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is increasing. In the inference process of neural networks, the inputs and weights are multiplied and accumulated (MAC), which
is the most expensive operation phase. In order to accelerate this
process, memristor crossbar array (MCA) structure is suitable on
edge devices [2]. It can execute MAC operations using Kirchhoff’s
law natively [3] by representing inputs and weights with voltages
and conductances respectively.
There exist two methods to program the conductances of memristors. One is "Close-Loop on-Device" [4] which requires costly
hardwares [5]. The other method, which is suitable for edge devices, trains networks off-line and then programs memristors with
pre-calculated voltage magnitudes and pulse widths [6]. Because
of the reliability issues (i.e. defects and variations) of memristors,
the programmed conductances are not equal to the desired conductances which represent the weights of the given neural network.
This leads to the accuracy degradation of neural networks [7].
There are two critical reliability issues of memristors: stuck-atfault (SAF) defect [8] and variation [5]. Some researchers propose
permutation and remapping methods [5, 9–12]. This process needs
very large amount of computation which is intolerable for edge devices. Other researchers propose retraining methods [7, 9], which
is computational expensive for computing platforms [8]. Besides,
Some other researchers propose quantization methods to enhance
the variation tolerant capability [13], the results of which show that
the method can only tolerate a small variation.
All previous works don’t consider the limitation of crossbar
size. Although the crossbar size can be large ideally, the size is
always limited in reality [14] because of power and reliability issues [15]. Therefore, multiple crossbars are integrated together using a shared interconnect, for example Networks on Chips (NoCs)
(see Figure 1 (c)). Large matrices are always separated into pieces
and then mapped to several MCAs. Then the peripheral circuit combines the results of the MCAs together. In this paper, we propose a
mapping method to tolerate both SAF and variation of memristors
considering size limitation and the characteristics of edge devices –
stringent resources. The contributions of this paper are summarized
as below:

ABSTRACT
There is an increasing demand for running neural network inference on edge devices. Memristor crossbar array (MCA) based accelerators can be used to accelerate neural networks on edge devices.
However, reliability issues in memristors, such as stuck-at faults
(SAF) and variations, lead to weight deviation of neural networks
and therefore have severe influence on inference accuracy. In this
work, we focus on reliability issues for edge devices. We formulate
the reliability problem as a 0-1 programming problem, based on
the analysis of sum weight variation (SWV). In order to solve the
problem, we simplify the problem with an approximation - different
columns have the same weights - based on our observation of the
weight distribution. Then we propose an effective mapping method
to solve the simplified problem. The experimental results show that
our proposed method can recover 95% accuracy considering SAF
defects and can increase by up to 60% accuracy in variation 𝜎 = 0.4.
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INTRODUCTION

Data generated by edge devices are substantially growing [1]. Thus,
the demand for running neural networks inference on edge devices
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• We analyze MCA-based edge devices and point out the suitable computing method – representing one weight with one
memristor because of the limited resources and vector-vector
multiplication to eliminate the sneak path problem.
• According to the above-mentioned circumstance, we analyze the weight deviation caused by SAF and variation and
formulate the optimization problem as a 0-1 programming
problem.
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Figure 1: Architecture of MCA Based Devices. (a) A neural network, (b) Weight splitting, (c) Weight mapping. (d) Architecture
of MCA based accelerators.
• Since the 0-1 programming is hard for edge devices to find a
good solution, we simplify the problem with an observation
– different columns have similar values in neural networks.
Then we propose an optimal mapping method for the simplified problem and modify the computing pipeline of MCAs.
• We evaluate our proposed method with two feed forward
neural networks on the MNIST dataset. The experimental
results show that the proposed method can increase the
reliability of MCAs for edge devices. The inference accuracy
can be maintained even if the SAF rate reaches 30%. Our
proposed method can tolerate variation 𝜎 = 0.4.

certain conductance according to the weight. In the inference phase, transistors of gate lines are open and current is
able to flow through memristors.
Supposing we represent each weight with one memristor, conductance of the memristor is programmed linearly according to
weights (see Figure 2 (b)) which can be expressed as Equation (1) [18]:
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Edge devices, which are used to execute real time tasks such as
translation and objective recognition, have stringent computing
resources and tight power budget [16]. Memristor crossbar array
(MCA) based accelerators can be used in edge devices.

2.1

(1)

where 𝐺 min and 𝐺 max are the minimum and maximum conductances of the memristor, 𝑊min and 𝑊max are the minimum and
maximum weights.

