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Abstract: Mapping deep neural network (DNN) models onto crossbar-based neuromorphic computing
system (NCS) has recently become more popular since it allows us to realize the advantages of DNNs
on small computing systems. However, due to the physical limitations of NCS, such as limited
programmability, or a fixed and small number of neurons and synapses of memristor crossbars
(the most important component of NCS), we have to quantize and decompose a DNN model into
many partitions before the mapping. However, each weight parameter in the original network has
its own scaling factor, while crossbar cell hardware has only one scaling factor. This will cause a
significant error and will reduce the performance of the system. To mitigate this issue, the K-spare
neuron approach has been proposed, which uses additional K spare neurons to capture more scaling
factors. Unfortunately, this approach typically uses a large number of neurons overhead. To mitigate
this issue, this paper proposes an improved version of the K-spare neuron method that uses a
decomposition algorithm to minimize the neuron number overhead while maintaining the accuracy
of the DNN model. We achieve this goal by using a mean squared quantization error (MSQE) to
evaluate which crossbar units are more important and use more scaling factor than others, instead
of using the same k-spare neurons for all crossbar cells as previous work does. Our experimental
results are demonstrated on the ImageNet dataset (ILSVRC2012) and three typical and popular deep
convolution neural networks: VGG16, Resnet152, and MobileNet v2. Our proposed method only
uses 0.1%, 3.12%, and 2.4% neurons overhead for VGG16, Resnet152, and MobileNet v2 to keep their
accuracy loss at 0.44%, 0.63%, and 1.24%, respectively, while other methods use about 10-20% of
neurons overhead for the same accuracy loss.

Keywords: decomposing; deep neural networks; memristor crossbar; neuromorphic; mapping

1. Introduction

Deep learning has achieved impressive results in recent years due to the high prediction
performance for recognition problems such as voice recognition, image, and video classification [1-4].
However, it uses expensive computing resources such as powerful server computers, large graphic
processing cards, and requires high energy consumption. On the other hand, in many applied systems
such as autonomous vehicles, mobile phones, or any embedded systems, we cannot afford to have such
energy/power-hungry resource components. In many circumstances, these systems need to process
large amounts of information very quickly to make real-time decisions without delay. Given this,
we argue that it should process information locally instead of sending data to a central server through
the Internet, which may introduce a significant amount of delay. While deep neural network (DNN)
models can help us process a large amount of data, we cannot assume that they will be successfully
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deployed without any difficulty onto these systems, as they would require a large amount of computing
operations and power. Finding a solution for this kind of problem was inspired by the human brain that
performs parallel operations and consumes low power. These demands have led to the development of
a new computing architecture that emerges in recent years, called neuromorphic computing systems.

Note that, originally, the term neuromorphic computing system (NCS) was used to mean a
very large-scale integration system that imitated the biological neural system of the human brain [5].
Currently, this term is used widely for brain-inspired systems such as spiking neural networks, artificial
neural networks (ANN), or any non-von Neumann architecture. These NCS architectures have many
advantages that make them very useful, such as parallelizable computation, low power consumption,
and collocation of memory and processing. They also have neurons and synapses similar to ANN
(both of them were inspired by biological human brains). Due to the popularity of DNNs, many studies
are trying to implement them in NCS [6-10]. While the idea of developing an ideal algorithm for DNN
applied NCS that learn in real-time, similar to what the biological brains do, it is still facing significant
challenges. In practice, researchers currently focus more on the problem of mapping a trained neural
network (NN) to hardware devices [11-14].

