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Recurrent Neural Networks and LSTM

“straw” “hat” END

START “straw” “hat”

speech recognition . .
image caption

Google ~y
3 Translate >m -
machine translation visual question answering

Compression Acceleration Regularization Stanford University



Speech Recognition

- G ip? Let us know. llowUs f B ¥ & F in 3 2\
By tews Vo Bens+ crunchsase

CRUNCHBOARD rost Your Job With TechCrunch And Reach 19M TC Readers Post Your Job Today! }

CRUNCH NETWORK

- Google, Baidu and the race for an edge in the global
speech recognition market

¢ [elin s [S]w]=]r
Stanford | News

Daniel Faggella (@adanfaggella

o

Home Find Stories For Journalists Contact

AUGUST 24, 2016

Smartphone speech recognition can write text
messages three times faster than human typing

Smartphone speech recognition software is not only three times faster than human typists, it's also more accurate. The
researchers hope the revelation spurs the development of innovative applications of speech recognition technology.

Voice Recognition faster by three times
than typing on mobile

Stanford University



Machine Translation

TH= STACK NEWS | PARTNERS | EDUCATION | MAGAZINE | ABOUT US

WORLD

Google announces Neural Machine
Translation i 2 e [ (e 2 3

Nicky Cappella

CRUNCHBOARD Prost Your Job With TechCrunch And Reach 19M TC Readers Post Your Job Today! )

> Google unleashes deep learning tech on language with
Neural Machine Translation

Devin Coldewey

Wlin |3 & o] r
Google is using Neural Networks for
Chinese to English machine

Google
transiation Eh Translate

Stanford University




Image Caption

Adult male : :
A group of people weating sunglasses The sun is setting over
& |that are sitting next |, . the ocean and

lying down on :

to each other. mountains. ‘ ,
black pavement. : n lavi The bov g ball
. . /A man playing e boy is soccer ball is |
. . . A black frisbee < : ‘Two balls and a
o [Having a good time |[M] got exhausted Sk.y .111um1nated with a o — soccer outside of | throwing a over a rpof bx | Me—
7 [Sondini snd talling: v the Geat brilliance of gold and = i ofla ordl white house soccer ball by, frisbee in a rain | P —
g i i orange hues. | P ) V__%'v‘vith ared door. | the red door. | gutter. P :

| A roof top A man is standmg Amanisin | Ablue and white

with ablack linthegrassin | the frontof | soccer ball and Two soccer balls

Figure 1: Example language difference between descrip-

tions for images in isolation (DII) vs. stories for images g frisbee laying |front of the house the house | black Frisbee arcfs’:’tfl: F;s:’:e :;e
in sequence (SIS) on the top of kicking a soccer |throwinga | ontheedgeof | the rogo fto P
)  the edge of it. |ball. soccer ball up, the rooftop. | P-
A discus got 1Wh¥ nqt ny It didn't work so i’Now RGN
@ getting itdown | Up the soccer : 'soccer ball, and
7 stuckupon 7. we tried a volley |
B iool ;thh a soccer ball goes. ball. ‘volleyball are all
, ‘ball? 'stuck on the roof.

Figure 4: Example descriptions of images in isolation
(DII); descriptions of images in sequence (DIS); and sto-
ries of images in sequence (SIS).

Stanford University

Huang et al. “Visual Storytelling”



http://vga.daylen.com
which country is the flag of?  what is behind him” what is the color of his hair?

usa (0.72) flag (0.42) blonde (0.63)
united states (0.13) curtain (0.32) gray (0.18)
america (0.03) flags (0.22) red (0.09)
canada (0.02) curtains (0.01) brown (0.08)
us (0.02) chair (0.01) white (0.01)
~

A N .

Took 0.267 sec Took 0.266 sec Took 0.265 sec

Stanford University



Recurrent Neural Network

one to one one to many many to one many to many many to many
! tt 1 ! Pt 1 Pt 1

! ! Pt Pt Pt
MLP image sentiment machine speech
caption analysis translation recognition

Stanford ¢s231n lecture notes

Stanford University



Comparing CNN /LSTM

 CNN: weights shared in space

« RNN/LSTM: weights shared in time

* => Produces complicated data dependency

* => Making parallelization ditficult

Stanford University



I |
Input | |
I |
153 ' '
I | |
LSTM | |
I I
512 : '
! | |
LSTM | |
I |
512 1L : |
I |
FC | :
: I |
6294\£ : |
I |
Softmax : recurrent I
6294$ i L l " i
Output i projection :
____________________________ |
+ ¥
output

Stanford University



Models are Getting Larger

SPEECH RECOGNITION

10X

Training Ops

465 GFLOP
12,000 hrs of Data
~5% Error
80 GFLOP
7,000 hrs of Data
~8% Error
2014 2015
Deep Speech 1 Deep Speech 2

F ]
Bai&EE

Stanford University



We Need more Computation

But Moore's law Is no longer
oroviding more compute...

