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Part |: Introduction to VLSI
for Signal Processing
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Introduction

® More advanced/complicated algorithms are being introduced to improve the system
performance, e.g., DNN, LDPC, MIMO, etc, which usually leads to larger power
consumption in a real system

® Real applications are usually speed hungry, e.qg., Ethernet speed increases by
approximately 10 times every 8 years. Increased data rate directly leads to increased
power consumption

® With the popularity of portable computing devices and the increasing need to reduce
packaging cost and size, low power dissipation is highly desired

® \/LSI optimizations on power or speed are generally performed at multiple levels

® \/LSI Signal Processing plays a major role at algorithm level, architecture level and
even circuit level optimizations.
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The Way of VLSI for Signal Processing

Pipelining
and parallel
Algor: : oo \NL
tray, Oriep, h; processing gnte
/i ’77at,-ol7 sy
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(/0%/7/9 T~ State-ofthe-art / P Y

System level

/ optimization

DSP, Comm, ASIC and
DNN, etc Circuit Design
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High Speed/Low Power Design Methods

e Generic Design Techniques
¢ Power Island,
¢ Clock Gating,
¢ Transistor Resizing,
¢ Operating in subthreshold regime,
¢ MTCMOS, VTCMOS, Dual-Vdd, etc,
¢ Sleep Transistor (cluster based, DSTN, etc),
¢ Forward/Reverse Body Biasing (FBB/RBB),

e Application Specific Techniques
¢ Pipelining/parallel processing/retiming w/ reduced Vdd,
¢ Numerical/algorithmic strength reduction (e.qg., FFT/DCT),
¢ Joint algorithmic and architectural level optimization,
¢ Adaptive computing, etc.



NANITING
UNIVERSITY

Hi-Speed MAP Decoder Architectures

® Max-a-posterior (MAP) algorithm: optimal for turbo decoding
® Recursive computations form the bottleneck in hi-speed design
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Recursive State Metrics Computation

a,(k+1)=max{a,+7,(k), a, +y,(k)]}+log(l+ e"A')
=max*{a, + y,(k), &, +y,(k)}

—> abs — LUT
allk] —»
. . v2[k] —™ + 1
® Recursive computation - H + =D+
forms the high speed 0K —>{ 20[k+1]
bottleneck aO[k] ;—> sign bit
(a) traditional recursion arch A
> _ LUT
e The delay of computing the 1 — [ sign bitl
absolute value can be saved g —L 1T
by introducing an extra el + P
subtraction unit. 1ot —~T 4 a0[k+1]
avlkl g™

(b) traditional recursion arch B
11
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y——a An Efficient ACSU: Arch C

® Avoid the computation of absolute value with GLUT, retime
the final addition operation to reduce the loop latency.

— GLUT | D |----g----- :
Y
g == F T wotkri] ||+ 1ol D =
- = D |locwl &7 777
vO[K] —» r
oO[k] + sign bit [

(b) function details of GLUT
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Advanced Radix-2: Arch-D

(0!0 + 7/0> - (0[1 + 73> = <7/0 - 7/3) + 01y + Opip ® Ves T Opuy

+

l_t—‘_l_,\
YOIK] —{ | aOA[k+1] a0A[K]
S0 g —— = D —>
al[K] —= + L (ool
vO—y3[K] ——] + GLUT L aOB[k+1] > D ‘
iX . D S501B[K]
_:' = i J D SO01A[K]
vO—y3[K] —® | a2B[k+1] D N 2[K]
H : OL

YO[K] ——

boooo
allk] /& _|_>\¢\| S
= D [—=—
v3[k] —»] _,—»/ a2 A[k+1] a2 A[K]

aO[k] —3 i
alB[k+1] alA[k+1]

+

+
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Improved Radix-4: Arch-F

e The throughput can be increased further if performing two
iterations in one cycle.

o,k + 2]~ max{ max* (a, k]+y,[k], a/lk]l+y;[k])+y,[k+1],

max* (a,k]+y,[k], a;[k]+y [k])+yi[k+1])}.

o 4[k]

aoplk]

volkl+yolk+1]

v3lk]+rolk +1]

— ]
o lk] ]
o plk] I

ayglk]
a,plk] >

—»
v3lkl+ yak +1]

73lkl+ ik +1]

az4lk]

azplk] —
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Performance Comparisons

Max Clock Freq. (Mhz) | Relative Area Relative
Processing Speed
Arch-A 241 1.0 1.0
Arch-C 333 0.87 1.38
Arch-R 335 1.14 1.39
Arch-E 182 1.82 1.51
Arch-D 370 1.03 1.54
Arch-F 241 1.99 2.0

15
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= Implementation Results of Super-FEC

e Decoder (FPGA)

& Overall utilization: 62%

¢ Max clock frequency: 196 Mhz
®Max number of iterations: 40Gb/s at 15 iterations

e Encoder (FPGA)
& Overall utilization: 6%
¢ Max freq.: 238 Mhz
& Max rate: > 40Gb/s

8 )

& [\
(. .

