN e ~
( (@ FNAS-Design
Filter Stride | [Number] [ Fileer |, X .
V2
| ) | 3 @FNasGe
‘ =1 “Tile-based Task Graph Generator”
= A
- o~ o o o - P £ (DFNAS-Sched
I I 4| |— g “Scheduler on Processing System”
Layer N-1 Layer N Layer N+1 *

@ FNAS-Analyzer

Performance “L”

- e Computing-in-Memory Co-Exploration (TC’20.)

DAC’19 Best Paper Nomination
TCAD’20
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NACIM: Device-Circuit-Architecture Co-Exploration

(a)
Neural
Architecture

(b)

Quantization

(©)
Data Flow

(d)

Circuit

(©)

Device

Cross-Layer Optimization

Standard Corv.

weights

30

Fully Connection
Group Cor. Y

0b;.

A W Activation =3 Weight

31\ E Activation [ Weight
2
1

Accuracy

Latency

Energy

Area

HfOx
Switchinglayer
TiN
ReRAM

=y

bitline

FeFET STT-MRAM

Variation

Results ,
IYOISG and Hardware Aware

Acc w/ Area EDP Speed | E.-E.
Approgch | Accuracy

variation|  (um?) (pJ *ns) |(TOPs)|(TOPs/W)
QuantNAS| 84.92% | 8.48% |3‘24 %108 | 8.08 %1012 | 0285 | 5.14
GNAD 73.88%[| 70.76% | 2.07 % 106 | 4.18 ¥ 1012 | 0.110 | 7.14
NACIMy,,, | 73 58‘72/ 70.12% [1.78 % 10%[2.21 * 1012 | 0.204 12.3
NACIMg., 73.887[ 73.45% | 1.97 %« 106 | 3.76 « 1012 | 0.234 16.3

0.45

W/O consideration of device variation leading results useless

T oaa s
; g ; 4+ NACIM * pNAS
)T SSSSRSSS SRS NSS— ISR pa— TB— —
Paa s i,
: AL 4
SRR T— SR Tt SRR SN SNURNS S
£ A as i
- B oaa b
R
ideal sol. ! :
025 / H H A H H H H
0.15 020 025 030 035 040 045 0.50

Normalized Hardware Efficiency

Performance Model: Modified NeuroSim
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Co-Exploration of Neural Architectures

FPGA Implementation-Aware NAS
(FNAS)

l FNAS Framework

“Hyperparameters™

The controller (RNN)
Fil i

Srde | [Number], [TFilter |,
| Par [ pofFilterss, | size [*

= g
(@ FNAS-Design
“Design on Program Logic”

'%

@ FNaS-GG

“Tile-based Task Graph Generator™
v

(3 FNAS-Sched

— |—| - Scheduler on Processing System”
LayerN-1 LayerN Layer N+1 v

@ FNAS-Analyzer

Performance “L”

7
FNAS Tool

DAC’19 Best Paper Nomination
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NASS: Identifying Secure Inference Architecture via NAS

Secure Problem: garbled circuits & homomorphic encryption

4

Bob (client)

hl ¢ l Alice (server)
§ B , """"" ) RelLU ' --------- )f HE secure CNN
Conv : : i EC R
Inference

* Computation complexity
* Bandwidth
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NASS: Framework and Results

Quantization EFNWNESIE
Parameters Parameters

@ ParmGen }

SW={0,1} \,

@ Controller
e.g., reinforcement learning
or evolutionary algorithm
A

reward: R(4,T,B)

Accuracy: 4

v Y
trainer | parameterizer
| (PIE)
weights

Performance
Evaluator
(PCE) '

@Cryptographic

Estimators &

Accuracy

Evaluator

: Estimators:
Inference Time: T
Bandwidth: B

* Determination of hyper-parameters and quantization
* Performance Modeling

Gazelle Best Searched by NASS
Layer Dimension Quant. Layer Dimension Quant.
CR (64 x 3 x 3) 23 CR (24 x 5 x 3) (8,8)
CR (64 x 3 x 3) 23 CR (48 x 3 x 5) (6,7)
PL (2 x 2) 23 PL (2 x2) (8,8)
CR (64 x 3 x 3) 23 CR (48 x 5 x 7) (7,6)
CR (64 x 3 x 3) 23 CR (36 x 3 x 3) (6,5)
PL (2 x 2) 23 PL (2 x2) (8,8)
CR (64 x 3 x 3) 23 CR (24 x 7x 1) (4,6)
CR (64 x 3 x 3) 23
FC (1024 x 10) 23 FC (1024 x 10) (16, 16)
Accuracy: 81.6% Accuracy: 84.6%
Bandwidth: 1.815 GBytes Bandwidth: 977 MB
PAHE Time: 3.225s PAHE Time: 1.62s
GC Time: 13.2s GC Time: 6.38s
Total Time: 16.4s Total Time: 8.0s

* Improve accuracy by 3%
* Decrease 2X bandwidth requirement
* Decrease 2X computation time in server side
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Conclusion and Future Work

QuanNAS
NASAIC

Al Democratization

Neural Network
Architecture

Search From FPGA to ASIC

N and Secure Cloud
ew

HW Platforms
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