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Abstract

Convolutional Neural Networks (CNNs) have excellent performance in various fields, such
as machine learning, computer vision, and image recognition. With the development of
CNNs, huge quantities of data in computing and transmission have placed significant
pressure on circuit and architecture design, and RRAM-based computing-in-memory (CIM)
is one of the promising solutions to alleviate this problem. However, because of the current
deviation phenomenon and the resistance on/off ratio (R ratio) issue in RRAM, there is a
trade-off problem between computational accuracy and computational efficiency for CIM.
In this paper, we propose a layer-wise activated word-line (AWL) strategy to configure
the appropriate number of AWLs for each layer. Based on the observed risk factors, we
design a risk index to AWL mapping methodology. Meanwhile, based on the proposed
quantization and current deviation error calculation methods, we design a CIM simulation
framework to simulate the accuracy of CNNs in the inference stage. We evaluate our
methodology on Cifar-10, VGG-8, and ResNet-18. The proposed methodology improves
computational efficiency with only slight accuracy loss. In comparison with a fixed-AWL
configuration, our methodology has better accuracy with a small resistance on/off ratio.
For higher resistance on/off ratios, our methodology gets a significant improvement in
computational efficiency in comparison with the baseline. On the exploration of different R
ratios, experimental results show that our layer-wise AWL configuration methodology has
a more flexible planning space and better computational efficiency.

Keywords: CIM; CNN; RRAM,; R ratio; word line; quantization

1. Introduction
Overview

Convolutional Neural Networks (CNNs) [1] have excellent performance in many
fields, such as machine learning, computer vision, and image recognition [2]. Their brilliant
performance depends on massive amounts of calculations. In recent years, the CNN
architecture has become much deeper and more complex than before; large amounts
of memory access often represent a bottleneck that affects the performance and energy
consumption of hardware accelerators. Therefore, reducing the access distance between the
chip’s external memory and the computing unit or integrating computing power into the
memory is a research trend in the architectural design of CNN hardware accelerators [1-3].
Among them, methods to reduce the distance between the chip’s external memory and the
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computing unit include embedded memory (embedded DRAM) or stacking the memory
on the computing unit in a three-dimensional manner.

In order to reduce the power consumption and delay caused by data relocation during
CNN calculations, in addition to placing the on-chip memory close to the computing
unit, another way is to use the computing-in-memory architecture. MAC operations
can be integrated into the bit cells of SRAM or non-volatile resistive memory (RRAM).
Research results [4] show that the computing-in-memory architecture can further improve
performance and reduce power consumption. Therefore, computing-in-memory techniques
are expected to be a future direction to reduce the amount of external data migration. Some
previous works [1,5] have used CIM techniques to successfully reduce large amounts of
external data migration during CNN computations.

CIM is a technique to reduce data migration in CNN computation [3]. Its computa-
tional architecture and operation method are illustrated in Figure 1. An input feature map
(IFP) is input into the CIM array from word lines (WLs) in the form of voltage. Weights are
stored in memory cells in the form of conductance. The currents produced by memory cells
accumulate along the bit-line (BL) and then through the ADC and shifter to be converted
into computational results.
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Figure 1. CIM computing architecture.

Computational memory circuits can be roughly divided into two categories: volatile
computing-in-memory circuits and non-volatile computing-in-memory circuits. Volatile
computing-in-memory circuits are mainly implemented with SRAM; non-volatile
computing-in-memory circuits are mainly implemented with RRAM. RRAM has the advan-
tages of short reading latency, low area cost, and near to zero leakage power [6]. Therefore,
it is a good choice for computational memory in the CIM architecture [7].

The RRAM crossbar array inherently supports highly parallel in-memory dot product
operations. However, the current flowing through the bit line which corresponds to the
dot product output can result in a wrong value because of the RRAM cell’s high-resistance
state. Ideally, the current generated by the high-resistance RRAM cell should be zero, but
in reality, a high-resistance RRAM cell will still generate a weak current, which will reduce
the computational accuracy [8].

This error-prone nature of RRAM crossbars imposes a restriction on their parallel
execution. Ideally, we would activate all word lines at the same time to complete many
computations, but in actuality, more AWLs means more errors are accumulated. Therefore,
many studies [9-11] limit the number of AWLs activated at a time to avoid error accumula-
tion, hence having a negative impact on the computational efficiency of CIM architectures.
Although Ref. [3] proposes that the maximum number of AWLs for each neural layer can
be different, their methodology requires an exhaustive search starting from the baseline
and therefore is not practical for large neural networks.

In this paper, we propose a layer-wise AWL strategy to configure the appropriate
number of AWLs for each neural layer. Our AWL configuration also takes into account the
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effect of the resistance on/off ratio (R ratio); based on the observed risk factors, we design a
risk index to AWL mapping methodology. Meanwhile, based on the proposed quantization
and current deviation error calculation methods, we design a CIM simulation framework
to simulate the accuracy of CNNs in the inference stage.

In summary, our work makes the following contributions:

e  We propose a simple but efficient risk factor and risk index mapping methodology for
layer-wise AWL configuration. The proposed methodology improves computational
efficiency with only slight accuracy loss.

e  We can easily fine-tune risk factors and index mapping to fit different scales of neural
networks and reduce the AWL configuration loading of large AI models.

e  In comparison with the fixed-AWL configuration, our methodology has better compu-
tational accuracy with small resistance on/off ratios.

e  For higher resistance on/off ratios, our methodology shows a significant improvement
in computational efficiency in comparison with the baseline.

The rest of this paper is organized as follows: In Section 2, we describe the background
and motivation of the layer-wise AWL configuration and the effect of current deviation and
resistance on/off ratio on computational accuracy and computational efficiency. Section 3
describes our inference accuracy predictor and layer-wise AWL configuration strategy,
including risk index-to-AWL mapping, and quantization and current deviation error calcu-
lation methods. In Section 4, we show the results of our methodology on Cifar-10, VGG-§,
and ResNet-18 and analyze and discuss the effect of different R ratios. Finally, we draw
conclusions in Section 5.