.

B

e

.
8.
5
|

e ASIC
¢Under 40nm CMOS, can

achieve over 100Gbps
throughput

Q
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Part lll: Introduction to Deep
Learning

18
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Self-driving Cars
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Deep Neural Networks

® Fundamental for Deep Learning

O Backfed Input Cell A mostly complete chart of

D ool Neural Networks
A_ Noisy Input Cell ©2016 Fjodor van Veen - asimovinstitute.org
. Hidden Cell Deep Convolutional Network (DCN)

© Probablistic Hidden Cell Deep Residual Network (DRN)

@ spiking Hidden Cell

. Output Cell

. Match Input Output Cell

el e e

IXIXIXIXT

. Recurrent Cell
Recurrent Neural Network (RNN) Long / Short Term Memory (LSTM)
B T = .

. Memory Cell

9,9 99,9,
. Different Memory Cell ’:ZRt'fﬁh}': : f .&\"’Jh}’f ......
-- e ooy g |

Kernel ¥ \'ﬂ"‘\'n"‘\

O Convolution or Pool

http://www.asimovinstitute.org/neural-network-zoo/ 20
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® Efficient DNN processors are desired Our focus

21
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Academic Research in Al Processors

® Challenges of Deep Neural Network Processors
#®High-dimension design space
O Tons of variables, even for basic designs
& Complex parameter interactions
O DNNs are notoriously difficult to tune
#®High memory storage requirement
O DNNs are over parameterized

# Ultra-High computation requirements
O Hundred millions of MACs per image

22
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Academic Research in Al Processors

® Dataflow Optimizations
Q Input/Output/Row Stationary Dataflow
O Reconfigurable Data Reuse Pattern
O Reconfigurable Layer Tiling

® Dedicated ISA for Al Processors

dExample: Cambricon(3&X4)
» 9.86x higher code density than x86
» Only 4.5% slower than hard-wired DNN accelerator

® Design with Emerging Memory Devices
Q8T-6T hybrid SRAM(P|, S1)
LRRAM-based accelerator
Q3D Memory (BW {)
U Extremely low power
L Compute in memory

Cell Structure \

3D RRAM Cross Bar Array

Bit Line

23
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Part IV: VLSI Optimizations
for DNNs

24



NANITING
UNIVERSITY

Optimization for CNNs

®Optimization Schemes

€ Computation optimization:

CdReduce 3D Conv to 1D Conv, optimize 1D Conv through fast

convolution algorithms, then restore 1D Conv to 3D Conv

OFast FIR algorithm for convolution

& Storage optimization:

Ointer-layer partial storage and intra-layer ping-pong reuse

€ Bandwidth optimization:

CdResource partition and pipeline process

25
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Efficient Hardware Architectures for DCNN

®Convolutions are basic and complex computations in CNNs

®\\e have derived N-parallel Fast FIR Algorithms (FFA) for 1D convolutions, e.g., 3-
parallel and 5-parallel FFAs

®Fast Convolution Units (FCUs) for efficient hardware implementation of CNN

®3-Parallel Fast FIR and 3-Parallel FCU
@ 3-parallel FIR with algorithm strength reduction

Yy =HyX, _Z_3H2X2 +Z_3[(H1 +H) (X, +X,)-H X|]

Y, =[(H,+H)X,+X,)-HX]-[H,X,—z" H,X,]

Y, =[(Hy+H, +H,)(X,+ X, +X,)] —
~[(H,+H,)(X,+X,) - H X,]

i
A(H, + H)(X,+.0) X . A ——PD—P™
RS s

¥ i N ,C‘\ i
@ Save 33% multiplications LD e hﬂ:r@ 5 ES E—I’_
compared to regular convolutions < 1+ J?,\ 2 4
é ?8 NN
h{]+h1+ ’

26
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Efficient Hardware Architectures for DCNN

® Fast FIR Algorithm
#5-parallel Fast FIR Algorithm is derived for the first time