Stanford University



Improve the Efficiency of Deep Learning
by Algorithm-Hardware Co-Design

Stanford University



Conventional Paradigm

]

Training

Inference

Stanford University



Conventional Paradigm

Training

Inference

Stanford University



Proposed Paradigm

Conventional

Proposed

Model

Trainin _
J Compression

, Fast Power
Han et al ICLR17 Han et al ISCA16 Efficient

Han et al FPGA17

Han et al NIPS’15 (best paper award)

Han et al ICLR’16
(best paper award)

Stanford University



Agenda

 Compression @

L oad Balance-Aware Pruning Compression

Pruning
Quantization

* Scheduling
Overlap Computation and Memory Reference

* Accelerated Inference D
—fficient Architecture for Sparse LSTM

Accelerated
Inference

e Results
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« Compression
Load Balance-Aware Pruning

Compression Stanford University



Pruning Review

before pruning after pruning

pruning
synapses

-_— e ==

pruning
- ——3
neurons

Han et al. Learning both Weights and Connections for Efficient Neural Networks, NIPS’15

Compression Stanford University



Pruning Lead to Load Imbalance

PEQ /Wo,o Wo1| O Wo,3\
PE1 O| O (wiz| O

PE?2 0 (W21 O (W23
PE3 O|0(0]O
O | O [W42(Was3
Wsol O | O] O

Wso| O | O [Ws;3
\ O |[wz1] O | O )

Compression Stanford University



Pruning Lead to Load Imbalance

PEO /(Woyg
PE1
PE?2
PE3

Compression Stanford University



Pruning Lead to Load Imbalance

PEO /(Woyg
PE1
PE?2
PE3

Compression Stanford University



Pruning Lead to Load Imbalance

PEO ((WodWog) O [Wog)\
PFE1 O] O [wize| O
PFE?2 0O |W21| O |Wa23
PE3 O]l 0| 0|O0
0| 0
Wsol O | O] O
Wsol O | O |Ws3

@ Unbalanced

PEOQ O cycles
PE1 2 cycles
PE?2 4 cycles
PE3 1 cycle
Overall: 5 cycles

Compression Stanford University



Load Balance Aware Pruning

PEQ / \ PEQ
PE1 PE1
PE?2 PE?2 0O [Wz21| O |W2g3
PE3 PE3
\ ) \ 0O (w71 O W7,3)
#=/) Unbalanced
PEQ o cycles
PE1 2 cycles
PE?2 4 cycles
PE3 1 cycle

Overall: 5 cycles

Compression Stanford University



Load Balance Aware Pruning

PEOQ / \ PEQ /Wo,o 0|0 Wo,3\
PE1 PE1
PE?2 PE?2 O [Wz21| O [W2g3
PE3 PE3 | [ 00 (Wsg) O
0|0 |wsz| O
Weol O | O | O
\ J \[o w0 s/
**) Unbalanced
PEQ o cycles
PE1 2 cycles
PE?2 4 cycles
PE3 1 cycle

Overall: 5 cycles

Compression Stanford University



Load Balance Aware Pruning

PEO { \ PE0 ((Weg) 010 fiwod))
PE1 PE1 0| 0 (wigl O
PE?2 PE?2 0 (Wz21| O (W23
PES3 PE3 || 0] 0 (ws) O
0|0 (W O
Wsol O | O |Wsg3
Weol O | O | O
\ / \[0 fw-) 0 (w3)/
**/) Unbalanced o “:;'\ . Balanced
PEOQ 5 cycles PEOQ 3 cycles
PFE1 2 cycles PFE1 3 cycles
PE?2 4 cycles PE?2 3 cycles
PE3 1 cycle PE3 3 cycles
Overall: 5 cycles Overall: 3 cycles

Compression Stanford University



Phone Error Rate

28.0%

26.5%

25.0%

23.5%

22.0%

20.5%

19.0%

Accuracy vs Sparsity

O without load balance

sweet
spot

0%

10%

20%

30% 40% 50% 60% 70% 80%

Parameters Pruned Away

90% 100%

Stanford University



Accuracy vs Sparsity

O with load balance 4 without load balance
28.0% |

26.5%

25.0%

sweet
23.50/0 Spot

22.0%

Phone Error Rate

20.5% &

19.0%
0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

Parameters Pruned Away

Compression Stanford University



Weight Quantization

Networks WER

32bit floating original network | 20.3%
32bit floating pruned network | 20.7%
16bit fixed pruned network 20.7%

12bit fixed pruned network 20.7%
8bit fixed pruned network 84.5%

Stanford University
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FSM for LSTM

it = 0(Wizxt + Wirys—1 + Wicci—1 + b;) (1)
ft =0(Wieze + Werys—1 + Wyeci—1 + by) (2)
gt = o(Wegxs + Werys—1 + be) (3)
G = ftQCt—l + gt Qit (4)
0t = 0(Wozxt + Woryt—1 + Wocer + bo) (5)
me = 0t Q h(ct) (6)
Yt = Wymmy (7)