Numerous recently developed NCSs are based on memristor crossbar array (MCA) components
due to their ability to implement matrix multiply-accumulate operation (the most expensive operation
in DNN) efficiently [15]. High-resolution software-defined weights of a DNN model will be digitally
stored in a Complementary Metal Oxide Semiconductor (CMOS) system. Their values will be converted
from digital to analog for storing and calculating. Memristor crossbar arrays (MCA) realizations
have also become more popular in the literature in recent years due to their large physical density.
They have been demonstrated to perform well in practice [6-8]. However, these crossbars have a
fixed and small number of neurons, and the crossbar size can only go up to 1024 x 1024. On the other
hand, a fully connected layer in VGG [2] has 4096 x 1024 neurons. Therefore, implementing a practical
crossbar-based NCS requires the integration of multiple MCAs. That is why decomposing the weights
into different MCAs is crucial for parallel computing, which is increasingly needed with an increasing
network scale.

While previous works [11-14] typically use the vanilla decomposition algorithm (VDA)—a straight
forward method and fixed-point quantization, the most recent research has introduced a number of
algorithms to decompose NN to p X g sized arrays [16,17]. It also utilizes a dynamic fixed-point (DFP)
quantization method to reduce the model size while keeping the prediction performance the same as
the state of the art (as proposed by Reference [18]). This technique uses at least 5-bit quantization to
balance model size compression and its accuracy in NCS [19,20]. However, note that each crossbar
has only one scaling factor while floating-point numbers before quantization have their own scaling
factor. Therefore, this method causes significant errors and the original DNN model loses a significant
amount of accuracy. To solve this, Reference [16] has proposed a novel design called a k-spare neuron
to reduce space for neurons from a p X q array to p X (g — k) and spend k-spare neurons to contain more
scaling factors, resulting in using more crossbar arrays than VDA. For the same reason, Reference [17]
proposed another algorithm to use less MCA than the previous one but cannot keep the state-of-the-art
accuracy of the model. Both of these proposals typically use 10-140% more crossbar arrays when
compared to the VDAs. This extra cost makes the system use more hardware resources, consume
more energy, and enlarge its size. For the same purpose in reducing computing and storage cost of
DNN models, References [21,22] propose several techniques to pre-define fixed non-zero weights and
zero-weights subsets, and then map non-zero weight clusters to MCAs. Since large parts of weight
parameters are zero-weights, the neuromorphic system will save significant storage memory and
energy consumption. The CSrram paper [21] has shown results on small datasets. However, they did
both training and inference.
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Our work is similar to CSrram. However, we have chosen a somewhat larger area for the models to
achieve better resolution. In this paper, we address the issue by proposing a novel k-spare optimization
method to minimize the number of crossbar array usage. In particular, we show that our algorithm
requires a number of crossbar arrays close to the VDA’s solution without any significant loss on the
accuracy of pre-trained models for inference on a large dataset (ImageNet).

2. Background

2.1. Dynamic Fixed-Point Format

The parameters of NN models are often stored in the 32-bit floating-point format, which consumes
more energy and requires large storage and a memory footprint—the main challenges for embedded
systems. The fixed-point representation helps reduce the number of bits per parameter, which, in turn,
reduces the model size. The fixed-point uses a single scaling factor to store the radix point for all
numbers and causes a significant quantization error. In the dynamic fixed-point representation,
there are multiple scaling factors with each being shared by a group of numbers. Table 1 shows an
example of a 5-bit dynamic fixed point. The top three values have no differences between a fixed-point
and dynamic fixed-point, but the next four lost their values in a fixed-point and, if changing the scaling
factor from 2% to 277 to retain these values, the second row’s value will be lost. A dynamic fixed
point retains all of them by adjusting the scaling factor. In this way, a dynamic fixed point reduces the
quantization error than the fixed-point that was demonstrated in Reference [18].

Table 1. This table shows examples of a 5-bit dynamic fixed-point format.

