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Abstract: This paper presents a novel method for minimizing the power consumption of weight
data movements required by a convolutional operation performed on a two-dimensional multi-
plier–accumulator (MAC) array of a deep neural-network accelerator. The proposed technique
employs a local register file (LRF) at each MAC unit in a manner such that once weight pixels are read
from the global buffer into the LRF, they are reused from the LRF as many times as desired instead of
being repeatedly fetched from the global buffer in each convolutional operation. One of the most
evident merits of the proposed method is that the procedure is completely free from the burden of
data transfer between neighboring MAC units. It was found from our simulations that the proposed
method provides a power saving of approximately 83.33% and 97.62% compared with the power
savings recorded by the conventional methods, respectively, when the dimensions of the input data
matrix and weight matrix are 128 × 128 and 5 × 5, respectively. The power savings increase as the
dimensions of the input data matrix or weight matrix increase.

Keywords: deep learning accelerator; field-programmable gate array (FPGA); deep neural networks
(DNNs)

1. Introduction

Recently, several studies on deep neural networks (DNNs) have been conducted to
apply them to various fields, including image classification [1–3], object detection [4,5],
speech recognition [6,7], and autonomous vehicles [8]. These DNNs are mostly used in edge
devices, such as Internet of Things devices or cell phones, wherein power consumption is a
critical issue. This study addresses the problem of minimizing the power consumption of
DNN accelerators.

Recalling that the main functionality of a DNN is the convolutional operation between
the input data and weight pixels, we propose a novel procedure for minimizing the power
consumption required by the data movements involved in the convolutional operation.
As DNN accelerators generally consume far more power in data movements than that
consumed in arithmetic operations [9,10], a power-efficient DNN accelerator cannot be
accomplished without reducing the power consumption of data movements. In particular,
this study addresses the issue of minimizing the power consumption of data movements
by reducing the number of global buffer accesses required to obtain the weight pixel
to be convolved with a given input data pixel. The proposed technique introduces a
novel control procedure for managing a local register file (LRF) to be installed at each
multiplier–accumulator (MAC) unit of a two-dimensional (2-D) MAC array in a given
DNN. This management is conducted in a manner such that using the proposed LRF, each
weight pixel fetched from the global buffer can be reused as many times as required in the
convolutional operation. Consequently, the global buffer access is replaced with the LRF
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access, where the power consumption of the latter is approximately six times that of the
former [11].

Several dataflow methods such as weight stationary (WS) [12–17], output station-
ary (OS) [18–20], and row stationary (RS) [11] have been proposed to reduce the global
buffer access for the purpose of power consumption during the convolutional operation.
Among them, ref. [11] has demonstrated that when both input data and weight pixels
are properly reused, the power consumption can be far lower than that produced by
other [12–20] methods. However, as the dimension of the input data matrix or that of the
weight matrix increases, the method in [11] suffers owing to the fact that the required
number of data transfers between neighboring MAC units and the size of each LRF should
simultaneously be proportionally increased. This is because the LRF at each MAC unit,
proposed by [11], has to provide both input data and weight pixels, which should be
transferred to the neighboring MAC unit.

Meanwhile, in [21], by properly rearranging the convolutional operation procedure,
the MAC units in the 2-D MAC array can share input data according to the columns, and the
results indicate that the LRF for input data pixels can be installed outside the MAC unit.
Consequently, the amount of hardware (HW) resources required by the LRF of the input
data pixels can be far less than that of other dataflow methods. However, the method in [21]
focuses only on the reuse of input data and does not discuss the reuse of weight pixels.
In this paper, we propose a DNN accelerator that requires minimal HW resources compared
with that required in all previous studies [11] and is more power efficient than the method
in a previous study [21]. This superior efficiency results from the fact that the proposed
methods allow weight pixels as well as input data to be reused. Furthermore, the proposed
weight data dataflow method provides considerable power saving in comparison with that
provided by the method in [11]. This is because it does not include the weight data transfer
between the neighboring MAC units.