o e
#Save 40% multiplications Ys = QsHsPsXs

Hy 1 0 0 0 0 7

Hy o 1 0 0 0

Ha o 0 1 0 0

Hy o 0 o 1 0

Hy 0O 0 0o 0 1

Yo X Hg + Hy 1 1 0o 0o 0

n X1 Hy + Ha o 1 1 0 0

Ngi= Ya o o Xa .Hpg = diag Ha 4+ Hy . Pr = 0o 0 1 1 0

Y5 X Hs 4+ Hy o o o 1 1

Yy Xy Hy+ Hi1 + Hz 1 1 1 0 0

Hy + Hs + Hy o 1 1 1 0

Hs + Hy + Hy o 0o 1 1 1

Hog+ Hy + Ha + Hg 1 1 1 L 0

Hy+ Ho + Hyg + Hy 0 | | L 1

. Ao+ Hi+Hs+ Hy +Hy | | 1 1 1 L 1
_5 T 10 0 20 0 0 0 z7B 0 0 0 % 0 0 0
_11 {: 3 2 zu 3 0 -1 0 s 0 " 1 0 0 2E=R i) 0 0 0o o 0
Dy 0 -1 1 0 0 0 0 1 0 0 =0 1 0 0 1 0 0 a0 0 0
0 0 1 1 0 0 0 0 —1 0 0 0 1 0 0 g =1 0 10 0
0 0 0 -1 1 1 0 0 —1 0 0 0 0 1 0 g =1 0 0 1 0
L 0 0 0 0 0 0 0 0 0 0 0 0 0o o 1

27
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Efficient Hardware Architectures for DCNN

® Fast FIR Algorithm

#Reconfigurable Fast Convolution Unit (FCU)
#Operate as two 3-parallel FCUs or one 5-parallel FCU

ﬁg
X HQ/®
X; H% Y N
X H { I—B_@\"/ -)” @w}\ Yo,
X7 J;"'1 )
/ ;;2 % DD 7,
N {) U L/
D Hot-H; LD
A H\+H b 7 N
b /g & T
hy+hy s \ N Y,
. { +H1+ng L ,—D"@_ L/
-/T\ w }i‘ﬂf @ ‘i i j tL 1 E
e Van AN »
e /% P, NN & |
7 v Van 2
hu+'i}f:}3 N s §

28



NANITING
UNIVERSITY

Efficient Hardware Architectures for DCNN

® Fast FIR Algorithm
& Comparison between regular convolutions and FCUs

convolution method multiplications | additions : .% .Of
multiplications saved
regular 3 X 3 9 8 33
3 x 3 with 3 parallel FCUs 6 12
regular 5 X 5 25 24 10
5 X 5 with 5 parallel FCUs 15 35
regular 7 X 7 49 48 43
7 X 7 with 7 parallel FCUs 28 64

29
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Efficient Hardware Architectures for DCNN

e Memory Efficient Storage and Computation
Flow

@ Inter-layer partial storage
O Each layer is tiled by factor Tr
]

. . . . o _ =
O The tiled intermediate data of each layer are stored in ZZZZ C““‘”£.=..f’“°b  — L
a specific BRAM s 0 a2y 517

Conv5-2

O 14x reduction on storage requirement compared to

. = A
layer-wise scheme Convs-| Pt G | Convas
7 V2222475 G,
/512 512 28 Q22222 |
BRAM C . . i
i Conv4-2
Conv3-3:% Pool3 s Conv4-1
olololo|®blclolo]o ololololollo]o]o et - 756 ] i
256 56 256 512
Jadelololofblolololol Jolo[o[olololo]o] 6 28 28
/. fooooooooo‘lr”oooooooo Conv -2
i oje/ejojejo/00je| (0000000 Conv3- I | pool Cnmz_zm
| oo omooono ] < << ' =
| (e l®|/® @ 00000 e ||l |0e e eeeoe W’zsﬁ 55 128 112 5 128
| ololo]ololeo]o|olo| Il [o]lo|o]o]o|o]o|o | ] ﬁ&onvg_l
3ttt oo fototat o Helo fototad o o o] .
A | Cony) I | Convi-2 Pooll
olojojojojololo]o ololo|olo|o|o]|o W«OHV;W onvi-2 /00_,
O‘ul‘u‘|u‘|ultu|‘u[|u‘|ul| l l ‘IU||U||U||U‘]U|IU||U|IU‘O W3 64 224 64 for s 64
224 224 112

30



NANITING
UNIVERSITY

Efficient Hardware Architectures for DCNN

® Memory Efficient Storage and Computation Flow
®Intra-layer ping-pong reuse

T—r—! QIS |O10]010]|6]|C|0
O Each specific BRAM is splitas || PE || PE, |/ alololololololalo
a dual buffer | |
he t ts i | |\.........
O The two segmentsin a
specific BRAM are reused ina | PE|/PE | 000 o o 0060
ping-pong manner | |
|PE||PE]|l olo|ojojeo(o|o|0|e
| |/ooooooooo
'PEPE'\OOOOOOOOO
!______| Q10 0101010 ]0|C|0

BRAM C;

BRAM (.,
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Efficient Hardware Architectures for DCNN

® Memory Efficient Storage and Computation Flow

#Storage compression
O Intelligently reuse idle-state BRAM . . active row data of layeri, i+1