Floating Point Fixed Point Dynamic Fixed Point

wil = 0.6027 01010 x 27 00101y x 273
w12 = 0.5012 01000 x 274 00001z x 27
w21 =0.3528 00110 x 274 00011(p) x 27
w22 = 0.0062 000005 x 27 00001z % 277
w31 = 0.0352 000005 x 27 000015y X 27°
w32 = 0.0251 000005 x 27 000115y x 277
w4l = 0.0178 00000(2) x 27 000015 x 27
w42 =1.1098 10010y x 274 010015 x 273

2.2. Crossbar-Based Neuromorphic System

Our work is based on ReRAM, PRIME architecture because of its advantages, which provide
a framework for both software developers and hardware designers to work on. We believe our
proposed algorithm will be suitable for many kinds of crossbar-based NCS because the most important
component of these systems is memristor crossbar arrays (MCA) that implement matrix-vector
multiplication. The input goes through digital analog converter (DAC) as voltage multiplies with
conductance (an inverse of resistance) used to represent weights that will generate current as output.
The summation of current at the end of each crossbar column by Kirchhoff’s current law is the result
of matrix-vector multiplication. MCAs can usually accommodate a scaling factor per column. For
example, consider the design given in Figure 1 that uses a shifter at the end of each crossbar column as
a scaling factor.
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Figure 1. This is an example of matrix multiplication and crossbar 2 x 2.

3. Varied-K Decomposition Algorithm

3.1. Problem Definition

Since the size of the crossbar is fixed while the size of a neural network can vary and often become
larger than the crossbar size, we have to decompose a neural network to smaller ones that can map
onto crossbars. The most popular partitioning method used in literature is VDA, which is mentioned
for the first time in Reference [16], but it was used in many previous works [6-8,10-14]. It is a simple
and straightforward method, as an example in Figure 2. In this example, a NN 4 X 2 is decomposed
into two 2 X 2 partitions. Their weight parameters are quantized in dynamic fixed-point format and
mapped to two corresponding crossbar 2 X 2. Then outputs of these crossbars will be merged by an
adder in PRIME [11] as a combined cost to restore the original outputs. However, before quantization,
each number has its own scaling factor while, in VDA, all weight parameters in the same crossbar
column share a scaling factor (implemented by a shifter). This reduces the accuracy substantially.

-
}1"1\
wil w21 w31 wa1
?1“1\
S&

b1 =b1'+b1", b2 = b2'+ b2"

Figure 2. This is an example of the vanilla decomposition algorithm (VDA). A neural network 4 x 2 is
divided into two partitions 2 X 2 and mapped to two 2 X 2 crossbars.

To mitigate this issue, in Reference [16], the authors propose a method named k-spare neuron
decomposing algorithm (k-SDA) to reduce the space for neurons in a crossbar from p X g to p X (g — k)
and spend k spare neurons for more k scaling factors. K is fixed as an input of the algorithm and is the
same for all crossbars. Suppose we have an ANN that we would like to map onto a collection of crossbar
arrays of size p X g (this is assumed to be fixed and determined by our hardware). In the ‘p X (g — k)’
approach, the partition no longer has p unique inputs and g unique outputs, but, rather, we reduce the
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output width to g — k unique outputs. The remaining k lines are then used to provide additional scaling
factors to the selected g outputs. Using the same example as in Figure 2, we put two 2 X 2 partitions
into two new crossbars size p X g = 2 X 4 shown in Figure 3, k = 2. We also map their weight values in
Table 1 to these crossbars. Without using spare neurons, the weight w22 = 000012, X 277 is changed to
00001(2) X 27! in order to share the same scaling factor 27! with w12 and this causes errors. It happens
similarly to w32 and w41. After using spare neurons, w22, w32, and w41 are assigned their own
scaling factors and retained their value, so the quantization error is reduced.

VDA k-SDA

k spare neurons k spare neurons
> o> >
a2

DA —{> 32—@ ad—DA
00;?1\00001 00;11'1\ 01001 oo;ﬁ"\ onom 1001A}0p011

S&H S&H S&H S&H :> S&H S&H S&H S&H S& S&H S&H
s AvC [Ao¢ ] AvC
>>3 >>1 >>5 >>3 >>5 >>3 >>7 >>6

b1’ b2 b1" b2" b1’ b22' b11" b21" b12" b22"
b2'=b21'+ b22', b1"=b11" + b12", b2"= b21" + b22"

Figure 3. This is an example for the k-SDA method with 2 MCAs 2 x 4, each MCA has k = 2 spare
neurons. Two partitions 2 X 2 in Figure 2 with values in Table 1 are mapped onto these MCAs.

