M=IG

MACRONIX
INTERNATIONAL Co., LTD.

<
ISHE[ A‘SQ

‘o 1931 %>

RAM: Exploiting Restrained and Approximate
Management for Enabling Neural Network Training
on NVM-based Systems

Chien-Chung Ho, Wei-Chen Wang, Szu-Yu Chen, Yung-Chun Li,
Kun-Chi Chiang

2022/4/12



Outline

Introduction
Background and Motivation

RAM: NVM-iriendly Restrained and Approximate
Management Design

— NVM-aware FFT Convolution
— Sparsity-aware Convolution
— Lossy Updating Wear Leveling Strategy

Experimental Results

Conclusion



Trend of NN over NVM-based System

* Neural network (NN) has been widely used in many applications

— Higher accuracy, but consumes lots of time to train the network

* The size of NN model keeps growing. It could result in the increasing
need on DRAM capacity and cause design issues
— High unit cost
— Low density
— Huge leakage power

* Recently, NVM is regarded as a promising solution to replace DRAM
— High density
— Short read latency
— Nearly-zero leakage power



» There are two overheads in CNN

* Example: VGG-16 [2]

Layer Height Weight Kernel

input
conv1
conv2
conv3
conv4
convd
fc1
fc2
fc3

224
224
112
56
28
14

1

1

1

224
224
112
56
28
14

1

1
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3*3
3*3
3*3
3*3
3*3
1
1
1

computation

Depth

3

64
128
256
512
512
4096
4096
100

Bulk of

The Overheads in CNN

FLOP/s Feature map Parameters

97.3% 96.6%
1.94E+09 7,225,344 38,592
2.77E+09 3,612,672 221,184
4.62E+09 1,404,928 1,474,560
4.62E+09 1,304,576 5,898,240
1.39E+09 326,144 7,077,888
4.11E+08 - -
1.68E+07 - -
4.10E+05 - -

[2] K. Simonyan and A. Zisserman. Very deep convolutional networks for large-scale image recognition. Int. Conf. on Learning Representations, San Diego, CA, 2015

Memory
overhead



Three Ways of Convolution

* Direct Convolution : relatively slow

* Image to column (Im2col) Convolution: some well-known frameworks use it

* Fast Fourier transform (FFT) Convolution : one of the fast convolutions

* Direct convolution is relatively slow and inefficient

input (6x6
put (6x6) kernel (3x3) feature map (4x4)
—>|1]|0(0j0]|0]1
—>|0f1]0j0|1(0 11111 31-1[-3]1
>|ofof1]1|of0 *_11_1 — -311(0]-3
1|{ofofo]1]0 EIEIE 3|-3|0|1
of1|0|0(1{o0 31-21-2[-1
ofo|1|o0(1f{o

Read a 3x3 input needs three sequential read

[8] S. A. Howard and R. L. Snyder. 1989. The Use of Direct Convolution Products in Profile and Pattern Fitting Algorithms. I. Development of Algorithms. Journal of Applied Crystallography 22, 3
(1989), 238-243.



Im2col Convolution

o|jlo|r|]O|O|
o|lr|O]J]O| | O
mrlOo|lOo]lr]|O| O
ojlo|lo]|lr]|O| O

Rrlr|r|lo|lr~r]|o

o|jlo|o|l]o|o|

Im2col allows CPU to read data sequentially, it cause the problem of memory
overhead
Im2col convolution has redundant 1
data in the input feature map matrix 119]0[9]1]0]00]1 -1
ofo|o[1]o]ofo[1]1 i N FIEIE
Computation — Number of Multiplications : % [1] = 212100
~9x 16 =144 ' 1 it BE
1 3(-21-2(-1
Memory Consumption ol1{o|o|1|olo]1]0 o
=144+9+16=169 16x9 1] 9x1

[29] A. Vasudevan, A. Anderson, and D. Gregg. 2017. Parallel Multi Channel Convolution Using General Matrix Multiplication. In 2017 IEEE 28th International Conference on Application-specific Systems,
Architectures and Processors (ASAP).