2. Background and Motivation

2.1. Background
2.1.1. Current Deviation

Some features of RRAM may influence the CIM array’s computation result, and the
most important one is current deviation. RRAM consists two metal layers and one transition
metal oxide layer, where the transition metal oxide layer is between the two metal layers.
By applying an external bias to RRAM, an oxidation channel connecting the two metal
layers forms in the transition metal oxide layer, a state known as the low-resistance state
(LRS). Applying an external bias to cut off the oxidation channel in the transition metal
oxide layer results in a high-resistance state (HHRS). By applying different biases, RRAM
transits between the low-resistance state and the high-resistance state. Since the resistance
value is affected by the external bias which in turn affects the formation or interruption of
the oxidation channel, the generated resistance value is not a constant value.

In RRAM CIM calculation, a current I; s is generated through a low-resistance RRAM
cell, and a current Ifgrs is generated through a high-resistance RRAM cell. Then the
current accumulated by cells of the same bit line is converted through an analog-to-digital
converter and a shifter to obtain the final calculation result. Ideally, the current generated
by the high-resistance RRAM cell should be zero (Igrs = 0), which means that only I;rs
accumulates and participates in the subsequent conversion process. However, in reality, a
high-resistance RRAM cell still generates a weak current (Iggs 7# 0), and the accumulation
of multiple Iygrs exceeds the tolerance range of the analog-to-digital converter, causing
errors. For example, in Figure 2, there are one HRS cell and three LRS memory cells on
the leftmost bit line. The ideal situation is the accumulation of current I;3,,; = 3 X Iigs,
but the real situation shows Iy, = Ijrs + 3 X Ipgrs. The extra Iyrs may cause an error in
the result.
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Figure 2. Example of current deviation.

2.1.2. Resistance on/off Ratio (R Ratio)

The resistance on/ off ratio is the ratio of the high-resistance value to the low-resistance

value (Rgrs/Rirs = R OFF/R ON). As shown in the formula in Figure 3, we assume that
the resistance on/off ratio is 10 and the voltage is 1, that is, Ryrs:Rrrs = 10:1. Through the

formula I = V/R, we get Igrs:Iirs = 1:10, and finally, we get 10 X Iygrs = IrRrs.

Assume R ratio = 10, V =1
[= V/R

RHRS 3 RLRS = 10 5 |
= IHRS 5 ILRS = ] = 10
= 10 x IHRS = lLRS

Figure 3. Example of R ratio and Iygg vs. I rs.

Therefore, it can be seen that the larger the resistance on/off ratio, the more Iyjrg can

be tolerated in the calculation (the Current Deviation Subsection mentioned that Iyrg will

cause errors). We can reduce the negative factors of the current deviation problem by using

a large R ratio. However, the current range of R ratios mostly falls between 10 and 50, so

this problem cannot be solved by infinitely increasing the R ratio. Furthermore, increasing

the R ratio also increases the hardware area, while a small R ratio has the advantages of

low leakage power, low programming cost, high density, and high retention time. It is

necessary to make a trade-off between large and small R ratios without greatly affecting

reliability. Taking as an example the Cifar-10 network, Figure 4 shows that the larger the R

ratio, the more AWLs can be used.
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Figure 4. Accuracy of R ratio and AWL impact on Cifar-10.

2.1.3. Number of Activated Word Lines (AWLs)

In CIM computation, we can configure the number of AWLs used for calculation
at a time. The larger the number of AWLs, the faster the calculation can be completed.
However, due to the current deviation problem, the larger the number of AWLSs, the more
Iggs is generated. In summary, the larger the number of AWLs, the larger the current
deviation error is. Take Figure 5 as an example: There are three high-resistance cells and
one low-resistance cell in the RRAM array on the leftmost column, and the resistance
on/off ratio is 2. The example on the left activates one WL at a time, and the example
on the right activates all WLs at the same time. The calculation on the left requires four
computation cycles, and the result is accurate. The calculation on the right only requires
one computation cycle, but the result is inaccurate. Obviously, activating one WL at a time
can minimize the current deviation error, but the computation time is longer. Activating all
WLs at a time can result in the fastest computational efficiency, but the generated current
deviation error is the largest.
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Figure 5. Example of AWL configuration on computation cycle and current deviation error.

2.2. Motivation

Due to the current deviation problem, the larger the number of AWLSs, the more Iygs is
generated, and the larger the calculation error is. We can reduce the current deviation error
by controlling the maximum number of AWLs to be less than the resistance on/off ratio,
but from the perspective of computational efficiency, it is not a good thing. This shows that
the reliability problem causes the CIM array not to be fully utilized.

By increasing the AWLs, we can effectively increase computational efficiency, but
at the same time, we would reduce computational accuracy. In the example of Cifar-10
in Figure 6, when the R ratio is 10, we set the AWL number to 8 as the baseline (lower
than the R ratio, so there is no current deviation error). When the AWL number is 16,



Electronics 2025, 14, 4367

6 of 25

the computation cycle is reduced by half, and the computational accuracy drops by 5.3%;
when the AWL number is 64, the computation cycle is reduced to only one-eighth, but the
computational accuracy drops to 9.85%. This shows that when the entire network uses the
same number of AWLs, the scope of increasing computational efficiency is limited because
of the reliability consideration.
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Figure 6. Impact of AWL number on accuracy with an R ratio of 10.

The adjustment of the AWLs in Figure 6 is based on the entire network; that is, all
layers use the same number of AWLs. However, the number of AWLs does not have such a
big impact on all layers. As shown in Figure 7, we only adjust the AWLs one layer at a time,
and the other layers maintain the baseline AWLs that do not cause current deviation error.
From Figure 7, we can see that the second layer of Cifar-10 is the layer most affected by
the adjustment in AWLs, because this layer has the greatest number of rows in the weight
matrix. In contrast, the third layer is less affected by adjusting AWLs in comparison with
the second layer, because it has fewer rows in the weight matrix than the second layer.
The first, fourth, and fifth layers are only slightly affected by the adjustment in AWLs
because the number of rows in the weight matrix is not large in these layers. Through this
experiment, we know that a layer with more rows in the weight matrix is more sensitive
to the adjustment in AWLs. We can use a larger AWL configuration for the layers that are
less sensitive to AWL adjustment, and a smaller AWL configuration for the layers that are
sensitive to AWL adjustment.
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Figure 7. Accuracy of adjusting AWLs in a single layer with an R ratio of 10.
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In addition, current deviation occurs when the weight bit is 0 and the IFM bit is 1.
Reducing this situation can also reduce the current deviation error. Because the highest bit
has the largest impact on the result, we will also use the proportion of 0 in the highest bit
to adjust the AWL number. Figures 8 and 9 show the proportion of 0 in the weight bits of
Cifar-10 and VGG-8, respectively.