The rest of this paper is organized as follows. Section 2 introduces
MCA-based neural network inference according to characteristics
of edge devices and the model of SAF defect and variation. Section 3
formulates the problem and introduce our proposed method. At last,
Section 4 shows our experimental results, followed by conclusion
in Section 5.

2

𝐺 max − 𝐺 min
(𝑊 − 𝑊min ) + 𝐺 min
𝑊max − 𝑊min

Wmin

I

(a)
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Figure 2: MAC operation. (a) Schematic of 1T1R array [19]
and MAC operation. (b) 1T1R cell. (c) Linear one-to-one mapping.

Memristor Crossbar Based Computing

In order to accelerate a given neural network, the inference process
with MCAs is shown in Figure 1.

After mapping weights to MCAs, in the inference phase, the
inputs are fed to input registers (IRs) of MCAs firstly. For a certain
layer, in each cycle, each bit of input is fed to the crossbars and every
column in crossbars executes MAC operation in parallel according
to Kirchhoff’s law, 𝐼 = 𝐺® · 𝑉® (see Figure 2 (a)). The result of each
cycle is shifted and added (S+A) (see Figure 1 (d)). After all bits
are computed, the results of each MCA are combined to get the
result of the layer. After activation, the result is transferred to the
next layer. After the last layer is processed, the inference result is
generated.

• Firstly, the neural network is trained off-line and Figure 1 (a)
shows a three-layer network and the weight matrix of the
first-layer as an example. In this work, the row and column
numbers of the weight matrix are the input and output sizes
respectively.
• Before executing the inference, the weights of neural networks need to be mapped to MCAs. Because of the limited
size of MCAs [17], the weight matrix is firstly split to pieces
(see Figure 1 (b)).
• Then each piece of weights are mapped to MCAs (see Figure 1 (c)). In this process, conductances of memristors are
programmed according to weights. Although one weight can
be represented by multiple memristors to increase the robustness of computing [8], because of the limited resources in edge
devices, we consider the case that one memristor represents
one weight (see Figure 2 (a)) in our work. Each gate line (see
Figure 2 (b)) controls transistors of a certain column. In the
programming phase, each memristor is programmed to a

2.2

Defect and Variation Modeling

Ideally, the conductance of a memristor can be programmed according to a given weight (see Equation (1)), however, there are
defects and variations of memristors. In this work, we consider two
reliability issues related to memristors - SAF defect and variation.
2.2.1 Stuck at Fault. SAF defect is the most critical reliability issue
in memristor crossbar [8]. Assuming that we want to program the
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conductance of one memristor to 𝐺, the conductance state is not
able to be changed and is stuck at high (stuck-on) or low (stuckoff), if the memristor suffers from SAF defect. Considering this, the
programmed conductance can be expressed as Equation (2):


𝐺 , stuck-off

 min

𝐺 = 𝐺, no defect


𝐺 max, stuck-on

′

𝑘 and 𝑊 𝑘 are the minimum and maximum weights in
where 𝑊min
max
the 𝑘-th MCA. As there are SAF defect and variation of memristors
in MCAs, the weights which are programmed to memristors are
not accurate. We analyze the weight deviation in the programming
phase. If we program one memristor to conductance 𝐺, we can
represent the conductance deviation as Δ𝐺 (Δ𝐺 = 𝐺 ′ − 𝐺) because
of the SAF defect and variation. According to Equation (5), the
effective weight 𝑊 𝑒 𝑓 𝑓 can be expressed as:

(2)

where 𝐺 ′ is the conductance we program in practice. If the memristor suffers from this issue, the weight which is programmed to this
memristor is fixed because the conductance represents the weight.
In this case, the accuracy of the given neural network degrades [7].
2.2.2 Variation. In addition to SAF defect, variation also has a huge
influence on inference accuracy of MCA-based neural networks [5,
9]. As conductance is programmed with pre-calculated voltage
magnitude and pulse width, the conductance we program in practice
follows a lognormal distribution [20] which can be expressed as
Equation (3):
𝐺 ′ = 𝐺 · 𝑒𝜃

(3)

𝑘 ∈𝑀𝐶𝐴𝑠

where
is the programmed conductance in practice, 𝐺 is the
conductance we want to program, and 𝜃 ∼ 𝑁 (0, 𝜎 2 ) is the variation
distribution.