The main contributions of this paper can be summarized as follows.

• Proposal of a novel control sequence for reusing weight pixels by utilizing an LRF
installed in each MAC unit in a 2-D MAC array.

• Analysis of global buffer access reduction ratio and power saving in comparison with
that in the RS dataflow method as well as the methods involving no data owing to the
reuse of weight pixels through the proposed control sequence.

The remainder of this paper is organized as follows. In Section 2, we introduce a novel
method for minimizing power consumption in a DNN accelerator employing a 2-D MAC
array by replacing global buffer access with LRF access. Section 3 presents a numerical
analysis to demonstrate the superiority of the proposed accelerator in comparison with
typical conventional methods [21] and RS dataflow [11]. Finally, Section 4 concludes
the paper.

2. Proposed Method for Minimizing Global Buffer Access by Using a Local
Register File

In this section, we introduce a novel procedure for implementing control sequences
that control the reuse of weight pixels using an LRF to be installed at each MAC unit of a
DNN accelerator, the main functionality of which is a convolutional operation. The key
issue is to minimize the power consumption required for data movements of the weight pix-
els during the convolutional operation by minimizing the number of global buffer accesses.
To accomplish this, weight pixels are stored at the proposed LRF to be reused as many
times as needed instead of being repeatedly fetched from the global buffer. Consequently,
the dataflow of the weight pixels should be modified in accordance with the new structure
of each MAC unit that includes the proposed LRF. More specifically, we propose a new
DNN accelerator with novel control sequences that properly controls the reuse of weight
pixels using the LRF at each MAC unit of the 2-D MAC array [21,22].

Figure 1 illustrates the structure of a 16× 128 2-D MAC array at each MAC unit, where
a Wn(x) ×Wn(y) LRF is installed. Here, Wn(x) and Wn(x) denote the row and column dimen-
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sions of the weight matrix, respectively. The LRF is to be implemented as a Wn(x) ×Wn(y)
register at each MAC unit of the 2-D MAC array to store the weight pixels to be convolved
with the corresponding input data. On the other side, the LRF for the input data does
not have to be installed at each MAC unit. Because the input data pixels can be properly
rearranged such that all the LRF contents corresponding to the input data pixel at each
column of a given 2-D MAC array are identical to one another [21]. Consequently, we need
128 LRFs to store all the input data pixels involved in a given convolutional operation,
while each of the 128 LRFs is shared by all the MAC units of the corresponding column.
Compared to the method of [21], the LRF in the proposed method is to be installed at each
MAC unit whereas the method of [21] requires the whole LRFs to be installed outside the
MAC array, which means the proposed method is more advantageous than [21] in terms
of the power consumption required for data movements between the LRF and MAC unit.

Figure 1. Two-dimensional multiplier–accumulator (2-D MAC) array structure with the proposed
local register file (LRF) at each MAC unit.

Figure 2 illustrates a conceptual block diagram depicting the manner in which each
pixel of 16 weights of 128 channels is read from the global buffer into the LRF at each
corresponding MAC unit of the 16 × 128 2-D MAC array. As shown in Figure 2, the weight
pixels from the ith weight matrix of jth channel are to be stored at the LRF installed at the
MAC unit of the ith row of the jth column of the 2-D MAC array.

Figure 2. Conceptual block diagram depicting the manner in which each pixel of 16 weights of
128 channels is read from the global buffer into the LRF at each corresponding MAC unit of the
16 × 128 2-D MAC array.
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The objective here is to reduce the power consumption required for data movements
during convolutional operations in a given DNN accelerator by exploiting data reuse for
weight pixels. The reduction in power consumption presented in this paper will further
enhance the existing power saving that was accomplished through the reuse of input data
pixels, as discussed in [21]. The proposed control sequences explained in this section are
implemented in such a way that each weight pixel is reused as many times as the input
data reuse factor by storing Wn(x) ×Wn(y) weight pixels at each corresponding MAC unit,
as shown in Figures 1 and 2. Such an implementation is followed to reuse the weight
pixels as many times as required for the convolutional operation instead of repeatedly
fetching them from the global buffer whenever needed. Note that the proposed control
sequences can arbitrarily set the data reuse factor for each weight pixel to the data reuse
factor of the input data pixels given a priori. This indicates that the data reuse factor for
each weight pixel can be flexibly controlled according to the given data reuse factor of the
input data pixels.