However, two 2 X 4 crossbars in k-SDA equivalent to four 2 X 2 crossbars in VDA, it means
doubling computing resources, energy consumption, and memory footprint to VDA. To reduce this
overhead, the author also proposed two algorithms KS2 [17] and iterative split-in-two (IST) [16] to
choose which weights parameter will be assigned their own scaling factors. Both algorithms use
a mean squared quantization error (MSQE) to score the neurons. In the KS2, k salient neurons are
selected based on their scores. Each neuron will have one more scaling factor. Then, the weights of each
neuron are partitioned into two groups and assigned a scaling factor to each group instead of sharing
only one scaling factor. In the IST, for g—k columns, each contains the weights of a distinct neuron.
The algorithm will compute the saliency of each neuron, and the most salient neuron is split into two
or more groups. This process is applied in k iterations. Fixed k-SDA with IST keeps the accuracy of
models but causes large overhead while fixed k-SDA with KS2 uses fewer neurons overhead but loses
significant accuracy. In this paper, we propose a novel algorithm to minimize the neuron overhead
while keeping the state-of-the-art accuracy of the NN model by varying k for each crossbar.

3.2. Proposed Method

In the example in Figure 3, each MCA has two spare neurons, but the first one only uses one
spare neuron. Therefore, we can optimize k-SDA by assigning varied k spare neurons for each MCA.
We name our method varied k-SDA (VSDA). To assign different k to each MCA, we need to evaluate
MCAs in which MCAs are more important and use more k-spare neurons than others. Since our
purpose is to reduce the error between the original model and the quantized model, we can use mean
squared quantization error (MSQE) to evaluate MCAs. We denote the weight parameters matrix of a
NN is W, size M x N. It will be decomposed to sub-matrices W;j, size m; X n;, k;; is the number of
spare neurons corresponding with W ;, m; X nj = p X (q — k; ;) or smaller (for sub-matrices that contain
the last row or last column). WPFP
wVPA.. j is a result of WDEP ij after reducing the number of scaling factors to map onto MCAs in VDA.
We need to find k;; to minimize }’;; k;; and error between W, ; and WVDAL] We denote SWZJ is MSQE

of Wi,j and WVDAZ‘,]':

ij is the quantized dynamic fixed-point (DFP) matrix of W; ; and

M= Ds W= WPy g = 1,2, ®
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The overall algorithm was shown in Algorithm 1. We use a pre-trained model as an input and
DEFP quantization with parameters: m, ¢, and e are total bit, fractional bit, and exponent bit, respectively.
Our algorithm is applied for CNN and fully-connected (FC) neural networks. It is easy to decompose
a 2D neural network size M X N into p X g sized partitions, but it is more difficult for CNN because
its weight matrix is four dimensions and has convolutional operations. To address this problem, we
use the Toeplitz matrix. The 4D weight parameters matrix will be flattened to 2D matrix (lines 2, 3).
The 4D input will also be converted to the 2D Toeplitz matrix and the convolutional operation will
become matrix multiplication. The output result will be the same as the convolutional operation.