=

𝑘

PROPOSED METHOD

In this section, we optimize SWV metric by assigning weights to
different MCAs in the mapping process. Generally, computing with
all columns in parallel leads to high power and more computing
resources. If all columns are computed together, each layer can be
computed in 103 ns [21], which is overpowered for edge devices.
Secondly, the power consumption is too large for an edge device.
Further more, sneak path [22] is also an import reliability issue.
Considering these three aspects, we apply column by column computing method in our work (this satisfies the performance requirement
which will be introduced in Section 3). We further provide a new
direction to improve the reliability of MCA-based neural network
inference for edge devices.

𝛿𝑖,𝑗,𝑘

s.t. 𝛿𝑖,𝑗,𝑘 ∈ {0, 1},
∑︁
𝛿𝑖,𝑗,𝑘 = 1,

(11)

∀𝑖, 𝑗

(12)

𝑙𝑘,𝑗 ∈ {0, 1} ∀𝑘, 𝑗
∑︁
𝑙𝑘,𝑗 = 𝑆, ∀𝑘

(13)
(14)

𝑗

∑︁

𝛿𝑖,𝑗,𝑘 = 𝑙𝑘,𝑗 · 𝑆,

∀𝑗, 𝑘

(15)

𝑖

where 𝑖 = 0, 1, · · · , 𝑅, 𝑗 = 0, 1, · · · , 𝐶, 𝑘 = 0, 1, · · · , 𝐾, and 𝑅 and 𝐶
are numbers of rows and columns of one weight matrix respectively,
𝑆 is the size of MCA (assume MCA is square) and 𝐾 = ⌈𝑅/𝑆⌉ × ⌈𝐶/𝑆⌉
is the number of MCAs to use, 𝑤𝑖,𝑗 is the 𝑖-th row 𝑗-th column
weight in the weight matrix, 𝑙𝑘,𝑗 = 1 indicates that there are weights
in 𝑗-th column mapped to the 𝑘-th MCA, 𝛿𝑖,𝑗,𝑘 is to record whether
𝑤𝑖,𝑗 is mapped to the 𝑘-th MCA.
Equation (12) ensures that every weight is mapped and can be
only mapped to one MCA, Equation (14) ensures that 𝑆 columns

In system level, digital results from MCAs are gathered and processed before producing the output of one layer because the weight
matrices are split to pieces. As a result, we consider the piece of
weight matrix which is mapped to the 𝑘-th MCA, i.e.:
𝑘
(𝑊 − 𝑊min
) + 𝐺 min

∀𝑖, 𝑗, 𝑘

𝑘

Problem Formulation

𝐺 max − 𝐺 min

𝐺 max − 𝐺 min

(8)
· Δ𝐺𝑘,𝑖

As a result, our objective can be minimizing the range of the weights
which are mapped to each MCA while ensuring that MAC operation can be applied. We can formulate this problem as an 0-1
programming problem as Equation (10) - (15).


min Σ𝑘 𝑚𝑎𝑥𝑖,𝑗 (𝛿𝑖,𝑗,𝑘 · 𝑤𝑖,𝑗 ) − 𝑚𝑖𝑛𝑖,𝑗 (𝛿𝑖,𝑗,𝑘 · 𝑤𝑖,𝑗 )
(10)

where 𝑊𝑖 is the 𝑖-th weight of weight matrix.

𝑘 −𝑊𝑘
𝑊max
min

𝑘 −𝑊𝑘
𝑊max
min

∑︁

where Δ𝐺𝑘,𝑖 is the conductance deviation at the 𝑖-th position in the
𝑘-th MCA. In Equation (8), 𝐺 max and 𝐺 min are constants and Δ𝐺 is
subject to a distribution because of the SAF defect and variation.
Therefore, we can minimize the sum of the (𝑊𝑚𝑎𝑥 −𝑊𝑚𝑖𝑛 ) of each
MCA to minimize SWV:
∑︁
𝑘
𝑘
min 𝑆𝑊 𝑉 ∼ min
(𝑊max
− 𝑊min
)
(9)

𝑖

𝐺=

∑︁

𝑘 ∈𝑀𝐶𝐴𝑠 𝑖 ∈𝑀𝐶𝐴𝑘

2.2.3 SWV Metric. Because of the defect and variations of memristors, the effective weights represented by the memristors are not
accurate. In order to evaluate the programming error, sum weight
variation (SWV) [5] is the metric to calculate the difference between
weight (𝑊 ) and effective weight (𝑊 𝑒 𝑓 𝑓 ):
∑︁ 𝑒 𝑓 𝑓
𝑆𝑊 𝑉 =
𝑤𝑖 − 𝑤𝑖
(4)