O Save further 20% on-chip memory

r>’| inactive row data of layer i

storage
compression

32
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® Micro Architecture

. Y, Y, Y, Y [PRAM][PRAM, ] ... [PRAM ]
®PU is a 2D FCU array U N SN S ¥ o ol
. . g FCU? |:V:> ECU! % Feu? |.. .|Fout? = L 5
@ CP mainly consists of PUs O f (P J(PU J---lPUr-a
. “— rcu E2o Feut 2| Feu? |- | Feur ! < 5 PRy
along with some other /‘ e 5 Adder Compressor K N
Computatlon unltS PU %FCUL% FCUL_:& FCUZ2,|...|Fcuis ' CP
: P -~ :
& The overall architecture —rour. Feofreu PPenfrou ... [reuts % )
is composed of CPs and N S s

memory footprints PRAM, | [ PRAM, | ¢ e« [PRAM,,
R IR RS
(CP, ) CCP ) ++- (CPr)

| WBy || ARAM, |[ WB, |[ ARAM, ||PRAM;,|[ WBr. || ARAM,, | \

i} 1l . .
DRAM Interface | Overall Architecture

Oft-chip
DRAM 33




NANITING
UNIVERSITY

® Results and Comparison

; ‘ Resource Usage Quantization
. Platforms TOT FE DSP Strategy # of CP FPS
¢ Implementation results P
27% | 4% | 64% ENQ 4 8.78
of VGG16 on two FPGA %frfgf
1% | 11% | 82% ENQ 8 33.80
platforms VC707 i ’ i
& Comparison with previous works
Gokhale Zhang Qiu
Works et al. [29] | et al [30] | et al. [16] Ours
Year 2014 2015 2016 2016
Model N/A AlexNet VGGi6 VGG16
Zyng Virtex7 Zyng Zyng Virtex7
Platform XCTZ045 VX485t XCTZ045 | XCTZ045 | VX485t
Clock(Mhz) 150 100 150 172 170
QE::;EM 16-bit fixed | 32-bit float | 16-bit fixed ENQ
Performance :
(GOPfs) 23.18 61.62 136.97 316.23 1250.21
Resource
Efficiency N/A (0.812 2.61 6.03 16.5
(10~ 3. GOP/s/slice)
Tops
Accuracy(%) N/A N/A 86.66 86.25

34
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® Problems to Solve: |
# Different data precisions requirements in various layers/models
ORange from 1b to 16b for weights/activations
OTraditional architectures: unified computational components of

long data width
ONot efficient when precisions vary

TABLE I: Per-Layer precision variability and relative accuracy
Precision Relative

CNN Data Precision
models Type in CVLs in FCLs | Accuracy
AlexNet [8] Act. 9-8-5-5-7 10-9-9 100%
AlexNet [5] Weight 32-2-2-2-2 2-2-32 9%
GoogleNet [3] | Weight 1 for all I for all 96%
8-5-6-5-5-
VGG-16 [7] Act. 5.5.5.5.5.6-5-5 6-3-2 97%
12-12-12-11-12-
VGG-19 [8] Act. 10-11-11-13-12- 10-9-9 100%
13 for rest

*Wang, Y., Lin, J., & Wang, Z. (2018, July). FPAP: A Folded Architecture for Efficient Computing of Convolutional Neural Networks. In
2018 IEEE Computer Society Annual Symposium on VLSI (ISVLSI) (pp. 503-508). IEEE.
35
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FPAP: Energy-Quality Scalable CNNs

e Problems to Solve: I

Convl 81%

#CNNs can have sparse representations S B—
O Both weights and activations Conv3 19%
Olrregular sparsity brings significant load-imbalance Conv4 20%
issue in hardware Convs 20%

® A flexible but efficient architecture is required

O Eliminates all computational redundancies
> Adapt to different data precisions
> Exploit both weight sparsity and activation sparsity

O Enables energy-quality scaling through dynamic
precision adjustment

*Zhang, T, Ye, S., Zhang, K., Tang, J., Wen, W., Fardad, M., & Wang, Y. (2018). A systematic DNN weight pruning framework
using alternating direction method of multipliers. arXiv preprint arXiv:1804.03294. 36



NANITING
UNIVERSITY

FPAP: Energy-Quality Scalable CNNs

® Fold Computations in CNNs
# Precision-Adjustable Multiply-Add (PAMAC)
OMAC operation can be decomposed into multiple shift-and-add ops:
n-—1

Y =AW + Tzz 2i(W; x A) + T
=0

OThe decomposed input can be either weight (WD) or activation (AD)

OFold this MAC into a single adder and sum those terms over multiple cycles
OCan adapt to different data precisions n, only accumulate necessary terms
OThroughput/energy scale with data precision