Proportion of 0

80 B bit7

B bit6
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60 B bit4
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B bit2

= 20 B bit1

3

= B bito
20
0

layer 1 layer 2 layer 3 layer 4 layer 5

Figure 8. The proportion of 0 in the weight bits of Cifar-10.
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Figure 9. The proportion of 0 in the weight bits of VGG-8.

2.3. Related Works

The manuscript in [12] outlines the basic principles of computing-in-memory and the
architectural design of related research, such as PRIME [13], ISAAC [5], PipeLayer [14], and
PUMA [15].

In the architectural design of PRIME [13], the ReRAM-based main memory consists
of a memory bank, which is divided into three areas: a storage subarray, a full-function
subarray, and a buffer subarray. The storage subarray is used as a conventional storage
unit, while the full-function subarray has two modes, one providing storage and the other
providing computing power. The buffer subarray acts as a buffer for the computing unit,
which can also be used as a conventional storage unit. A dedicated controller module
parses the incoming instructions to generate the required control signals and switches
the required functional subarray to the required mode. The proposed input and synapse
combination scheme divides the input and synapse weights into high-order and low-order
parts. Both parts are stored in separate storage units, which improves the accuracy and
thus improves the overall accuracy of the artificial neural network.
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In the ISAAC [5] architecture, CNNs operate in a pipelined fashion, where input
values are passed through multiple layers and processed to produce an overall classification
decision. ISAAC also uses a dedicated encoding scheme to reduce the size of the ADC
responsible for converting the analog computation results of the memristor crossbar back
into digital format and demonstrates that the performance of the computational memory
accelerator is better than that of a conventional CMOS-based accelerator.

In the PipeLayer [14] architecture, the overall organization of the system is defined
by a deformable subarray and a storage subarray. The former is able to switch between
computing modes of storing and performing matrix-vector multiplication. PipeLayer uses
a storage subarray to store intermediate results from the deformable subarrays of different
layers. This reduces the amount of data movement and energy consumption, respectively.
The significant improvement of this architecture comes in part from omitting the ADC and
DAC according to the chosen spike scheme.

In the PUMA [15] architecture, like ISAAC, the core provides a matrix—vector multipli-
cation unit with a memristor crossbar. The authors propose further optimizations, such as
crossbar juxtaposition and input sharing (allowing multiple crossbars to use the same DAC
and ADC) and input shuffling (allowing input registers to be rerouted to different DACs).

In addition to architecture design, the manuscripts in [16-18] propose mapping and
data flow optimization techniques based on RRAM memory architecture. In order to
maximize the reuse of weights and input data based on the RRAM memory architecture,
the manuscript in [17] proposes a new weight mapping method and corresponding data
flow which divides the kernel into different processing elements (PEs) and distributes input
data to different processing elements according to their spatial location. The manuscript
in [18] proposes a novel semi-folded mapping (SemiMap) framework for implementing
convolution operations on crossbars. It simultaneously folds physical resources along the
row dimension of the feature map (FM) and expands them along the column dimension.
The former reduces the resource burden, and the latter maintains parallelism.

In recent years, the manuscript in [19] proposed a new mapping method named
Squeezemapping that leverages spare space in each array and optimizes the utilization of
the input dataset. The authors employed NeuroSim to simulate the inference of various
networks of different scales. SSM-CIM [20] introduces a CIM macro designed for area-
energy-efficient Convolutional Neural Network inference. In addition, analog computing
errors and quantization errors are analyzed to ensure the multi-bit computing accuracy.
The manuscript in [21] presents a bit-level sparsity method that quantizes the network
to desirable numbers with more zeros in their bit representation. E-UPQ [22] presents
an energy-aware unified pruning-quantization framework for the CIM architecture; it
introduces a set of trainable parameters to incorporate energy information during the
compression process, closing the gap between compression policy and energy optimization.

Except for the computation optimization methodology, some memristor-based DNN
simulation frameworks have also been developed [23-33] to evaluate computational accu-
racy and computational efficiency. NeuroSim [26,27] is a circuit-level simulation platform
that can be used to assess accelerator area, power consumption, and performance, but its
architecture is not easily modified to meet our needs. MNSIM [28] offers a hierarchical
modular design approach, allowing for area, power consumption, and inference accuracy
assessments. However, MNSIM assesses accuracy in worst-case and average scenarios,
resulting in lower accuracy than actual conditions. MemTorch [29,30] and AIHWKit [31]
can support multiple types of layers and use a modular approach for hardware design.
DL-RSIM [32] can simulate various factors that affect computational memory reliability.
These simulation frameworks have their own areas of expertise, but they do not meet the



Electronics 2025, 14, 4367

9 of 25

needs of layer-wise AWL architectures. Therefore, the development of a layer-wise DNN
framework based on RRAM is necessary.

Although there have been many research studies on the computation optimization
of CIM [3-22], only a few of them discuss the issue of AWL configuration and its effect
on computational accuracy and computational efficiency. We found that some works on
RRAM-based CIM limit the maximum number of concurrent AWLs. For example, the
manuscripts in [9,10] show that only 9 out of 256 word lines are activated at the same time,
and the manuscript in [11] shows that only 16 out of 512 word lines are activated at the
same time.

The manuscript in [3] is among the few exploring the AWL problem of CIM on
inference DNN accelerators. The reported method is to first adjust the AWL number in
layers for experiments (error caused by only one layer) and record the information of
accuracy drop. Then the greedy algorithm is used to select the layer and AWL number
that causes the smallest error, and then, experiments are conducted to evaluate accuracy.
Only one layer is selected for adjustment in each round until accuracy drops beyond the
set threshold. However, this method requires multiple experiments to determine the AWL
configuration for each layer, and the authors do not consider the proportion of 0 in weight
bits as described above.

Due to these issues, in this paper, we propose a methodology to configure a suitable
AWL size for each layer according to the features of the neural network (length of weight
matrix, layer type, etc.), the R ratio, and other aspects. While increasing computational
efficiency, we also consider the maintenance of computational accuracy. In addition, we also
develop a layer-wise CIM simulation framework to evaluate the accuracy and efficiency of
the proposed methodology in the inference stage.