After having all weights matrices in 2D, we decompose them into p X g sized NN partitions W; ;,
and then quantize and calculate their MSQE scores (lines 4-10). In the next step, we have to identify
each MCA's k-spare neuron based on it MSQE score. The problem becomes a combinatorial optimized
problem and it is hard to find an absolutely exact solution for it so we will propose an approximate
solution instead. The MCA with the maximum MSQE score of the entire model that causes the largest
error will need the largest k-spare neuron. We denote the maximum spare neuron that a MCA can be
allocated is max_k with max_k < g. The MCA that contains the most erroneous neuron will be allocated
max_k spare neurons. Other MCAs’ k spare neurons will be calculated based on the ratio of each MCA’s
max score to the model’s max score and multiplied with max_k. We refine the formula by dividing
[min, max]—the MSQE score range of the entire model to max_k steps (lines 11, 12) and compare the
maximum score of each MCA to these steps and get its k value. However, a maximum score of each
MCA depends on its NN partitions size, which is unknown when k is varied for all MCAs. Therefore,
the next partition size will depend on the previous ones. To solve this problem, we will find k of each
MCA in sequence. We decompose the M x N sized weight matrix into a + I (b) p X N sized partitions
with: a = M/p, b = M% p, I(x) is indicator function, I(x) = 1 if x > 0 and I(x) = 0 if x = 0 (lines 16-20).

Algorithm 1 Varied k-spare neuron decomposition

Input pre-trained model, m, t, ¢, p, q, max_k
Output k_hash contains k of all MCAs of the entire network model

1. for each NN layer in a model do

2 if NN layer is CNN do

3. Transform CNN weights to 2d matrix W

4 Decompose M X N sized W to p X q sized W;;

5 for each W;; do

6. WPDEP ij < Quantize DFP W;;;

7. WVDA,-,]' « Assign max scaling factor of each column to all scaling factors in
the same column in WPEP i

8. Swi,j « Calculate MSQE score of WVDA,'/j

9. SW—[SW)]

10. S « { SW)

11. min, max < min(S), max(S)

12. step « (max — min)/max_k

13. Initial k_hash

14. for each NN layer in a model do

15. M, N < NN layer’s weights W size

16. a«— Mp
7. beM%p
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18. I(b)=0
19. ifb>0
20. I(b) <1

21. k_list — []
22. forifrom1toa+I(b)do

23. from_column « 1

24. while from_column < N do:

25. best_k <0

26. fork;; from0Otog—1do

27. to_column « min(from_column + q — k; ;, N)
28. SW; ;i — SWIi, from_column: to_column]
29. temp_k « Integer(( max(SWi,]-) — min)/step)
30. if temp_k equals k;

31. best_k « temp_k

32. exit for loop of k; ;

33. k_list « best_k

34. from_column < from_column + best_k

35. end while

36. end for

37. k_hash[layer] « k_list

38. end for

39. return k_hash

We start with the first p X N sized partition to find the first MCA’s NN partition. We use two
variables from_column, to_column to track the position of the current weight partition in N columns. Let k
run from 0 to g — 1 so its NN partition size will be changed from p X g to p X 1 for example. With each
NN partition that corresponds with each size, we calculate its temporary k spare neurons—temp_k
by comparing its maximum MSQE score to max_k levels (lines 26-29). But temp_k may differ from k,
so we only get the right k if k equals to termp_k to ensure the NN partition contains the corresponding
maximum MSQE score (line 30). The loop of k;; of the current MCA is also stopped in this case. If we
cannot find any k equals to temp_k after the for loop of k; j, the best k will be zero. This may be not
correct because the NN partition may contain the max scored neuron that has k greater than zero,
but our algorithm cannot find a better k for it. This is an error of our approximate solution. However,
it helps reduce the ) ; j ki or the neuron overhead. We do the same for the next MCA and so on. We get
all k values of all MCAs.

We show an example of VSDA in Figure 4. Because our main concern is scaling factors for
convenience, we only represent their exponent values of all neurons in MCA. MCA is also represented
in a simple form with shifters represented by colored plus signs. The scaling factor’s exponent values
are represented by color dots with the value range in the color bar. A 5 x 10 NN is decomposed into
two 5 x 5 NN partitions and mapped to two 5 X 5 MCAs in VDA. In k-SDA, it is decomposed to five
5 X 2 partitions and mapped to 5 x 5 MCAs for using 3-spare neurons for more three scaling factors.
VSDA decomposed the original NN to three partitions of 5 X 5,5 X 2, and 5 x 3 that correspond with
their k values k =0, 2, 3 of their spare neurons. Both weight parameters in k-SDA and VSDA are moved
to their spare neuron by the IST algorithm. The neuron overhead of k-SDA is (5 — 2)/2 x 100% = 150%.
VSDA'’s neuron overhead is (3 — 2)/2 X 100% = 50%. We easily realize the improvement of VSDA
compared to k-SDA.
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Figure 4. This is an example to compare VDA, k-SDA, and VSDA in decomposing a 5 x 10 NN.