OSmaller area and shorter critical path

OSide effect: lower speed
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FPAP: Energy-Quality Scalable CNNs

e Fold Computations in CNNs(cont’d) -
1

#Reduce computation of PAMAC 3’b000 3'b001
OBit-pair Encoding (BPE) algorithm reduce adds by half 3100 -2 3b101 -1
T TR e e e 3’b010 1 3’b011 2
— 2 -2
OPossibly 25% of the add ops are still redundant
TABLE 11
> Vi may be Zero DISTRIBUTION OF ESSENTIAL ADD TERMS
> Only sum essential add terms”! # Essential AlexNet VGG-16
Adds AD | WD AD | WD
— — 0 30.22% | 63.06% | 56.44% | 56.21%
V1 =0,V2=0 1 1.01% | 0.03% | 0.66% | 0.17%
. o & 6.14% 0.52% 3.37% 2.00%
AW +T = AV + 2%1 + 24)”(2 + o+ 2NPAVR + T 3 1296% | 475% | 8.92% | 8.68%
2 4 20.70% 10.41% 13.69% 16.94%
S 15.86% 12.50% 11.56% 13.70%
6 9.20% 8.48% 4.80% 2.26%
i) 3.83% 0.25% 0.54% 0.03%

T Suppose n = 16 for both weights and activations.

* Wang, Y., Lin, J., & Wang, Z. (2018). FPAP: A Folded Architecture for Energy-Quality Scalable Convolutional Neural Networks. IEEE

Transactions on Circuits and Systems I: Regular Papers, (99), 1-14.
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® Fold Computations in CNNs(cont’d) TABLE IV

R d . fPAMAC PER-LAYER AVERAGE ESSENTIAL ADD TERMS IN VGG-16
#Re U.Ce Corn_pu.tatlor?o . Layer Index 1 2 3 4 5 6 7
OFine-grained Weight-Decomposition (WD) and  “Ac.Decomp. [ 36 [ 21 [27 [ 19 [20 |74 [ 11]

. . - . Weight Decomp. [ 3.1 | 18 | 1.6 | 1.7 | 1.7 ] 1.8 | I
Activation-Decomposition (AD) decision T T B Ty

> WD needs less adds in some layers while AD is Act. Decomp. J 09 1 08 | 07107 108 | 07] 13
betterin OtherS Weight Decomp. | 1.7 | 1.8 | 18 | 1.8 | 19 | 19 1.8

. i The quantization precision for all data are 16 bits.
> Further: Per-MAC granularity
» Ensure least number of adds Tradeoff Between Accuracy and Computations

71.00% e

ODynamic approximate computing
> Enable tradeoff between accuracy & throughput
> Kind of “dynamic quantization” of CNNs

70.00%
69.00%
68.00%
67.00%

AW 1P e QH_QAVr%-f 2. I 66.00%

£5:00%
0.64 0.32 0.16 0.08 0.04 0.02 0.01

Top-1 Accuracy.

Normalized Computational Complexity

b -+ Mulwise-Decomposition —@8— Act-Decomposition — @ — Weight-Decomposition

VGG-16
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FPAP: Energy-Quality Scalable CNNs

® Fold Computations in CNNs(cont’d)
® Exploit sparsity of weights/activations to reduce number of MAC Ops
& Approach to exploit weight sparsity
> Fold transposed-FIR filter into one MAC
> Dynamically skip zero-coefficient taps

x(n)

r ’]Tl T ]T 2 r ;[3 r ’]T4
Wiy o V3 Koy Wa [y
D, : D, | | D; | D, | |

-
N

. -\ ! Y(
D HE f\D./Du’Q

SLA
_ |
Step3: Step2: Update D4 and D3 Step1: Generate
Update D, with D; and D, the output

/"X

D
—
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FPAP: Energy-Quality Scalable CNNs

® Fold Computations in CNNs(cont’d)

® Approach to exploit activation sparsity
OOnly shifting of delay elements is required when meeting zero input
> No extra cycle compared to non-folded FIR filter

> The number of cycles can be less than non-folded FIR filter when meeting more
continuous zero activations
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FPAP: Energy-Quality Scalable CNNs

® Fold Computations in CNNs(cont’d)
@ VLS| implementation of folded FIR filter (FOFIR)
OAt least 60% of area saving for FIR filters with over 3 taps

ODynamic mapping from DRegs to delay elements

> Eliminate unnecessary register-shifting operation/power for zero input with
slight overhead

DO Position

1 .
! ED’ Static Mapping Original Mapping State  Dynamic Mapping
1| DRegs D0:0 - DReg[0]:0 DO0:a | DReg[0]:a D0:0| « DReg[0]:a
DHDP{Dp{Dp{ D] Dl:a > DReg[1]:a D1:b > DReg[1]:b Dl:a DReg[1]:b
; D2:b |+{ DReg[2]:b ] 1[D2:c [ DReg[2]:c | = >[ D2:b }'| » DReg[2]:c
(W, BPRy, ETCy} T LU‘O%TF D3:c > DReg[3]:c D3:d (+ DReg[3]:d D3:c DReg[3]:d
~—' e, PAMAC “faas D4:d > DReg[4]:d D4:e | DReg[4]:e D4:d}” YDReg[4]:0
_&_'IETCA
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DRAM Interface |