Scheduling Stanford University



Scheduling

it = 0(WizZt + Wirys—1 + Wicct—1 + b;) (1)
fe =oc(Wszxe + Werys—1 + Weeei—1 + by) (2)
MemOry gt — U(chmt + Wc'ryt—l + bc) (3)
spoMM Ct =ft®Ct—1 + gt Qit (4)
El ; O = U(Womxt + Woryt—l + Wocct + bo) (5)
-WISE
m¢ = Ot @ h(Ct) (6)
Yt = Wymmy (7)
) ) Wix fo ch Wir Wfr Wcr Wox Wor N/A Wym Wix
Data Fetch |9Td"p [p | P P P P P P NA P P
X bi Wic Wie bs be bo Woe N/A N/A X
) N, Wikt | Weexe | Woxt | Wiyt | Wrytr | Weayta Woxxt | WorYe1 NA NA Yt
Computation A==l : .
N/ N/A WicCt1 | WerCt1 it fi gt Ct | Woclt| hy | o | my N/A
STATE
Sparse matrix-vector multiplication by SpMV [:] Element-wise multiplication by ElemMul NA | Idle state
I:I Accumulate operations by Adder Tree Fetch data for the next operation

Scheduling Stanford University



Scheduling
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Scheduling
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Scheduling
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Challenges

 Online de-compression while computing
—Special purpose logic

« Computation becomes irregular
—Sparsity

* Parallelization becomes challenging
—Load balance

Acceleration Stanford University



Deal with Sparsity

vector Ao ai
Y W W
weight 10 = .2'3 _,.43 l
PEO 0 0 PEO 3 5% buf
PE1 | wio | O A A
PEO W3 o W2,1 2l
PE 1 0 0 .
V Y
PEO | wao | Was PE1 g buf
PE 1 0 0
PEO 0 0 W73
PE1 W7o 0

Stanford University



Hardware Architecture
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Speedup and Energy Efficiency

Plat. ESE on FPGA (ours) CPU GPU
Matrix |[Sparsity Compres.| Theoreti.| Real Total | Real Equ. | Equ. | Real Comput. |[Real Comput.

Matrix Size (%) Matrix | Comput. | Comput. |Operat. Perform. | Operat. Perform.| Time (us) Time (ps)

(Bytes)2 Time (ps)| Time (us)| (GOP) | (GOP/s) | (GOP) | (GOP/s) | Dense |Sparse| Dense|Sparse

W,e |1024x153| 11.7 | 18304 2.9 536 [0.0012 2186 | 0.010 | 1870.7

W, |1024x153| 11.7 | 18272 2.9 536 |0.0012 | 2182 | 0.010 | 1870.7 5

W 0oax 153l 118 | 18560 | 29 | 536 00012 2216 0010 [ 18707 | 15184°| 670.4 | 342 | 58.0

W,z |1024x153| 11.5 | 17984 2.8 536 |0.0012| 2147 | 0.010 | 1870.7

Wi, |1024x512] 113 | 59360 9.3 10.31 | 0.0038 | 368.5 | 0.034 | 3254.6

We, [1024x512| 115 | 60416 9.4 10.01 |0.0039 | 3863 | 0.034 | 3352.1 2

W 02ax312] 112 | 58880 | 92 | 989 00038 | 3812 | 0.034 | 33945 | 3225:0°|2288.0| 813 | 166.0

W, |1024%x512] 11.5 | 60128 9.4 10.04 | 0.0038 | 383.5 | 0.034 | 3343.7

Wym |512x1024] 10.0 | 52416 82 | 661 0.0034 | 2142 | 0.034 | 2142.7 | 12739 | 6 181 634

Total | 3248128 | 11.2 | 364320 | 57.0 | 827 [0.0233| 2822 | 0.208 | 2515.7 6017.3

_ Dense Sparse Dense Sparse

Latency 82.7us 6017us 3569us 240us 287us

Power 41W 111W 38W 202W 136W
Performance 2.9x 0.039 0.067 1x 0.84

Energy Efficiency 14.3x 0.071 0.355 1x 1.25
Compression Ratio 20x 1 10 1X 10

Compression

Scheduling

Acceleration
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Wi, |1024x512] 113 | 59360 9.3 10.31 | 0.0038 | 368.5 | 0.034 | 3254.6
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Total | 3248128 | 11.2 | 364320 | 57.0 | 827 [0.0233| 2822 | 0.208 | 2515.7 6017.3

Compression Ratio

_ Dense ~ Sparse ~ Dense  Sparse

Latency 6017us 3569us 240us 287us

Power 111W 38W 202W 136W
Performance 0.039 0.067 1x 0.84
Energy Efficiency 0.071 0.355 1x 1.25

1 10

10 1X
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Speedup and Energy Efficiency

Plat. ESE on FPGA (ours) CPU GPU
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_ Dense Sparse

1518.4°| 670.4 | 34.2 | 58.0

3225.0%/2288.0| 81.3 | 166.0

Dense Sparse
Latency 82.7us 6017us 3569us 240us 287us
Power 41W 111W 38W 202W 136W
Performance 2.9x 0.039 0.067 1x 0.84
Energy Efficiency 14.3x 0.071 0.355 1x 1.25
Compression Ratio 20x 1 10 1X 10
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: Han et al ISCA16
Han etal ICLR7 Han et al FPGA'17
Han et al NIPS’15 (best paper award)
Han et al ICLR'16
(best paper award)

Compression Scheduling Acceleration Stanford University