4. Experimental Results

We do our experiments on three popular and typical DNNs: VGG16 [2], Resnetl52 [23],
and MobileNet v2 [24] with their original predict performances of 71.63%, 78.25%, and 71.85%, respectively,
ImageNet dataset (ILSVRC2012) [25], dynamic fixed point m =5, t = 3, and e = 3 for VGG16 and Resnet152,
which is demonstrated in Reference [18] for keeping the state-of-the-art accuracy of the model.

However, MobileNet is a highly optimized network and sensitive to error so we have to use m =7
bit instead of a 5 bit to keep the accuracy of the model. 7-bit is also the maximum bits of PRIME. In
addition, since our experiments are only for evaluating the efficacy of the proposed algorithm for
the CNN and FC layer, we do experiments on simulation and the results do not include the error
of implementation other layers or any realization errors. For all experiments, we use Pytorch [26],
three pre-trained models of VGG16, Resnet152, and MobileNet v2 from Pytorch model zoo [27], and a
max_k run in a range [0, g — 1] to observe its affection on accuracy loss and neuron overhead and find
the best max_k, max_k = 0 corresponding with VDA. We also compare VSDA in both KS2 and IST, and
the baseline is VDA.

We use three metrics to evaluate the algorithms. The first one is the accuracy loss, which is defined
as the original accuracy minus the accuracy of the mapped network. The second one is the neuron
overhead, which is the ratio of the extra neurons used to the minimum required neurons in VDA.
The last one is max_k.

For the MCA size, we do experiments on crossbar size p = g = 72 firstly to compare our method
with References [16,17]. The results are shown in Figure 5. Our algorithm gets better results in all
cases including both varied k KS2 and IST. It keeps the state-of-the-art accuracy of models by using
only 0.1%, 3.12%, and 2.4% neurons overhead for 0.44%, 0.63%, and 1.24% accuracy lost in VGG16,
Resnet152, and MobileNet v2, respectively, which is compared to 10-20% neuronal overhead in other
methods. The result also shows the changing of the neuron overhead and accuracy lost by max_k.
In Reference [17], the authors concluded that KS2 is better than IST based on only a small range of k
experiments. Our experiments with a larger range of max_k demonstrate IST is better than KS2.
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Figure 5. This figure is a graph that shows the results of experiments of VGG16.

However, the crossbar size p = g = 72 is not the standard and popular size. We also extend our
experiments on a wide range of popular and standard size of MCA with p = q = 16, 32, 64, 128, 256,
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and 512 to observe the effect of MCA size, the potential of the algorithm in reducing the quantization
error, and may help us find the optimized crossbar size for each model.

The results are shown in Table 2. It shows the best case of max_k of our experiments in a wide
range of max_k. In this table, we compare the results of varied k IST and VDA in accuracy lost and
neuron overhead (L/OH) and also observe the affection of the crossbar size. The result shows that:

e  Small crossbars generally get a better result than big crossbars because the small group of dynamic
fixed-point numbers causes a smaller error than the big group

e Optimized network like Resnet and MobileNet need more neuronal overhead to restore the
accuracy of models than the sparse network as VGG

e Small-size crossbars cause a small quantization error but it uses plenty of crossbar amount.
Therefore, it is more expensive for combination after decomposing.

e Big size crossbar cause a larger quantization error but use a small resource for combination.
In addition, the varied k algorithm still works well to restore the accuracy of models in big
size crossbars.

e  We obtained a better result for MobileNet v2 than the previous size with a larger-sized MCA
p = q = 128. We achieve accuracy lost at 0.91% while using 6.11% neuronal overhead.