Figure 3 illustrates the MAC unit structure prepared for the convolutional operation
between the input data and weights. Figure 3a corresponds to the situation wherein a
convolution operation is performed without the merit of data reuse, meaning that the
weight pixel is read from the global buffer whenever needed. Consequently, the required
number of global buffer accesses is the same as the required number of convolutional
operations, which results in a tremendous amount of power consumption. Figure 3b depicts
the MAC unit structure employing the concept of RS dataflow [11] to reuse the weight pixel.
Note that each MAC unit includes LRFs for storing weight pixels as well as input data pixels
and partial sums. In the RS dataflow method, all the weight pixel elements in each row of
the given weight matrix are stored in the LRF set up at each MAC unit. Each MAC unit
should also provide additional LRF resources to store the corresponding input data pixels
to be convolved with the row of the weight matrix. Consequently, the contents of the LRFs
at each MAC unit, that is, weight, input, and partial sum, should be transferred successively
to the next corresponding MAC unit. The LRF resources installed for the weight pixels,
input data pixels, and partial sums are denoted as green, blue, and red, respectively,
in Figure 3b. Figure 3c illustrates the proposed MAC unit structure, including the LRF
installed for storing the weight pixels. The control signal determines the dataflow around
the Wn(x) ×Wn(y) LRF and convolutional operator. During the initial stage, the weight
pixels read from the global buffer are selected to be stored at the LRF as well as to be
convolved with the corresponding input data. As the LRF is filled with the weight pixels
read from the global buffer, the initial stage is complete. The control signal then selects the
correct weight pixel stored at the LRF, which is the weight pixel to be convolved with the
corresponding input data. This operation, that is, the convolution of each LRF element with
the corresponding input data pixel, is continued as many times as the weight data reuse
factor, which can be set arbitrarily according to the value of the input data reuse factor
set a priori. As a matter of fact, the weight data reuse factor, Rw, is determined as Ri − 1,
where Ri denotes the input data reuse factor. This indicates that each of the weight pixels
stored at the LRF is reused for the convolutional operation as many times as the weight
data reuse factor. Consequently, global buffer access is not required, while the weight
pixels stored at the LRF at each MAC unit are repeatedly used for convolution with the
corresponding input data. Mathematical DNN convolution expressions at the proposed
MAC unit structure can be summarized as

O =
C−1

∑
k=0

Ri−1

∑
j=0

K−1

∑
i=0

I[k][j]×W[i]. (1)

where O, I, W, C, and K denote output data, input data, weight, Input data size, and weight
size, respectively.
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Figure 3. (a) MAC unit structure allowing no data reuse. (b) MAC unit structure allowing data reuse
with row stationary dataflow [2]. (c) MAC unit structure allowing data reuse with proposed method.