FFT Convolution

 FFT Convolution is one of the fast convolutions with low time complexity

* We need to pad kernel to the same size of FFT input

* Memory Consumption

Revised input

=9+16+16x2+16x2+16x2+16=137

input (6x6)
(4x4)
1]o]o]ofo[1
ofl1{oo]1]0 1/o0f0]1
olo[z[1]o]o0 s [0]1]1]0
1lolofo[1]0 olofof1
ofi1{ofo]1]o| Extract [1]o0[1
oflo[1[o1]0
AR 1[-1[-1]0
T s
1]-1)1] Padding olololo
Kernel Zero Revised
(3x3) kernel (4x4)

FFT

FFT Input
(4x4x2)

FFT kernel
(4x4x2)

Element-wise
Multiplication

FFT feature
map (4x4x2)

[J spatial domain

frequency domain

feature map

(4x4)
3(-1]-3|-1
Inverse) 310013
FFT -3(-3({0 |1
3|-2|-2]-1

[28] N. Vasilache, J. Johnson, M. Mathieu, S. Chintala, S. Piantino, and Y. LeCun. 2014. Fast ConvolutionalNets With fbfft: A GPU Performance Evaluation. arXiv preprint arXiv:1412.7580 (2014).
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FFT input FFT kernel FFT feature map
i k| k|k|k flf|f|f
PLififi ® k| k|k|k — flf|f|f
PLififi k| k|k|k flf|f|f
Plififi l k| k|k|k flf|f]|f

Element-wise
Multiplication

* Number of Multiplications on complex numbers

e Complex number multiplication requires 3 times of real multiplications
=4 x 4 x 3 =48 for single FFT input

* But the memory consumption of FFT still less than Im2Col approaches.
* The computation ability is better than Im2Col

* Problem :
« Edge input may be discarded - accuracy may decrease slightly

FFT input

input image (6x6) (4x4x2)
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Problem on PCM with NN training

* The bit-flip accumulation is not evenly distributed in the training process

60

. ”

o

Bit address

1
76
151
226
301
376
451
526
601
676
751
826
901
976
051
11126
101
1%6
13%1
1426
150
157
1651
1726
1801
1876 &
195
202
21qQ1
21716
22p1
2326
2401
76
551
626
701
2776
2851
2926
3001
3076
3151
3226
3301
3376
3451

]
o

31
37
43
49
55
61
67
73
79

# of bit-flip

1

7
13
19
25
85
91
97
103
109
115
121
127
133
139
145
151
157
163
169
175
181
187
193
199
205
211
217
223
229
235
241
247
253

» To sum up, while replacing DRAM with PCM and combining it with FFT
convolution will speed up computation and save energy, but it will also result in
memory redundant writes and uneven memory writes

» Therefore, the goal of our mechanism is to reduce the damage to memory and
increase the lifetime of memory R



Memory overhead of padding zero

* FFT Convolution must padding input and kernel to the same size

Input Image Revised Input FFT Input FFT length must
(28x28) (512) (512x2) ===== =7 be power of 2
— S 5 | FFT Feature Map
512x2
Extract FFT \ ( )
Wi Inverse
Elerr_ler]t w_|se :
Revised Kernel FET Kerne| Multiplication FFT
Kernel (512) (512x2)
(5'5) /
—_— — 5 .
Padding FET
Zero

“\> Expand to 512
Pad 487 zero
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NVM-aware FFT Convolution

* Split input into small size that is close to the kernel size

Revised Input FFT Input
Input(28x28) (8x8x9) (8x8x9x2)
Extract FFT, =i FFT Feature Map Feature Map
. - - - (8x8x9x2) (24x24)
T ] Inverse
Element-wise e
Kernel Revised Kernel EET kerne| Multiplication FFT
(5x5) (8x8) erne
Padding FFT  (8x8x2) /
> —_—
Zero |
‘\~> Expand to 64
Pad 39 zero

» Kernels don’t need to expand to be as large as original image

» The more kernels in network, the more memory we save
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Symmetric of FFT

» After doing fast Fourier transform, the data are symmetric
— Region 1 and Region 2 are symmetric

Region 1 Region 2
— Region 3 and Region 4 are symmetric H llﬂﬁ\ S =
— Region 5 and Region 6 are symmetric m \,]," 9) (wi2-1,0
S T +
'3 NG .
. . . o 81(0,3)1 Reglon Sig
» In particular, the data in the odd region o TSNS
would be a symmetric complex conjugate D \\.\
to the corresponding data in the even < B NS
region, and vice versa. i
§ ®(0,h+2-5) N
: g th+2-1,w+2-7)
» Actually, we just need to store almost half Region 6
of the data after input/kernel data are neeton.