I —

oy ® p
® Mitigate the Load-Imbalance Issue
[ [ac)
¢ Top architecture: a scalable processing element (PE) i i T
array Buffer _E das * IS E
OEach column of the array work for one out channel L=
OThe input features are broadcast along each row of Mﬂ{_
DA IWells — Weight Bk - oo
the PE array ] e
Olnput channels are tiled into multiple groups (e.g., & AR . Eag
16 channels as one group) / e
OEach PE contains a folded FIR and convolves every = Eoowll =
input feature group in a row-by-row channel-by- s i
channel wa J S B
Y . . : 4 U / N 4”1'*/
OArray synchronize when all PEs finish processing of R Weights oo

an input channel group ®
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FPAP: Energy-Quality Scalable CNNs

® Mitigate the Load-Imbalance Issue
¢ Different PEs take different cycles for different output channels
#Solution: Find a good process order of output channels for each input channel group
OFormulize an estimation of cycles (cost)
> According to dataflow mapping and essential add terms in weights
OUse genetic algorithm to minimize the cost
> Obtain fairly balanced PEs under certain output channel order

M oo L0

PE-0O0 | PE-O1 | PE-02 PE-OO0 | PE-O1 | PE-02
PE-10 | PE-11 | PE-12 PE-10 | PE-11 | PE-12

Oifch Oifsh DOEER el et Outeh  OGteh
Utc Utc utc :> utc Uutc Uutc

#0O #1 #2 #0O #17 H8

A

cycle
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FPAP: Energy-Quality Scalable CNNs

*Experimental Results o |
#Folded architecture achieves low power and Array Size/#MAC 8x32/256
small area (<30mW/2.13mm?2 under 28nm) Technology TSMC 28nm
Area 2.13mm?

#The throughput/energy efficiency scales up as
data precision or computational precision
decreases

& The equivalent throughput of FPAP is much
higher than its peak throughput because all
redundancies are eliminated

Max. Frequency

Peak Throughput

Power
Benchmark
Equivalent Throughput
Energy Efficiency

1GHz
32GOP/s(16b)-256GOP/s(2b)

<30mW
VGG-16
108.86GOP/s-349.6GOP/s
7.68TOP/s/W-23.63TOP/s/W
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Soft-Guided Adaptively-Dropped NNs

® Background

& The remarkable accuracy of DNNs comes at the expense of huge
computational cost.

® A novel soft-guided adaptively-dropped neural network is
proposed to reduce the input-specific redundant computations.

® Overview of the Adaptive Dropping Mechanism:

convs } I_ convs 3 |— convs %_’ :

¢/ \L/

Soft - Discrete

Guidelines Masks

|
. ;drop lkeep ] ldrop i
/y/ * I_ Convs * 7 /A ,é_, |
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Soft-Guided Adaptively-Dropped NNs

® Network Structure Description

. & |
SGNet [~ - Sideies Seal
™"~ BMNet

% //%% |—> convs j\ |—-V/// //%1

& Contains normal ResNet, BMNet, and SGNet

& BMNet - binary mask network
> Decide which blocks of ResNet should be used for a specific input
> Introduce less than 1% computation overhead

& SGNet — soft guideline network

> Guide the BMNet to learn the adaptive dropping behavior during the
training phase

> Can be removed during the inference phase
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Soft-Guided Adaptively-Dropped NNs

® Experimental Results
& Reduced 76.6% FLOPs with ~0.8% accuracy loss on CIFAR-10

——SACT  —#—SGAD BlockDrop —¢—SACT - —#—SGAD BlockDrop

—#— SkipNet —@— ACT =¥ SkipNet —@— ACT

94.5 76
94 74 g
—~93.5
&\O/ ;\; " /
93 =
g g™ /
92.5 é
o 68
O 92 8
O O
<915 < 66
91 64
90.5 62
0 100 200 300 400 500 0 100 200 300 400 500
FLOPS(M) FLOPS(M)

® SGAD outperforms prior works on CIFAR-10/CIFAR100

& 1.5-3.0X speedup on CPU during inference
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Efficient Hardware Architecture for LSTM

® Long-Short Term Memory (LSTM) Model

@ LSTM is a powerful modeling method for sequential tasks

¢ Widely used in speech recognition/translation/video analysis etc.