Figure 4 illustrates a flowchart of the proposed control sequences that control the
reuse of the weight pixels. More specifically, the flowchart shown in Figure 4 explains the
manner in which the proposed MAC unit structure operates in terms of data reuse for
the weight pixels. At the start of the convolutional operation, the global buffer address
for the target weight matrix is updated, and the weight data reuse factor is reset, that
is, Rw ← 0. Note that the input data reuse factor, Ri, is provided a priori such that the
weight pixels are reused Ri − 1 times. It particularly means that the proposed method can
arbitrarily adjust the reuse factor of each weight in accordance with the input data reuse
factor of the method of [21], which means the proposed method can very efficiently be
combined with the method of [21]. During the initial stage, the weight pixel successively
read from the global buffer is not only used for convolution with the corresponding input
data but also stored at the proposed LRF. When the initial stage ends, that is, when the
LRF is completely stored with Wn(x) ×Wn(y) weight pixels, the convolutional operation
is continued repeatedly using the stored weight pixels. As each of all the Wn(x) ×Wn(y)
weight pixels stored in the LRF is reused for the convolution operation, the present value
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for the weight data reuse factor is incremented, that is, Rw ← Rw + 1. After reusing all
the stored Wn(x) ×Wn(y) weight pixels Ri − 1 times, we are required to check whether all
the weight matrices have been considered. If so, the entire procedure of the convolutional
operation for a given MAC unit is completed. Otherwise, the procedure returns to the step
of updating the global buffer address for the next target weight matrix.

Figure 4. Proposed control sequences determining the dataflow of weight pixels.

3. Numerical Results
3.1. Power Saving

This subsection presents the numerical results regarding the gain of the proposed
method obtained from various computer simulations.

First, we summarize the extent to which the proposed method reduces the required
number of global buffer accesses using the concept of data reuse discussed in the previous
section. With no data reuse, as shown in Figure 3a, the required number of global buffer
accesses at each MAC unit for a single-channel weight matrix is Ri ×Wn(x) ×Wn(y) ×M×
(In(y) − (Wn(y) − 1)), where In(x) and In(y) denote the row and column dimensions of the
input data matrix, respectively, and M = (In(x) − (Wn(x) − 1))/Ri.

By applying the proposed MAC unit structure shown in Figure 3c, we can significantly
reduce the required number of global buffer accesses by reusing the weight pixel as many
times as the weight data-reuse factor, Rw = Ri − 1. More specifically, the required number
of global buffer accesses becomes Wn(x)×Wn(y)×M. Furthermore, when M is greater than
1, the required number of global buffer accesses can be reduced to Wn(x) ×Wn(y) based
on the fact that an identical convolutional operation process M times [1]. Consequently,
the global buffer access reduction ratio can be summarized as shown in (2). It indicates
how much the global buffer access can be reduced by using the proposed method.

100× (1−
Wn(x) ×Wn(y)

Ri ×Wn(x) ×Wn(y) ×M× (In(y) − (Wn(y) − 1))
)%. (2)
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Figure 5 illustrates the global buffer access reduction ratio as a function of the input
data matrix dimension according to three different values of the weight matrix dimensions.
It can be observed that the global buffer access reduction ratio monotonically increases
as the dimension of the input data matrix increases. However, the global buffer access
reduction ratio decreases as the dimension of the weight matrix increases. Note that the
required number of global buffer accesses for the weight data in the method of [21] is the
same as the required number of convolutional operations, which is reduced as the weight
matrix size increases for a given input data matrix dimension. It can also be observed that
the global buffer access reduction ratio increases a little whenever the integer part of M
is incremented, which in our case occurs when the dimensions of the input data matrix
become 34, 36, and 38 for the weight matrix dimensions to be 3 × 3, 5 × 5, and 7 × 7,
respectively. Note that the integer part of M is changed from 1 to 2 in these situations.

It is noteworthy that the global buffer access reduction ratio for weight pixels is not
reduced even when the output feature width, that is, the dimension of the convolutional
operation results, is not set to an integer multiple of Ri. The global buffer access reduction
ratio for input data pixels is reduced considerably when the output feature width is not set
to an integer multiple of Ri [21].

Figure 5. Global buffer access reduction ratio for the weight data movements yielded by the proposed
method in comparison with [21].

Table 1 summarizes the global buffer access reduction ratio and the power savings for
the weight data movements yielded by the proposed method. To attain the level of power
savings shown in Table 1, it was assumed that the power consumption during the data
movement required for the global buffer access from each MAC unit was approximately
six times larger than that for the LRF access within each MAC unit [11]. It can be observed
that the proposed method results in the power saving of, for instance, approximately
83.16%, 83.15%, and 83.13% when the weight matrix dimension is 3 × 3, 5 × 5, and 7 × 7,
respectively, for the input matrix with a dimension of 32 × 32.
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Table 1. Global buffer access reduction ratio and resultant power saving for the weight data move-
ments provided by the proposed method in comparison with [21].