3. Proposed Framework and Methodology

Overall, our framework follows the methodology, architecture, and parameters of
NeuroSim. The purpose of the proposed framework is to verify our AWL configuration
method and exploring different AWL configurations. In this section, we describe our
inference accuracy predictor, quantization and current deviation error calculation methods,
and the layer-wise AWL decision methodology. The proposed risk factors and index
mapping methods are easy to fine-tune for future extension and exploration.

3.1. Inference Accuracy Predictor

Current simulation tools for RRAM CIM rarely consider the impact of layer-wise
AWL configuration on computational accuracy. Therefore, based on our layer-wise AWL
configuration method, the current deviation and R ratio factors that affect RRAM CIM
accuracy, and the proposed quantization and current deviation error calculation methods
in Sections 3.1 and 3.2, we develop an inference accuracy predictor. Our prediction model
is based on the inference estimation algorithm of NeuroSim [26,27], and we adapt the
same synaptic array architecture and circuit parameters. The main difference is that the
AWL number is fixed for all neural layers in NeuroSim, while our accuracy predictor
calculates accuracy based on our layer-wise AWL configuration, and quantization and
current deviation error calculation methods.

In this framework, the neural network model (or weights) is assumed to be pre-trained
by software and then mapped to the inference CIM array. As shown in Figure 10, our
predictor receives weights, a neural network model, a test dataset, and hardware constraints.
We quantize the input weights and IFMs to a specified range based on the DAC precision
within the input hardware constraints. These quantized weights and IFMs serve as inputs
to the CIM array. The CIM array first maps the input weights to the array, representing
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them as high—low configurations. The IFMs are input as voltages from the WL direction
and are calculated in batches based on the dynamic AWL configuration specified in the
hardware constraints. The output is expressed as current, which includes current deviation.
Finally, the inference model converts the CIM output current into a calculated result based
on the R ratio and ADC precision within the hardware constraints. After the inference
model is calculated, the predicted answer is compared with the real result.

|  Hardware Config |

R Ratio
— ADC Precision
‘ AWL Number —
Inference Accuracy Predictor
Weight | Convolution | il I Quantizer I
BN R ! ‘-. 7
| Pooling [ DAC |
1
: v h v
NNModule [—ug Convolution [ 15 || CIM Array e
v \ v
| Pooling [ 4] ADC fe——
IFM I I g v : ‘
| Fully Connection
I Real Result |

v

‘ Result Compare

Inference Accuracy

Figure 10. Architecture of inference accuracy predictor.

With this accuracy predictor, we can analyze the impact of different AWL configuration
methods on the inference accuracy.

3.2. Quantization Method

In CNN computations, weights and IFMs are typically stored as floating-point num-
bers. To conserve hardware resources and increase computational efficiency, the original
values are typically quantized to reduce the number of bits required to represent them.

In the proposed inference accuracy predictor, we use a linear transformation method
to convert weight and IFMs to the specified interval. For the example of 8-bit quantization,
Formula (1) shows that since the weight range is [—1, 1], the weight is converted from
a floating-point number between [—1, 1] to an integer between [—128, 127]. Because the
input feature map does not have a clear range, we use the maximum and minimum values
as the range boundaries for conversion; that is, we convert [[FM minimum, IFM maximum]
into [0, 255], as shown in Formula (2).

In the convolutional computation, we add 128 to the converted weight, so the weight
conversion range becomes [0, 255]. The additional 128 will be deducted after the calculation
is completed and will not affect the result. As shown in Figure 11, we can simply deduct
X (Ai x 128) after the calculation without affect the computing result. This allows us to avoid
the need for considering the positive and negative signs during the calculation process.

W—(=1)

Wi=T— " (127 — (—128)) + (—128) )
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IFM, = M % 255 )
max — (min)

IFM : A;
Weight : W;

a output pixel =X (A; * W;)

IFM : Ai
Weight : W; + 128

a output pixel =X (A; *(W; +128))
=X (Al * Wl) +2 (Al *128)

Figure 11. Derivation of weight quantization.

Figure 12 shows the weight distribution of Cifar-10. We can observe that the weight
distribution exhibits a normal distribution, with most weights being concentrated around 0
(the center) and the weight distribution decreasing towards either side. Therefore, during
quantization, we narrow the weight range from [—1, 1] to [—0.8, 0.8]. Weights larger than
0.8 are stored as 0.8, and weights smaller than —0.8 are stored as —0.8. By quantizing
within a narrow range, we can create larger disparity between weights in the densely
populated middle range, thereby improving accuracy. Formula (3) is the final weight
quantification equation.

W — (—0.8)

B m * (127 — (—128)) + (—128) +128) )

Weight Distribution

I |
I I
[ I

80
[ I

60
40 ! I
20 I I I 1
0 D— | .- |

0 02

-1 -0.8 -06 -04 -0.2 04 06 08 1

Quantity

Figure 12. Weight distribution of Cifar-10.

3.3. Current Deviation Error Calculation

Overall, our custom simulator follows the architecture and parameters of NeuroSim,
and we only modify the calculation of current deviation error. To calculate the current
error, we need to compute it in bits, but this is very inefficient. So, we compute the correct
result and the current error separately to speed up the simulation, as shown in Figure 13.
The correct result is calculated as in Keras, multiplying the weights and the IFM and
accumulating them. The current error is calculated by accumulating the number along
the BLs with a weight of 0 and an IFM of 1. It is calculated in batches according to the
AWLs, converted into a value, and then added to the correct result and stored. We use this
approach to avoid performing accurate numerical calculations at the bit level and to discard
the numerical conversion of the current of the high-configuration computing memory unit
that does not cause errors.



Electronics 2025, 14, 4367

12 of 25

Conv/FC
calculation

Result

kel (include error)

Current error || Convert to
calculation value

Figure 13. Convolutional layer and fully connected layer error calculation process.

3.4. Layer-Wise AWL Decision Methodology

In our research, several factors influence the AWL configuration, as we illustrate below,

and these four observations are collectively called risk factors:

The first one is the size of the R ratio. The larger the R ratio, the larger the current error
that can be tolerated in the calculation.

The second one is the type of neural network layer. Convolutional layers require
higher accuracy because they are typically ranked earlier. If accuracy is lost early
in the computation, subsequent layers are more likely to experience worse accuracy.
Fully connected layers are typically ranked later, so a larger AWL number can be used
for these layers.

The third one is the number of expanded weight rows. This represents the number of
dot products that need to be accumulated for one output pixel. A larger value indicates
that more rows need to be accumulated, which in turn means a large potential for
accumulated current deviation.