transferred into frequency domain. Data after FFT



RELU[ZZ] R(x) = max(0,x)

Sparsity-aware Convolution -/

-10 0 10

ﬂ' Input

> e Inverse RELU
Original L i Z i 51 \ 0[-4]9(-4 FFT 4{-2]1]s5 4lof1]s
- 2[2]-84 1[3]7]2 o[3]7]o
Process FFT G) 10[-5] 9 -5 ﬁ 3[8]2]-4 % 3[8]2]o
s FFf ~7 bGiee
Kernel SEIEE
FFT Output Output Output
2[1]-4]2
FFT Kernel

* To reduce the number of multiplications, we shift RELU before element-wise multiplication

ﬂ-r Input Sparse FFT Input

AEIEE 0Jofs]o Inverse
1|-112|4 110124
Modified Input > BB >2535\0090 FFT [2]oJo]5
14211 1[af2]o >Tololz o[3]7]o
Process FFT RELU ©) o[olsTo] =2 [3[3[0[0
of[4]3]4 0434/2400 ofo]9fo
q 21-2|-411 ﬁ 2l1o0]l0|1
Kernel HEIEE FARED Sparse FFT Output
2|1]-4]-2 ,” 2|1]ofo Output
U4
FFT Kernel vl Sparse FFT Kernel
[22] V. Nair and G. E. Hinton. 2010. Rectified Linear Units Improve Restricted H H H 13
Boltzmann Machines. In Proceedings of the 27th international conference on machine MUItIpIIcatlon Of Zero WOUId nOt have to be comPUted

learning (ICML-10). 807-814.



Lossy Updating Wear Leveling Strategy

Sign Exponent Mantissa

* The last bits are less important

* Training inherently tolerates some weight loss last 8 bits

» Last 8 bits write one time only, and stop update — reduce bit flip — enhance lifetime

A Block; (contains all kernel data) Block,,,
° - — - ——
v a r -
b4 - — — — — — — | —wcT
© — m : . !
25 L i _L_|F-sl---3 #BitFlip 2 WCT, Trigger LUWL
= S ------ ' il Move all the kernel data to next block . .
o® i § Physical
& = - Address
>
N
o
v Qa : =
sl L e R — - WCT
- L m i m :
S+ i }
it TR H R .
oL u L Physical
- ; = ] Address
-~
T T ) T \ \ \ \ e
\ \ \ \ \ \ \ \
\ \ \ \ \ \ \ \
\ \ \ \ \ \ \ \ . . .
[ S W v v v\ When Block, is reassigned due to the round-robin manner,
VoV PR \| it restores all the kernel data by shifting them n bits forward
.8 Q. ! - ; ‘i :-l- - _!_.: g=!=<‘;
=d - — — —_———— -t —— e — — — — — — —|— - WCT
gn a s F
e | aEn
S8 i ; | . Physical
& = == = Address
>
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[9] B. Yang, J. Lee, J. Kim, J. Cho, S. Lee and B. Yu, "A Low Power Phase-Change Random Access Memory using a Data-Comparison Write Scheme," 2007
IEEFE International Symposium on Circuits and Systems, New Orleans, LA, 2007, pp. 3014-3017



Experimental Setup

» FFT : conventional FFT convolution method
» NVFFT : NVM-aware FFT convolution method

» NVFFT-SA : NVFFT with the proposed sparsity-aware FFT
convolution policy

» LUWL : Lossy Updating Wear Leveling Strategy

* The parameters and setups of two investigated neural networks
which i1s LeNet and CifarNet.
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Experimental Setup (cont’d.)