Dimension of
Input Data

Matrix

3 × 3 Weight 5 × 5 Weight 7 × 7 Weight
Global Buffer

Access Reduction
Ratio

Power
Saving

Global Buffer
Access Reduction

Ratio
Power Saving

Global Buffer
Access Reduction

Ratio
Power saving

32 × 32 99.79% 83.16% 99.78% 83.15% 99.76% 83.13%
64 × 64 99.97% 83.31% 99.96% 83.30% 99.96% 83.30%

128 × 128 99.99% 83.33% 99.99% 83.33% 99.99% 83.33%

Now, let us compare the proposed method with the RS dataflow method [11]. It can be
observed that the required number of global buffer accesses for both methods is identical,
that is Wn(x) ×Wn(y) , for a single channel of the same weight matrix dimension. It is
noteworthy, however, that each row of data of the weight matrix should be successively
transferred from the LRF of the first MAC unit to that of the last MAC unit to share the given
row data among all the corresponding MAC units in a given 2-D MAC array. Consequently,
the RS dataflow method suffers from additional power consumption owing to the data
movements required for inter-MAC unit transmissions. Because the required number of
inter-MAC unit transmissions in the RS dataflow method is Wn(x)×Wn(y)× (In(y)−Wn(y)),
the data movement gain in the proposed method in comparison to that in the RS dataflow
method can be written as

100× (1−
(Wn(x) ×Wn(y))global bu f f er

(Wn(x) ×Wn(y))global bu f f er + (Wn(x) ×Wn(y) × (In(y) −Wn(y)))inter−mac unit
). (3)

Assuming that the power consumption for the abovementioned inter-MAC unit
transmission is approximately twice that of the LRF access [11], we can summarize the
power savings yielded by the proposed method in comparison to the power savings
produced by the RS dataflow method as

100× (1− 3
In(y) −Wn(y) + 3

). (4)

Figure 6 illustrates the power saving produced by the proposed method in compar-
ison to that produced by the RS dataflow method as a function of the input data matrix
dimension according to three different values for the weight matrix dimensions. Based on
this figure, we can compare the power consumption required for the data movements of
weight pixels for both methods. It can be observed that the power saving monotonically
increases as the dimension of the input data matrix increases, simply because the number
of inter-MAC unit transmissions required in the RS dataflow method increases as the
input matrix size increases. As depicted earlier in Figure 5, because the required number
of convolutional operations decreases as the dimension of the weight matrix increases,
the level of power saving decreases as the weight matrix size increases.
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Figure 6. Power saving in data movements for weight pixels provided by the proposed method in
comparison with [11].

Table 2 summarizes the number of inter-MAC unit transmissions required in the RS
dataflow method, while Table 3 presents the resultant power savings produced by the
proposed method.

Table 2. Required number of inter-MAC Unit transmissions in the method of [11].

Dimension of
Input Data Matrix

Required Number of
Inter-MAC Unit Transmissions

3 × 3 Weight 5 × 5 Weight 7 × 7 Weight
32 × 32 261 675 1225
64 × 64 549 1475 2793

128 × 128 1125 3075 5929

Table 3. Power saving provided by the proposed method in comparison with [11].

Dimension of
Input Data Matrix

Power Saving
3 × 3 Weight 5 × 5 Weight 7 × 7 Weight

32 × 32 90.63% 90% 89.29%
64 × 64 95.31% 95.16% 95%

128 × 128 97.66% 97.62% 97.58%

Table 4 lists the power saving of the proposed method evaluated on a convolutional
layer of AlexNet [1]. In comparison with the [11], the power saving in terms of the weight
pixel movements provided by the proposed method was found to be 98.63%, 88.89%,
76.92%, 76.92%, and 76.92% in the convolutional layer of AlexNet, respectively.
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Table 4. Power saving in the case of AlexNet in comparison with [11].