@ LSTM inference is computation intensive and requires lots of DRAM access
® Require dedicated hardware architectures for embedded applications
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Efficient Hardware Architecture for LSTM

e Hardware-Oriented Compression for LSTM

e Efficient Architecture Design for LSTM
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Hardware-Oriented Compression for LSTM

®Reduce Memory Footprint with Hardware-Efficient Schemes
@ Structured weight pruning (grouping + top-k pruning)
OEliminate the load-imbalance problem during hardware design

CExplore sparsity diversity in different weight matrices
> (8,3) top-k pruning example:

_ | | W w/ W e W
it = oc(Wixe + Wieh + b") | o - " PR
: e J hitt—1 ! | Ui2 [ 0.5 | []/',6 | 0.1 053 0.2 BOCH 0.3 0.2/ 0.9 0.5 0.1 BOF Ofl- 0.9 Oiﬁ
S X7 P / ."Tf < __—-/‘-:-. 1 1 -‘::M‘-.. ~

I = a(W xf.i.t + W i he 1 + E}f)__ ‘L - weight grouping “u a 1
0 = o (W2xy + WPhy_1 + b°), 0270610300 1[0210:500:700:9] (0.5/0.1/02[03 0.9/0.1 04 0.6
T tax 1 (II*C . _|_ IiTC}' _|_ bc * tOp—k pruning +

6 = IR i et rltt—1 ): 0 06 0 0/0 0 0709 (050/0/0 09 0 0 06
ct = ft © ct—1 + % © Gy, # \\4 xh“m recovered to its original form ‘/,/ b// <
hy = oy ® t.allh(ct). g0 0506 O |[_ O 0 ol o o8 0.9 D 0| 0.7 00906
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Hardware-Oriented Compression for LSTM

Reduce Memory Footprint with Hardware-Efficient Schemes
¢ Clipped gating: enable sparse activations

» Clipped sigmoid function in output gate for zero activations

op =o(Wlx, + WPh, 1 1+ b°%), output gate
B glz) abelim) =1, F,oe|0,1)

Tetip(®) = { 0 otherwise.

hy = 0; © tanh(c;). hidden state

» Extra regularizer on loss function to control the expected activation sparsity

RBs — As; -max{0, S, — S, }, S. [0,1)
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Hardware-Oriented Compression for LSTM

e Reduce Memory Footprint with Hardware-Efficient Schemes

¢ (Multiply-free) Log-domain quantization for weight matrices

Iog2 quantizer
— :

" 3000 T | B 1 O
LDEQHI.—I[ II ) 2500 | i i : i ! -- boundaries
: 0 = o—f o R L
=2 o o R . o S L T R ] poscsed |
1000 ¢ : i
500 ! | | ! -
- - - - - O
¢ Linear quantization for activations o2z ©01 o0 01 o2
Weight Values
E. H. Lee et al., "LogNet: Energy-efficient neural networks using logarithmic
0 1 i = computation," 20717 ICASSP
[01[16]/08[01] Go Gy Go Gy [0 1. 759079 © |
L 0 |05]|-10] O =
|_—"
0104|0806 025 0 0 |20 0.3]-1.0
oglo3|0s5]|07 ><Glu G.T OF G =—b 0.5
2 g ] ’
02 e Ie 10| 0 05|05 A Simple Case Study
02106|00|01—f 0 |D5]| O 0 0.5
PEQO PEI
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Hardware-Oriented Compression for LSTM

e Experimental Results: (16,2) pruning + 4-bit non-zero wei&idx
¢ Language Modeling on Penn Treebank (PTB) Corpus

: perplexity sparsity e . . o
maodel layer valid | test —¥am [ Bast | P quan-type e Top model-sizes*
baseline — 76.35 73.61 — — — — — — 25.0MB
R N LSTMO 70.3% 53.0% 87.5% LogCly1, 5 32.0 20.9 400K B
compressed. yerprr | 00 | T eape BT A% [ ETES | oD s | 320 | 167 A00KB
full compressed model, hidden size n = 640 I  32.0 | I85 |) BOOKB
IIS (Wen et al.. arXiv, 2017), hidden size n = 1500 9.8 | 9.8 | .-

¢ Phoneme speech recognition on TIMIT Dataset

Model Cnfj:nprcssunn :’:{atm H#parameters Model Size PER (Degradation)
5 L) &)

baseline 1< 1 30.33MB 23 . 45%

MOQ+CG, 4-bit gquantized A 2. 53 x 7T.58M 301IMB 23.01%
HOCA (MQ+CG+TEKP) d 32 x 21.62x ) 6o07KB 24.75% (1.30%%)

C-LSTM (Wang er al., ACM, 2018), baseline | 1x | 13 8.01M 32.04MB 24.15%
C-LSTM. block size=16,16-bit quantized | 29.12x | 3.70 > | 0.55M 1.1MB 25.48% (1.33%)

ESE (Han et al., ACM, 2017), baseline | 1 | 1 ¢ 8 01M 32.04MB 20.4%
ESE, compressed | 20 = | 10> ) : = 20.7% (0.30%%)