The last one is the proportion of 0 in the MSB. A higher proportion of 0 indicates a
higher number of high-configuration computing memory cells, which increases the
probability of current error.

Table 1 shows the risk factors and their impact value on the risk index. We calculate

the risk index layer by layer according to the characteristics of each layer. Initially the

risk index of each layer is 0, and the final risk index of a layer is obtained by summing

its corresponding impact values. Among the risk factors, except for the matrix rows, we

consider all other risk factors to be equally important, and their impact values are 1, as

shown in Table 1. Therefore, for a convolutional layer, we increase its risk index by one,

while for an FC layer, we decrease its risk index by one; if the ratio of 0 in the MSB is large

enough in a layer, we also increase its risk index by one; if the R ratio is small, we will

increase the risk index of all layers by one, and vice versa. Finally, we observe that the size

span of the matrix rows is large, so we calculate its impact value by |log,Row —7|.

Table 1. Risk factors and their impact values on risk index.

Risk Factor Impact Value
R Ratio <=10 +1
Convolutional Layer +1
Matrix Row (R) >= 256 +|log,R —7|
Ratio of 0 in MSB >= 55% +1
R Ratio >=20 —1
(FC(Dense) Layer | |
Next Layer = FC Layer) -1

&& R Ratio > 10

For each layer, the selected AWL size is based on its risk index. The larger the risk

index, the larger the error that may occur, so a small AWL number should be used to reduce
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the error. On the contrary, a large AWL number can be used for layers with a smaller risk
index. The corresponding mapping is shown in Table 2.

Table 2. Risk index and corresponding AWL mapping.

Risk Index AWLs
>3 (ratio <= 10) 8
>=3 16
2 32
1 64
<=0 128

We summarize the reasons why except for matrix rows, the impact values of all other
risk factors are 1 as follows:

e Inour observation, the R ratio of 10 is a threshold, and accuracy is very sensitive to the
AWL configuration when R ratio <= 10. Therefore, we isolate this item as a risk factor.

e AnRratio of 20 is a middle value, accuracy is not so sensitive to the AWL configuration
when the R ratio >= 20; therefore, we also isolate it as a risk factor.

e  For the ratio of 0 in the MSB, we also observe that 55% is a middle and suitable value.
Almost no layers reach the threshold if we increase this value to 60%, and too many
layers reach the threshold if we decrease this value to 50%.

e  One only needs to identify whether the layer type is convolution or fully connected.

e  Over-emphasizing the importance of one risk factor will reduce the effect of other risk
factors, so we set the impact values of all the above risk factors to 1.

Finally, we summarize the directions to fine-tune risk factors and risk indexes for
large neural network architectures and large R ratios to increase computational efficiency
without sacrificing too much accuracy:

e For large neural network architectures, most layers will satisfy the threshold of
the matrix row risk factor. In order to increase computational efficiency when the
R ratio <= 20, one direction is to increase this risk factor threshold. For example, we
can change the matrix row risk factor from R >= 256 to R >= 512, and the impact value
calculation is modified from + [log,R —7] to + |log,R —8|. By this tuning, more
neural layers have the opportunity to increase their AWL number.

e  For large R ratios, more current error can be tolerated in the calculation. Therefore, one
direction to increase computational efficiency when R > 20 is to increase the mapping
AWTLs in the risk index table. For example, when the value of the risk index is 3, we
can change the AWL mapping from 16 to 32, etc. By this tuning, most neural layers
can increase their AWL number.

4. Evaluation Results
4.1. Experimental Setup

We verify our methodology on Cifar-10 [34], VGG-8 [35], and ResNet-18 [36] and
use the proposed RRAM accuracy predictor to simulate inference accuracy and computa-
tional efficiency.

Since our target is an efficient layer-wise AWL configuration methodology but not an
improved CIM circuit architecture design, we adapt the same synaptic array architecture
and circuit parameters from NeuroSim [26,27]; the hardware behavior (such as power,
latency, and area) is also similar to that of NeuroSim. Therefore, we focus on comparing
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the inference accuracy and computation cycles of different AWL configurations in the
experimental results.

The CIM hardware settings used in the experiments are shown in Table 3. We use a
512 x 512 CIM array based on RRAM, where each RRAM cell represents 1-bit data, and
the ADC precision is 8 bits. We analyze the relationship between inference accuracy and
computational efficiency for different AWL configurations and R ratios.

Table 3. CIM hardware settings.

Simulator RRAM Accuracy Predictor
CNN Cifar-10, VGG-8, ResNet-18
CIM Array Size 512 x 512
RRAM Cell 1 bit/pre cell
R Ratio 10, 15, 20, 25, 35
ADC Precision 8 bit

The network architectures of Cifar-10, VGG-8, and ResNet-18 and their layer-wise risk
index and AWL mapping based on our AWL decision methodology are described below.

4.1.1. Cifar-10

Table 4 lists the Cifar-10 network architecture and ratio of 0 in the MSB; matrix row
is the number of rows of the weight matrix, and its formula is Kernel? x Channel, while
matrix col. is Depth. We calculate the risk index of each layer based on the impact values of
the risk factors in Table 1, and the results are shown in Table 5.

Table 4. Cifar-10 network architecture and ratio of 0 in MSB.

]ri,;};j Input Channel Kernel Depth hﬁe:)txx NICa;i‘.ix Riitilf/[ggo
Layer 1 Conv 32 3 3 32 27 32 51.39%
Layer 2 Conv 15 32 5 64 800 64 57%
Layer 3 Conv 3 64 3 64 576 64 56.18%
Layer 4 Dense 1 64 1 64 64 64 52.59%
Layer 5 Dense 1 64 1 10 64 10 53.28%

Table 5. Cifar-10 layer-wise risk index and AWL mapping.

Risk Index AWL
R Ratio 10 15 20 10 15 20
Layer 1 2 32 32 32
Layer 2 5 16 16
Layer 3 5 16 32
Layer 4 1 -1 -2 64 64 64
Layer 5 1 -1 -2 64 64 64

Take the second layer with an R ratio of 15 as an example: The risk factors of the
second layer include (1) layer type: convolution; (2) matrix ow (R) >= 256; and (3) ratio of 0
in the MSB >= 55%. Therefore, the risk index is (1) + (2) + (3) =1 + [10g2800 — 7| + 1 = 4.
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After calculating the risk index and referring to Table 2, we find that the AWL number is 16
for the second layer with an R ratio of 15. The AWL of the first layer with an R ratio of 15 is
32, instead of 64, as shown in Table 5; this is because the matrix row of the first layer is only
27, and 32 AWLs at a time are enough for full calculation. The same reason is also applied
to the AWLs of the first layer with an R ratio of 20, and the last two layers with R ratios of
15 and 20, respectively.