3.1

𝑘 −𝑊𝑘
𝑊max
min

· |Δ𝐺 |
(7)
𝐺 max − 𝐺 min
Then, considering that the weight matrix is split to several IMAs,
the SWV of one weight matrix is the sum of SWVs of every IMA
which can be expressed as:
∑︁
𝑆𝑊 𝑉 =
𝑆𝑊 𝑉𝑘
𝑊 𝑒𝑓 𝑓 − 𝑊 =

𝐺′

3

𝑘 −𝑊𝑘
𝑊max
min

(𝐺 + Δ𝐺 − 𝐺 min )
(6)
𝐺 max − 𝐺 min
As a result, considering one certain weight, the error between the
changed weight and the initial weight can be express as:
𝑘
𝑊 𝑒 𝑓 𝑓 = 𝑊min
+

(5)
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are mapped to each MCA and Equation (15) ensures that 𝑆 items
in 𝑗-th column are mapped to 𝑘-th MCA. The Equation (14) and
(15) ensure that we can execute MAC operation in MCAs, i.e. the
weights, that are mapped to the same column in one MCA, are in
the same column of weight matrix.

3.2

map the sorted matrix to MCAs in order (line 8) and return the
mapping label 𝛿.
Algorithm 1 Mapping Method.
Input: Weight matrix 𝑊 (with 𝑅 rows and 𝐶 columns), MCA crossbar size 𝑆
Output: 𝛿
1: Compute number of needed MCAs;
2: if 𝑅 or 𝐶 is not divisible by 𝑆 then
3:
Insert maximum values;
4: end if
5: for all Columns do
6:
Sort and store index matrix 𝐼 ;
7: end for
8: Assign weights to MCAs in sequence;
9: Return 𝛿

Proposed Solution

We formulate the weight mapping problem in previous section. In
this section, we propose our method for solving this problem. As
0-1 programming problem is a difficult optimization problem and
it’s inappropriate for edge devices to solve. As a result, we propose
a simple approximate solution for this problem.
3.2.1 Problem Simplification. In order to simplify the problem, we
analyze the weight distribution of neural networks. We analyze
one layer (size 784 × 1000) of a well-trained network as an example.
We sort weights in each column and then compare the difference of
weights among the sorted columns. Then we calculate the normalized average difference (NAD) between two columns, i.e. average
difference divided by the range of the two columns. We find that
NAD of the most different two columns is smaller less than 10%.
As for the two most similar columns, the NAD is smaller than 0.5%,
the distributions of which are shown in Figure 3. To summarize, in
neural networks, we observe that weight distributions in different
columns are very similar. In order to simplify the programming
problem (10), we approximately assume that different columns have
the same weights. For example, as shown in Figure 4 (a), weights in
every column are {1, 2, 3, 4, 5}.

For example, Figure 4 (a) shows a 5 × 5 matrix we need to map
and the size of MCAs is 3. Initially, the weight matrix is chaotic
(see Figure 4 (a)). Then we need ⌈5/3⌉ × ⌈5/3⌉ = 4 MCAs and then
insert one dummy column and one dummy row for this matrix (see
Figure 4 (b)). Thus, MCA0 - MCA3 are assigned for this weight matrix. After that, we sort the weights by columns (see Figure 4 (c)). At
last, we assign the weight matrix to MCAs as shown in Figure 4 (d).
We can get the mapping label 𝛿. For example, the location (0, 0) is
mapped to MCA0 and location (4, 4) is mapped to MCA3, therefore
𝛿 0,0,0 = 1 and 𝛿 4,4,3 = 1.
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In our solution, all the weights are mapped only once, and thus,
Equation (12) is satisfied. We don’t exchange weights between
two columns, and as a result, Equation (14) and Equation (15) are
also satisfied. Besides, our proposed method only needs sorting
operation which is very simple and therefore suitable for edge
devices. Our proposed method is optimal for the simplified problem
(because of the limited space, we don’t prove it here). Thus, our
proposed method can increase the robustness of the computing
considering variation and SAF.
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Figure 4: Mapping Method.
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Figure 3: Weight distribution of the two most similar
columns.
3.2.2 Mapping Method. Our purpose is to map similar values to
the same MCA with the assumption that different columns have
the same weights. Our proposed mapping method is shown in
Algorithm 1. Given a weight matrix with size 𝑅 × 𝐶 and MCA size
𝑆, our proposed method is to determine which weight should be
mapped to which MCA. Firstly, we compute the number of MCAs
we need to map the weight as ⌈𝑅/𝑆⌉ × ⌈𝐶/𝑆⌉ (line 1) and judge
whether the weight matrix can fill all the MCAs assigned for it
(line 2). If not, we add rows or columns to the end of weight matrix
to fill all MCAs (line 3). Then we sort the values of weight matrix
by columns and store the sorting index matrix (line 6). At last, we