Table 2. This table shows results of the VSDA and VDA in a wide range of crossbar size in VGG16,
Resnet152, and MobileNet v2.

Crossbar Size 16 x 16 32 x 32 64 X 64
DNN Method Acc (%) MCAs Acc (%) MCAs Acc (%) MCAs
Origin 71.63
VDA 70.35 540,536 69.56 135,198 69.46 33,800
Vgglé VSDA 7143 540,543 71.23 135,273 71.21 34,100
L/OH 0.2 0.001% 0.4 0.06% 0.42 0.89%
max_k 3 11 47
Origin 78.25
VDA 77.20 234,600 76.13 58,682 75.27 14,671
Resnet152 VSDA 77.82 236,480 77.60 60,092 77.65 17,026
L/OH 0.43 0.80% 0.65 2.40% 0.6 16.05%
max_k 12 30 63
Origin 71.85
VDA 70.14 13,806 69.74 3588 69.82 1041
MobileNet v2 VSDA 70.20 13,808 69.76 3589 69.84 1041
L/OH 1.65 0.01% 2.09 0.03% 2.01 0%
max_k 2 1 1
Crossbar Size 128 x 128 256 x 256 512 x 512
DNN Method Acc (%) MCAs Acc (%) MCAs Acc (%) MCAs
Origin 71.63
VDA 69.50 8454 69.13 2121 69.04 543
Vggl6 VSDA 71.29 8647 71.11 2259 71.10 595
L/OH 0.34s 2.28% 0.52 6.51% 0.53 9.58%
max_k 92 251 426
Origin 78.25
VDA 74.23 3684 74.98 968 74.97 445
Resnet152 VSDA 77.64 4959 77.62 1803 77.66 585
L/OH 0.61 34.61% 0.63 86.26% 0.59 31.46%
max_k 116 232 380
Origin 71.85
VDA 69.90 360 69.91 142 69.86 78
MobileNet v2 VSDA 70.94 382 71.16 164 71.12 93
L/OH 0.91 6.11% 0.69 15.49% 0.73 19.23%
max_k 125 253 509

L/OH: Accuracy lost and neuron overhead of VSDA compared to VDA. Acc (%): The accuracy of the mapped

system by using VDA and VSDA. MCAs: The number of MCAs are used to map the whole network.



J. Low Power Electron. Appl. 2020, 10, 40 12 of 14

5. Conclusions

We have proposed a varied k-spare neuron algorithm to minimize neuronal overhead to restore
accuracy loss of DFP quantized DNN models after decomposing and mapping onto crossbar-based
NCS. The proposed method optimizes neuronal overhead by allocating varied and dynamic k-spare
neurons for each MCA instead of fixed k as previous work does. We also observe the affection of the
DNN model type and crossbar size on the novel algorithm. The proposed method shows better results
on all experiments compared to previous works. It also gives an insight for choosing the crossbar size
to balance between accuracy lost, combination cost, and neuronal overhead. With these promising
results, we believe the proposed algorithm will give more motivation for realizing dynamic fixed point
crossbar-based NCS in future work.
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Abbreviations

Abbreviation Description

NN Neural Network

DNN Deep Neural Network

VDA Vanilla Decomposition Algorithm

VSDA Varied K spare neuron Decomposing Algorithm
VGG, VGG16 Names of very deep convolutional neural networks proposed by Visual Geometry Group [2]
CMOS Complementary Metal Oxide Semiconductor
NCS Neuromorphic Computing System

ANN Artificial Neural Network

MCA Memristor Crossbar Array

DFP Dynamic Fixed-Point

DAC Digital Analog Converter

KS2 K Split-in-Two

IST Iterative Split-in-Two

K-SDA K-Spare neuron Decomposing Algorithm
MSQE Mean Squared Quantization Error
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