4.1.2. VGG-8

Tables 6 and 7 list the VGG-8 network architecture, with ratio of 0 in the MSB, the risk
index, and the AWL number of each layer. Taking layer 7 with an R ratio of 15 as an example,
the risk factors include (1) matrix row (R) >= 256, (2) a ratio of 0 in the MSB >= 55%, and
(3) the layer type of fully connected and an R ratio > 10. The risk index is calculated as
(1) + (2) + (3) = |l0g,2048 — 7] +1 — 1 = 4. Referring to Table 2, we see that the AWL
number of layer 7 is 16.

Table 6. VGG-8 network architecture and ratio of 0 in MSB.

]"I";}I;eer Input Channel Kernel Depth I\;I{e:)t;i’x Ngl;;ix Riitil\(;[gfgo
Layer 1 Conv 32 3 3 32 27 32 52.78%
Layer 2 Conv 32 32 3 32 288 32 54.83%
Layer 3 Conv 16 32 3 64 288 64 51.54%
Layer 4 Conv 16 64 3 64 576 64 56.31%
Layer 5 Conv 8 64 3 128 576 128 53.25%
Layer 6 Conv 8 128 3 128 1152 128 56.76%
Layer 7 Dense 1 2048 1 128 2048 128 56.02%
Layer 8 Dense 1 128 1 10 128 10 48.67%

Table 7. VGG-8 layer-wise risk index and AWL mapping.

Risk Index AWL
R Ratio 10 15 20 10 15 20
Layer 1 2 1 0 32 32 32
Layer 2 3 2 1 16 32 64
Layer 3 3 2 1 16 32 64
Layer 4 5 4 3 8 16 16
Layer 5 4 3 2 8 16 32
Layer 6 6 4 3 8 16 16
Layer 7 6 4 3 8 16 16
Layer 8 1 -1 -2 64 128 128

4.1.3. ResNet-18

Table 8 lists the ResNet-18 network architecture with a ratio of 0 in the MSB, and
Table 9 lists the risk index and AWLs of each layer. Because the matrix row of most layers
is larger than 256, in addition to the risk factor Matrix Row (R) >= 256, Table 9 also lists
the risk index and AWLs when this risk factor is changed to Matrix Row (R) >= 512.
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Table 8. ResNet-18 network architecture and ratio of 0 in MSB.

I,i,;};zr Input Channel Kernel Depth I\;I{a:)t:\i’x Néa;;ix Ri;ti:/[gfgo
Layer 1 Conv 224 3 7 64 147 64 52.38%
Layer 2 Conv 56 64 3 64 576 64 54.61%
Layer 3 Conv 56 64 3 64 576 64 53.82%
Layer 4 Conv 56 64 3 64 576 64 54.43%
Layer 5 Conv 56 64 3 64 576 64 54.12%
Layer 6 Conv 56 64 3 128 576 128 55.71%
Layer 7 Conv 28 128 3 128 1152 128 54.32%
Layer 8 Conv 56 64 1 128 64 128 53.37%
Layer 9 Conv 28 128 3 128 1152 128 53.79%
Layer 10 Conv 28 128 3 128 1152 128 54.83%
Layer 11 Conv 28 128 3 256 1152 256 56.68%
Layer 12 Conv 14 256 3 256 2304 256 53.64%
Layer 13 Conv 28 128 1 256 128 256 54.77%
Layer 14 Conv 14 256 3 256 2304 256 55.17%
Layer 15 Conv 14 256 3 256 2304 256 52.65%
Layer 16 Conv 14 256 3 512 2304 512 51.37%
Layer 17 Conv 7 512 3 512 4608 512 53.44%
Layer 18 Conv 14 256 1 512 256 512 54.62%
Layer 19 Conv 7 512 3 512 4608 512 56.76%
Layer 20 Conv 7 512 3 512 4608 512 52.08%
Layer 21 Dense 1 512 1 1000 512 1000 50.32%

Table 9. ResNet-18 layer-wise risk index and AWL mapping.

Risk Index AWL
R >= 256 R >=512 R >= 256 R >=512

R Ratio 10 15 20 10 15 20 10 15 20 10 15 20
Layer 1 2 1 0 2 1 0 32 64 128 32 64 128
Layers 2~5 4 3 2 3 2 1 16 32 16 32 64
Layers 6~7 5 4 3 4 3 2 16 16 8 16 32
Layer 8 2 1 0 2 1 0 32 64 64 32 64 64
Layers 9~10 5 4 3 4 3 2 8 16 16 8 16 32
Layers 11~12 6 5 4 5 4 3 8 16 16 8 16 16
Layer 13 2 1 0 2 1 0 32 64 128 32 64 128
Layer 14 7 6 5 6 5 4 8 16 16 8 16 16
Layers 15~16 6 5 4 5 4 3 8 16 16 8 16 16
Layer 17 7 6 5 6 5 4 8 16 16 8 16 16
Layer 18 3 2 1 2 1 0 16 32 64 32 64 128
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Table 9. Cont.
Risk Index AWL
R >=256 R >=512 R >=256 R >=512
R Ratio 10 15 20 10 15 20 10 15 20 10 15 20
Layer 19 8 16 16 8 16 16
Layer 20 7 5 4 6 4 3 8 16 16 8 16 16
Layer 21 -1 16 64 128 32 128 128
4.2. Analysis of Accuracy and Efficiency for Small R Ratios
Small R ratios have a more serious impact on the generated current error. Therefore,
we firstly use R ratios of 10, 15, and 20 to discuss the effect of the AWL configuration on
accuracy and efficiency. Besides with the baseline, we also compare our layer-wise AWL
decision methodology with the fixed-AWL configuration (Fix 16).
4.2.1. Cifar-10
Table 10 lists the AWL configuration of each layer, accuracy, and the cycle count with
different R ratios; we use the quantified accuracy, which is 59%, as the baseline. Compared
with the “Fix 16” configuration, our methodology has better accuracy with an R ratio of
10 and has better computational efficiency with R ratios of 15 and 20. Figure 14 shows the
accuracy comparison with different R ratios.
Table 10. Accuracy and total cycles of Cifar-10 using fixed AWLs and layer-wise AWLs.
AWL
10 15 20
R Ratio Baseline
Fix 16 Ours Fix 16 Ours Fix 16 Ours
Layer 1 8 16 32 16 32 16 32
Layer 2 8 16 8 16 16 16 16
Layer 3 8 16 8 16 16 16 32
Layer 4 8 16 64 16 64 16 64
Layer 5 8 16 64 16 64 16 64
ACC 59% 53.7% 55.65% 57.2% 57.2% 58.35% 58.35
ACC Loss X —5.3% —3.35% —1.8% —1.8% —0.65% —0.65%
Total Cycles 192 96 175 96 89 96 71
Cycle Benefit X —50% —9% —50% —54% —50% —63%
422. VGG-8