3.3

Computing Pipeline

As we compute with MCA column by column, we need to modify
the computing pipeline from the conventional method which is
introduced in Section 2. Input data are stored in the input registers
(IRs). The required data are sent to IRs by routers cycle by cycle.
In the first cycle, data are fed to IRs by routers. In the following
cycles, the first column is computed by the MCA bit by bit. After
that, the second column is computed and so on. For example, the
input of one layer and the weight assignment are shown in Figure 5.
Figure 5 (a) shows the input and Figure 5 (b) shows which data are
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fed to which MCA. The upper data are feed to MCA0 and MCA2, the
lower data are fed to MCA1 and MCA3 according to our mapping
label (generated in mapping phase) by routers in the first cycle.
Assuming that the input data are 16-bit, in the 2𝑛𝑑 to 17𝑡ℎ cycle,
the first columns of layers of the MCAs are computed bit by bit.
In the next 16 cycles, the second columns are computed. After all
the columns are computed, peripheral circuits gather the results of
MCAs and transfer the activation to the next layer.
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Figure 6: Accuracy vs SAF defect rate on the 3-layer network.
The accuracy results with different defect rates are shown in
Figure 6. Without our proposed method, the performance of the
network is influenced largely and accuracy degrades below 80%
with only 5% defect rate. If the defect rate is increased to 20%, the
inference accuracy of the network is below 20%.
With our proposed method, the inference accuracy is almost not
influenced (maintaining about 95% accuracy) with 5% defect rate
and can maintain a high accuracy (91%) with even 30% defect rate.

Without loss of generality, each cycle is set to 100ns [21], and
therefore, each layer of neural networks can be computed within
106 ns if size of MCA is 100. Because of the pipeline design, this
system can reach 103 frames per second (FPS). Generally, real-time
applications need about 102 FPS computing power. Although our
computing method causes decrement of the throughput, this method
is still available for edge devices.

Table 2: Comparison with other methods using the 3-layer
neural network and 20% defect rate.

EXPERIMENTAL RESULTS AND DISCUSSION

Method
Recovered accuracy

In order to evaluate the effectiveness of our proposed highly reliable
mapping method, we compare the neural network inference accuracy with our proposed method and without our proposed method
considering SAF and variation. On the other hand, our proposed
method introduces overhead to the accelerator. As a result, we also
discuss the overhead of our proposed method after our experimental
results. Following the practice of previous works [8, 9], we evaluate
our proposed method with two feed-forward neural networks (see
Table 1) on the MNIST dataset [23] and the minimum and maximum
nominal resistance are set to 10𝑘 and 1𝑀 Ω respectively. The SAF
defects and variations are modeled with Equation (2) and (3) respectively. The size of MCAs are set to 64 [17]. The experiments are
tested with the Monte-Carlo simulation method. OP and NO denote
the accuracy with and without our proposed method respectively.
We evaluate our proposed method in three aspects:
• SAF evaluation. We evaluate the effectiveness of our proposed
method with different SAF defect rates.
• Variation evaluation. We evaluate the accuracy under different variations.
• Scalability. As our proposed method is sensitive to weight
matrix and MCA size, we analyze the scalability of our proposed method.

[8]
30.1%

[7]
95%

Ours
95.9%

Besides, as shown in Table 2, we compare our proposed method
with state of the art methods [7, 8] with 20% defect rate. The recovered accuracy is defined as accuracy normalized with the ideal
classification accuracy of the neural network [8]. With stringent
resources (one memristor represent one weight), our proposed
method reaches 95.9% recovery accuracy. [8] can only get 30.1%
while this method can get 97.6% recovered accuracy with multiple
memristors representing one weight. Although [7] can also reach
95% recovery accuracy, our proposed method doesn’t need retraining process which is a very costly process for platforms [8]. As a
result, our method is friendly for edge devices and can reach state
of the art effectiveness.

