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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
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The Overheads in CNN

Layer Height Weight Kernel Depth FLOP/s Feature map Parameters

input 224 224 3
conv1 224 224 3*3 64 1.94E+09 7,225,344 38,592
conv2 112 112 3*3 128 2.77E+09 3,612,672 221,184
conv3 56 56 3*3 256 4.62E+09 1,404,928 1,474,560
conv4 28 28 3*3 512 4.62E+09 1,304,576 5,898,240
conv5 14 14 3*3 512 1.39E+09 326,144 7,077,888
fc1 1 1 1 4096 4.11E+08 - -
fc2 1 1 1 4096 1.68E+07 - -
fc3 1 1 1 100 4.10E+05 - -
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• Example: VGG-16 [2] 

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

Bulk of 
computation

Memory 
overhead

u There are two overheads in CNN

97.3% 96.6%



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
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• Direct convolution is relatively slow and inefficient
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Read a 3x3 input needs three sequential read

input (6x6) 
kernel (3x3) feature map (4x4) 

[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

• Im2col allows CPU to read data sequentially, it cause the problem of memory 
overhead
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• Memory Consumption
= 144 + 9 + 16 = 169

• Im2col convolution has redundant 
data in the input feature map matrix 1 0 0 0 1 0 0 0 1
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. . .
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[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
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• Memory Consumption
= 9 + 16 + 16 x 2 + 16 x 2 + 16 x 2 + 16 = 137

input (6x6) 

Element-wise 
Multiplication

FFT feature 
map (4x4x2)

Kernel
(3x3)

feature map 
(4x4)

[28] N. Vasilache, J. Johnson, M. Mathieu, S. Chintala, S. Piantino, and Y. LeCun. 2014. Fast Convolutional Nets With fbfft: A GPU Performance Evaluation. arXiv preprint arXiv:1412.7580 (2014).
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• Number of Multiplications on complex numbers
• 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
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Problem on PCM with NN training
• The bit-flip accumulation is not evenly distributed in the training process
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u 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

u Therefore, the goal of our mechanism is to reduce the damage to memory and
increase the lifetime of memory
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Memory overhead of padding zero
• FFT Convolution must padding input and kernel to the same size
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NVM-aware FFT Convolution
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• Split input into small size that is close to the kernel size

u Kernels don’t need to expand to be as large as original image
u 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 3 and Region 4 are symmetric
– Region 5 and Region 6 are symmetric
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u In particular, the data in the odd region 
would be a symmetric complex conjugate 
to the corresponding data in the even 
region, and vice versa.

u Actually, we just need to store almost half 
of the data after input/kernel data are 
transferred into frequency domain.
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Sparsity-aware Convolution
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• To reduce the number of multiplications, we shift RELU before element-wise multiplication
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Multiplication of zero would not have to be computed[22] V. Nair and G. E. Hinton. 2010. Rectified Linear Units Improve Restricted 
Boltzmann Machines. In Proceedings of the 27th international conference on machine
learning (ICML-10). 807–814.

RELU[22]



• The last bits are less important
• Training inherently tolerates some weight loss
• Last 8 bits write one time only, and stop update

Lossy Updating Wear Leveling Strategy
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last 8 bits

Sign Exponent Mantissa

[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 
IEEE International Symposium on Circuits and Systems, New Orleans, LA, 2007, pp. 3014-3017

→ reduce bit flip → enhance lifetime



Experimental Setup
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u FFT : conventional FFT convolution method
u NVFFT : NVM-aware FFT convolution method 
u NVFFT-SA : NVFFT with the proposed sparsity-aware FFT 

convolution policy
u LUWL : Lossy Updating Wear Leveling Strategy 

• The parameters and setups of two investigated neural networks 
which is LeNet and CifarNet.



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

Experimental Setup (cont’d.)
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[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 1.96× and 7.69×

acceleration on LeNet and CifarNet, compared to the conventional 
FFT approach
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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
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65%

31%



Reduction of Bit Flip in Kernel
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u the bit-flip number of RAM approach can be decreased by up to 98%

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



The Comparison of Lifetime 
• 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
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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
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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
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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 7.69× and enhances the 
endurance by up to 2.38×
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Question & Answer

Thanks for your attention