Table 11 lists the AWL configuration of each layer, accuracy, and the cycle count for
different R ratios, where the baseline accuracy is 64.9%. We have similar comparison results
for VGG-8 with respect to Cifar-10.
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Accuracy Comparison
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Figure 14. Accuracy comparison of Cifar-10 for different R ratios.

Table 11. Accuracy and total cycles of VGG-8 using fixed AWLs and layer-wise AWLs.

AWL
10 15 20
R Ratio Baseline
Fix 16 Ours Fix 16 Ours Fix 16 Ours
Layer 1 8 16 32 16 32 16 32
Layer 2 8 16 16 16 32 16 64
Layer 3 8 16 16 16 32 16 64
Layer 4 8 16 8 16 16 16 16
Layer 5 8 16 8 16 16 16 32
Layer 6 8 16 8 16 16 16 16
Layer 7 8 16 8 16 16 16 16
Layer 8 8 16 64 16 128 16 128
ACC 64.9% 60.15% 62% 63.9% 63.9% 64.79% 64.79%
ACC Loss X —4.75% —2.9% —1% —1% —0.11% —0.11%
Total Cycles 1108 554 1055 554 528 554 484
Cycle Benefit X —50% —5% —50% —52% —50% —56%

4.2.3. ResNet-18

Table 12 lists the AWL configuration of each layer, accuracy, and the cycle count for dif-
ferent R ratios, where the baseline accuracy is 71.6%. Because the matrix row factor of most
layers is larger than 256, in addition to the original risk factor Matrix Row (R) >= 256,
we also list the results when this risk factor is changed to Matrix Row (R) >= 512.
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Table 12. Accuracy and total cycles of ResNet-18 using fixed AWLs and layer-wise AWLs.
AWL
10 15 20
R Ratio Baseline - - -
Fix 16 R256 R512 Fix 16 R256 R512 Fix 16 R256 R512
Layer 1 8 16 32 32 16 64 64 16 128 128
Layers 2~5 8 16 8 16 16 16 32 16 32 64
Layers 6~7 8 16 8 8 16 16 16 16 16 32
Layer 8 8 16 32 32 16 64 64 16 128 128
Layers 9~12 8 16 8 8 16 16 16 16 16 16
Layer 13 8 16 32 32 16 64 64 16 128 128
Layers 14~17 8 16 8 8 16 16 16 16 16 16
Layer 18 8 16 16 32 16 32 64 16 64 128
Layers 19~20 8 16 8 8 16 16 16 16 16 16
Layer 21 8 16 16 32 16 64 128 16 128 128
ACC 71.6% 62.5% 69.2% 68.3%  699%  69.9% 69.88% 70.8%  70.75% 70.72%
ACC Loss X —91% —24% —33% —-17% —-17% —172% —0.8% —0.85% —0.88%
Total Cycles 3955 1978 3875 3707 1978 1930 1850 1978 1848 1756
Cycle Benefit X —50% —2% —6.3% —50% —51.2% —53.2% —50% —53.3% —55.6%

We have similar comparison results on VGG-18 with respect to Cifar-10 and VGG-8.
Comparing the modified risk factor (R512) with the original risk factor (R256), a small
increaser in computational efficiency is achieved with little loss in accuracy.

4.2.4. Discussion

The experiments on Cifar-10, VGG-8, and ResNet-18 all show that compared with the
“Fix 16” configuration, our methodology has better accuracy with an R ratio of 10 and has
better computational efficiency with R ratios of 15 and 20.

The experimental results also show that computational accuracy is much more sen-
sitive to the AWL configuration for the R ratio of 10 compared with R ratios of 15 and 20.
Because of special consideration for the R ratio of 10 in the risk factors, our methodology
has less accuracy reduction with an R ratio of 10, while for R ratios of 15 and 20, because the
larger the R ratio, the more current deviations can be tolerated, computational accuracy is
less sensitive to the AWL configuration, and our methodology has the best computational
efficiency with very little accuracy reduction. Overall, our methodology performs the best
in terms of computational accuracy and computational efficiency for an R ratio of 20; the
experimental results illustrate the advantage of our layer-wise AWL decision method and
special risk factor design.

Finally, for the application of our methodology to ResNet-18, because the matrix row
factor of most layers is larger than 256, a modified risk factor further reduces the cycle
count a little with little accuracy loss in comparison with the original risk factor. This shows
that for large neural network architectures, tuning on our risk factors is easy and offers a
flexible space for a trade-off between computational accuracy and computational efficiency.
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4.3. Exploration on Large R Ratio and AWL Size
4.3.1. Risk Index and AWL Mapping

In our risk factor design, R ratios of 25 and 35 have the same risk index as the R ratio of
20. In addition, the larger the R ratio, the larger the minimal AWLs can be used. Therefore,
for R ratios of 25 and 35, the minimal AWLs can be increased from 16 to 32 or even more.
Therefore, except for the original risk index and AWL mapping for small R ratios (min.
AWL = 16), Table 13 lists the mapping of risk index and different minimal AWLs for R
ratios of 25 and 35.

Table 13. Risk index and different Min. AWL mapping table for R ratios of 25 and 35.