4.2

Results for Variation

In order to evaluate the effectiveness of our proposed method under
different variations (see Equation (3)), we evaluate 𝜎 from 0.1 to
0.6 with the three-layer network. The result is shown in Figure 7.
Without our proposed method, the accuracy degrades lower than
90% with 𝜎 = 0.2. Our proposed method can maintain a high accuracy (95%) with 𝜎 = 0.2, and 90% accuracy with 𝜎 = 0.4. Our
proposed method represents one weight with one memristor while
previous works [5, 9] use two memristors to represent one weight.
As a result, we can’t compare with them. The effectiveness of our
proposed method is limited with high 𝜎 in this experiment because
the layer 256 × 10 has small number of rows. In next section, we
evaluate the scalability of our proposed method.

Table 1: Properties of neural networks in experiments.
Dimension
784 × 10
784 × 256, 256 × 10

SAF defect rate vs accuracy

0.7859

0.2

(b)

Number of layers
2
3

0.9496

0.8

Figure 5: Computing Pipeline.
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Results for SAF Defect

1.0

Accuracy

Input

4.1

We evaluate SAF effectiveness assuming that the defects are distributed randomly in each MCA and 81.6% of the defects are stuckon and 18.4% of the defects are stuck-off [7].

Ideal Accuracy
91.47%
95.73%
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1.0

Variation vs accuracy

0.9557
0.9458

0.9514

Accuracy

0.8

0.9422

5

0.9091
0.7966

0.8339

0.579

0.6

0.5807

0.4
0.2764

OP
NO

0.2
0.0
0.0

0.2595
0.1541

0.1

0.2

0.3

0.4

0.5

0.6

σ

Figure 7: Accuracy vs 𝜎 on the 3-layer network.

4.3

Scalability

As our method is sensitive to the size of crossbar (𝑆) and the number
of rows of weight matrix (𝑅), our proposed method works when
𝑆 < 𝑅. The effectiveness of our proposed method is sensitive to
ratio 𝑅/𝑆. In this section, we study the scalability of our method:
how this ratio influences the effectiveness of our proposed method
with the two layer network (see Table 1). We test different ratios
with this network using two cases: 1) 20% SAF defect rate with
variation 𝜎 = 0.4, 2) 20% SAF defect rate with variation 𝜎 = 0.8.
Ratio vs accuracy

1.0
0.8188

0.8495

0.8733

0.8854

Accuracy

0.8
0.6

0.0

0.6851
0.5005

0.4
0.2
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Figure 8: Accuracy vs ratio on the 1-layer network.
As shown in Figure 8, under large variation 𝜎 = 0.8 with SAF
defect, accuracy with our proposed method is increased as the ratio
increases. Under small variation (𝜎 = 0.4) with SAF defect, our
proposed method can get a high accuracy (81.88%) when 𝑟𝑎𝑡𝑖𝑜 = 2
and the accuracy is also increased when the ratio increases.

4.4

CONCLUSION AND FUTURE WORK

In this paper, we have discussed two reliability issues of MCAs
for edge devices. Considering the limitation of MCA size, we have
formulated the reliability problem as a 0-1 programming problem
based on analysis of SWV for edge devices. Based on the observation – different columns have similar weights, we have simplified
the problem and proposed an optimal mapping method for the
simplified problem. The experimental results have shown that the
proposed method can recover 95% accuracy considering SAF defects and maintain a high accuracy (90%) in variation 𝜎 = 0.4. In
our future work, we will optimize the whole computing system
to execute our proposed method more effectively. Besides, we will
evaluate the energy and area overhead.

Discussion

Our proposed method needs to rearrange inputs, which may lead
to workload overhead for the controller and routers of the circuit.
In our future work, we will optimize this phase in architecture
level. Although we only test fully connected layers on the MNIST
dataset, our proposed method should also works for larger networks
on larger datasets as they also satisfies the phenomena which is
observed in Section 3.2. We will experiment this in our future work.
Our proposed method needs an extra area to store the mapping
solution in the system. Considering that tasks which are executed
with edge devices should not be complicated enough, the networks
should also not be complicated either. As a result, the extra storage
is small. Taking one weight matrix with 1024 × 1024 as an example,
the device only needs 1024 × 1024 × 𝑙𝑜𝑔(1024)𝑏𝑖𝑡 < 2𝑀𝐵 memory.
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