* The configurations of evaluated of PCM-based and DRAM-based
main memory

PCM-based main memory [17]

Read latency 48ns Read energy 2p]J/bit
SET latency 150ns SET energy 13.5p]/bit
RESET latency | 40ns RESET energy | 19.2p]/bit
Endurance 10°

DRAM-based main memory [12]
Read latency 30ns Read energy 4.4p]J/bit
Write latency 30ns Write energy 5.5p]/bit
Endurance 10'°

[17] Benjamin C. Lee, Engin Ipek, Onur Mutlu, and Doug Burger. 2009. Architecting phase change memory as a scalable dram alternative. SIGARCH Comput. Archit. News 37, 3 (June 2009), 2-13.
DOI: https://doi.org/10.1145/1555815.1555758

[12] H. A. Khouzani, C. Yang and Jingtong Hu, “Improving performance and lifetime of DRAM-PCM hybrid main memory through a proactive page allocation strategy,” The 20th Asia and South
Pacific Design Automation Conference, Chiba, 2015, pp. 508-513. doi: 10.1109/ASPDAC.2015.7059057



Result — Execution Time

* Our proposed RAM design can effectively get 1.96x and 7.69x

acceleration on LeNet and CifarNet, compared to the conventional
FFT approach

FFT W NVFFT B NVFFT-SA

AV =
® v B UT NN UT W

Execution Time
(Step/sec)

LeNet CifarNet
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Memory Consumption

* Our proposed RAM design decreases a large number of
redundant writes by minimizing the padding overhead and
exploiting the symmetric data property in the FFT convolution
process

FFT ®m NVFFT mNVFFT-SA
S 1.40E+05
E 1.20E+05
g,‘; 1.00E+05 65%
L U 8.00E+04
S 2 6.00E+04
> 4.00E+04 ’ %
2  2.00E+04 I I AN
S 0.00E+00 - .
LeNet CifarNet
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Reduction of Bit Flip in Kernel

» the bit-flip number of RAM approach can be decreased by up to 98%

» Our proposed RAM design reduce bit flip by minimizing the padding
overhead and programming insignificant data approximately

FFT u NVFFT B NVFFT-SA

1.20E+07
& 1.00E+07
Q -
At 8.00E+06
L. r~
o E 6.00E+06
NS
(a0 3 4 .00E+06
< 2 .00E+06
0 .00E+00 R — o =

LeNet CifarNet
19



The Comparison of Lifetime

e Lifetime : The time from “starting using memory” to “any memory cell being worn out”
*  Write cycle : A set and a reset
* Endurance (Write cycle) : The number of cycles that a cell can be written

W NVFFT-SA B NVFFT-SA+LUWL

2.5
Onj:y\de 2 x2.37 x2.17
A ~N 2w
3 | Reset o ﬂ 1.5
a | + S
— )
2 “ 9 1
.20 or-
n Set _ (a'4
R
Read Read 0.5
1 ] 1 ] >
Time 5]

LeNet CifarNet
20



Result - Energy

Our proposed RAM design on PCM-based system could significantly decrease the
number of redundant writes

Comparing to the conventional FFT approach on DRAM-based system, we find
that the energy consumption of our proposed RAM design on PCM-based system
can be remarkably reduced by up to 87% and 97% on LeNet and CifarNet

. 20E+09 DRAM-FFT
.00E+09  EPCM-FFT

B PCM-NVFFT

B PCM-NVFFT-SA

. O0E+08

. O0E+08

. O0E+08
. OOE+00 l — -

LeNet CifarNet

Energy Consumption
(pJ)

1
1
3
6.00E+08
4
2
%)
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Result — Top-5 Testing Accuracy

The validation accuracy of our proposed RAM design decreases less than 2%

Since the data operated in FFT approach has to be the power of 2, our proposed
NVFFT design partitions the data into small pieces for FFT convolution, and thus
there are less data needed to be discarded

FFT B NVFFT B NVFFT-SA

100

(o]
(o]

96
94
92
) I
88

LeNet CifarNet

Top-5 Testing
Accuracy(%)
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Conclusion

This work is motivated by the dilemma of training neural networks on conventional
DRAM-based platforms due to DRAM’s leakage-power and low-density problems.

In this work, we propose NVM friendly restrained and approximate managements to
enable training neural networks on NVM-based edge devices.

— NVM-aware FFT convolution policy reduce memory redundant writes caused by
kernel padding in FFT convolution

— Sparsity-aware FFT convolution policy reduce the number of multiplications to
enhance performance

— Lossy updating wear leveling policy reduces bit flip effectively and solves the
problem of uneven distribution of bit flip caused by training FFT convolution

The experiment results show that our proposed RAM design significantly accelerates
the execution time of training neural networks by up to 7.69x and enhances the
endurance by up to 2.38x
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Question & Answer

Thanks for your attention

24