AWLs
Risk Index Min. AWL =16 Min. AWL =32 Min. AWL =64 Min. AWL =128 Min. AWL =256
>=3 16 32 64 128 256
2 32 64 128 256 512
1 64 128 256 512 512
<=0 128 256 512 512 512

4.3.2. Results

In Tables 14-16, we list the accuracy and cycle benefit on Cifar-10, VGG-8, and
ResNet-18, with different minimal AWLs for R ratios of 25 and 35. Figure 15 shows
the accuracy comparison of ResNet-18 for different Min. AWLs.

Table 14. Accuracy and cycle benefit of Cifar-10 for different Min. AWLs for R ratios of25 and 35.

AWLs
Min. AWL 16 32 64 128 256
Layer 1 32 32 32 32 32
Layer 2 16 32 64 128 256
Layer 3 32 64 128 256 512
Layer 4 64 64 64 64 64
Layer 5 64 64 64 64 64
ACC—R Ratio 25 59% 59% 58.9% 59.65% 21.14%
ACC—R Ratio 35 59% 59% 59% 59.15% 51.83%
ACC Loss—R Ratio 25 —0% —0% —0.1% +0.65% —37.86%
ACC Loss—R Ratio 35 —0% —0% —0% +0.15% —7.17%
Total Cycles 71 37 21 12 8
Cycle Benefit —63% —81% —89% —93% —95%

4.3.3. Discussion

The experiments on Cifar-10, VGG-8, and ResNet-18 all show that when the minimal
AWL number is increased from 16 to 32 or 64, there is only a small accuracy reduction,
but there is a large computation cycle benefit. The reason is also because the larger the R
ratio, the more current deviations can be tolerated; therefore, computational accuracy is
less sensitive to the AWL configuration.
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Table 15. Accuracy and cycle benefit of VGG-8 for different Min. AWLs for R ratios of 25 and 35.

AWLs

Min. AWL 16 32 64 128 256

Layer 1 32 32 32 32 32

Layer 2 64 128 256 512 512

Layer 3 64 128 256 512 512

Layer 4 16 32 64 128 256

Layer 5 32 64 128 256 512

Layer 6 16 32 64 128 256

Layer 7 16 32 64 128 256

Layer 8 128 128 128 128 128
ACC—R Ratio 25 64.9% 64.85% 64.1% 61.8% 44.25%
ACC—R Ratio 35 64.9% 64.9% 64.8% 63.1% 55.3%

ACC Loss—R Ratio 25 —0% —0.05% —0.8% —3.1% —20.65%

ACC Loss—R Ratio 35 —0% —0% —0.1% —1.8% —9.6%

Total Cycles 484 244 124 64 55
Cycle Benefit —56% —78% —89% —94% —95%

Table 16. Accuracy and cycle benefit of ResNet-18 for different Min. AWLs for R ratios of 25 and 35.

AWLs
Min. AWL 16 32 64 128 256
Layer 1 128 256 256 256 256
Layers 2~5 32 64 128 256 512
Layers 6~7 16 32 64 128 256
Layer 8 64 64 64 64 64
Layers 9~10 16 32 64 128 256
Layers 11~12 16 32 64 128 256
Layer 13 128 128 128 128 128
Layer 14 16 32 64 128 256
Layers 15~16 16 32 64 128 256
Layer 17 16 32 64 128 256
Layer 18 64 128 256 256 256
Layer 19 16 32 64 128 256
Layer 20 16 32 64 128 256
Layer 21 128 256 512 512 512
ACC—R Ratio 25 71.2% 71.05% 70.6% 67.1% 41.8%
ACC—R Ratio 35 71.6% 71.5% 71.2% 69.8% 60.2%
ACC Loss—R Ratio 25 —0.4% —0.55% —1% —4.5% —29.8%
ACC Loss—R Ratio 35 —0% —0.1% —0.4% —1.8% —11.4%

Total Cycle 1848 925 466 238 193

Cycle Benefit —53.3% —76.6% —88.2% —94% —95%
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Figure 15. Accuracy comparison of ResNet-18 for different Min. AWLs.

However, when the minimal AWL number is increased to 128, accuracy begins to
have an obvious reduction for VGG-8 and ResNet-18, especially with an R ratio of 25. But
for Cifar-10, we speculate that the slight increase in accuracy is due to the fact that the
error introduced by this configuration just causes some data that the original model had
previously misjudged to be correct, and we believe that it is a special case.

In addition, all three tables show a significant drop in accuracy when the minimal
AWL number is increased to 256. Therefore, we can conclude that for R ratios of 25 and 35,
increasing the minimal AWL number from 16 to 32 or 64 yields the best results.

From the experimental results, we know that increasing the R ratio can improve the
problem of declining accuracy and allows us to use a larger AWL number and achieve
better computational efficiency. However, the current range of R ratios mostly falls between
10 and 50, so this problem cannot be solved by infinitely increasing the R ratio. Furthermore,
increasing the R ratio also increases the hardware area, which is a burden for devices with
limited size. For our methodology, increasing the R ratio to 25 or 35 allows us to have a
more flexible planning space and better computational efficiency.

5. Conclusions

In this paper, we propose a layer-wise AWL strategy to configure the appropriate
number of AWLs for each neural layer. Our AWL configuration also takes into account
the effect of the resistance on/off ratio (R ratio); based on the observed risk factors, we
design a risk index-to-AWL mapping methodology. Meanwhile, based on the proposed
quantization and current deviation error calculation methods, we design a CIM simulation
framework to simulate the accuracy of CNNs in the inference stage.

The proposed methodology improves computational efficiency with only slight accu-
racy loss. In comparison with the fixed-AWL configuration, our methodology has better
computational accuracy with small resistance on/off ratios. For higher resistance on/off
ratios, our methodology shows a significant improvement in computational efficiency in
comparison with the baseline. On the exploration of different R ratios, experimental results
show that our layer-wise AWL configuration methodology has a more flexible planning
space and better computational efficiency.

In a future perspective, extending our work to study the sensitivity of cell resistance
deviation is the key direction. In this paper, we explore our methodology on the sensitivity
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of current deviation and resistance on/off ratio, but cell resistance deviation is another
important factor that has a great impact on computational accuracy and computational
efficiency of RRAM CIM. However, integrating these three sensitivity problems together is
complex, and more observation and study are necessary.

In addition to cell resistance deviation, other RRAM non-idealities, such as IR drop
and ADC noise, are all important issues that lead to a non-linear relationship between
computational accuracy and computational efficiency. To overcome these challenges,
enhanced risk factor designs and more flexible index mapping methods are necessary,
which are important future directions of our work.
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