MQ:mixed quantization, CG: clipped gating, TKP: top-k£ pruning 54
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E-LSTM: An Efficient Hw Arch for LSTM

e Hardware-Oriented Compression for LSTM

e Efficient Architecture Design for LSTM
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e Efficient Hardware Architecture

e Rearrangement of the Computation Process

¢ Decouple recurrent/non-recurrent part
- explore weight reuse

7S Sa me com putatlon pattern Algorithm 2 Pseudocode of processing a cascade ol L LSTM
lavers. (E-LS3TM)
- hardware reuse Input: =y, ..., o1
Output: A bl ... «hE
Algorithm 1 Pseudocode of processing a cascade of L LSTM 1: Forll =110 [ do J
layers. (Original method) > for t = 1
Input: ry, xa.....>o70 i = 1 then >
Output: fip. hi, ----"Ii'%' 4: Zy = Woarrttas. (*)
1: for! =1 to L do 5. else
& for ¢ — 1t -du 6 By = |-1-"_i - hi_f + bias'
3 itf =1 then - T end if
4. Parwrre = W ooy -V < e bist . end for
5 else - _— 4 ; o e o c@ 1toT do >
£ pswrre = W o -"J,- + ¥ o "I".' 1+ bices — - ’ :
.. end if 4 paure = Wi R -I— Ly _l.””‘:l
8: £e. fe.0p, 6 = Fune(psim) L1: -"-:I~_|".-1H:={"- = J"-!rn:'{;rm'-uu}
0 of = ¥ - G + f --e":__l 12 ':.'Il = i - + fr f"r--':
B J'.l|r. — gy - tanh{cl) 13 iy = o ":""'r"'r”:."h':'.l
11: end For 4 end for
12: end for 15 end for
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e Efficient Hardware Architecture

e Rearrangement of the Computation Process

¢ Alleviate DDR transfer burden

. Load W’ | Load W, Idle > | Load W,
Memory Access | >| (Time = ﬂ (Time = 1)
Data Computation *I W .X, L/+ Wﬂ.h I | W“-xz | W‘Lﬂ .hll IW;D'XTI F,ﬂﬂ.hr] ;%,-

Original process

0 i) 3 — . ) y - =
Memory Access I Load W, ’| Load W, (Time = T) )! Load W for next layer (Time T))}|
1 i ﬁ i 0 =) 0
TSN I—i;”’l i -.x1| I A I W0 ex,| i];t:'l W 'hal Wy by | - iy II
h

x

Our process
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e Efficient Hardware Architecture

e Overall Architecture for Batch Processing

< s T tha Bus - >

BRAM WRAMO|[WRAM1 forsit

b' Wx W:f

ias \¢ i ¢/ Xy~ FSM Controller
| | channel B-1
+ channel O]
: , ActRAM| | CRAM

? Computing Units (CUSs) .xz/hr—l ] fh; cﬁ*cr"

i1
PRAM [PV PE[-[PE] [PE] [PE] P28 lement-Wise Unit (EWU)
I

¢ The bandwidth requirement can be reduced by T times due to the increased time budget for
memory fetching in the rearranged computation process.

o8



NANITING
UNIVERSITY

Efficient Hardware Architecture for LSTM

e Efficient LSTM Hardware Architecture
# Efficient model compression algorithm => 32X compression ration

NV N
¢ Compared to ESE ((RERIFY) ["ESE. Song Han | E-LSTM (Ours)
. LSTM Model Google LSTM Vanilla LSTM
062X reduced DSP slices FParameters(M) 755 103
Wei.& Act. antiza- | 16-bits 8-bits
01546X reduced LUTRAM st b *
Sparsity 11.2% 12.5%
L12X reduced BRAM Wei.  Compression | 20x 32x
O5X energy efficiency Ratio
Evaluation Platform Xilinx KUO60 | Intel Arrial0 SX660
Clock Frequency 200MH=z
Batch_size/#PEs per | 32/32 8/128
Batch
Resource Utilization 293920LUT, 221021LUT (304315LUD){T,
453068FF, 157077FF (193252FF),
947BRAM. 15665408 Block Mem Bits
69939LUTRAM.| (454.5BRAM),
1504DSP 128LUTRAM(128LUTRAM),
24DSP (24DSP)
Power{'W) 41 8.6
Latency(us) 82.7 33.3¢%
Throughput(GOP/s) 282.2 2822
Energy 6.88 3281
Efficiency(GOP/(s-W)) 59




Part V: Conclusions
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Conclusions

® VLS| optimization for signal processing systems can bring
drastic improvement on power or speed in modern IC design

® DNNs are fundamental for deep learning

e Efficient implementation of DNNs is highly desired for practical
applications
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