Convolutional Layer Power Saving Compared to Method of [11]

1 98.63%
2 88.89%
3 76.92%
4 76.92%
5 72.92%

3.2. Hardware Resources

As depicted earlier in Figures 1–3 in Section 2, the proposed MAC unit structure
includes an LRF for storing the weight pixels only, whereas the LRF for the reuse of input
data is installed separately outside the 2-D MAC array. Once again, this is possible only
when the convolutional operation is rearranged [21] in a way such that the input data for
all MAC units of each column of the 2-D MAC array become identical.

Now, we summarize the number of HW resources that can be saved by the proposed
method for installing the LRF required for input data reuse. Table 5 shows the required LRF
size for the reuse of input data pixels according to various input data matrices. Including both
intra—and inter-blocks, the DNN accelerator employing the proposed MAC unit structure
shown in Figure 3c requires the LRF of (Ri + (Wn(x) − 1)× (Ri +Wn(x) − 1))× 128 Kbytes
for input data reuse regardless of the input data matrix size [21]. When the input data
reuse factor and weight matrix dimension are given as Ri = 16 and Wn(x) = 3, respectively,
the LRF size becomes 6.5 Kbytes as listed in Table 5. Meanwhile, for the RS dataflow
method [11], in which the MAC unit structure is shown in Figure 3b, the required LRF size
for the reuse of input data pixels is In(x) × 16× 128 Kbytes for the 16 × 128 2-D MAC array.
Each row of the input data matrix should be stored at each MAC unit, where In(x) denotes
the row dimension of the input data matrix. From Table 5, it can be observed that the
proposed MAC unit structure saves approximately 81.94% of the HW resources required
by all the input data LRFs when In(x) is 18. The savings increase as the input data matrix
size increases, as indicated in Table 5.

Table 5. Required LRF size for input data pixels in a 2-D MAC array of the method of [1] in
comparison with [11].

Dimension of
Input Data Matrix

Size of Entire LRF Required for
Storing Input Data Pixels (bytes)

Method of [21] Method of [11]
18 × 18 6.5 K 36 K
32 × 32 6.5 K 64 K
64 × 64 6.5 K 128 K

128 × 128 6.5 K 256 K

Table 6 shows the FPGA hardware resources required to implement the weight LRF
as proposed by our method, which has been measured by using Vivado tools [23] on
the FPGA of ZCU102 board [24]. It has been found that the proposed method requires
8121 units of flip-flop (FF), 5768 units of a look-up table (LUT), 0 units of block random
access memory (BRAM), and 13 units of a digital signal processor (DSP) slice to install the
weight LRFs on the FPGA of ZCU102 board for the 16 × 128 2-D MAC array shown in
Figure 1. According to the method of [21], the implementation of the input LRFs requires
81,375 units of FF, 72,759 units of LUT, 100 units of BRAM, and 105 units of a DSP slice.
Consequently, the extra amount of hardware resources for implementing the proposed
weight LRFs is approximately 9.98% of the FF, 7.93% of the LUT, and 7.62% of the DSP slice
in comparison with [21].
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Table 6. Additional FPGA hardware resources required for implementing the proposed weight LRFs.

Hardware Resources Required
for Weight LRFs

Extra Hardware Value
Compared to [21]

FF 8121 9.98%
LUT 5768 7.93%

BRAM 0 0
DSP slice 8 7.62%

4. Conclusions

This paper presents a novel procedure for maximizing the data reuse for weight
pixels through the installation of the proposed LRF at each MAC unit of a 2-D MAC
array in a DNN accelerator, whose main functionality is carrying out the convolutional
operation between the input data and weight pixels. The proposed method was applied
to a case wherein the convolutional operation is rearranged such that the LRF for reusing
the input data can be shared by all MAC units at each column of the 2-D MAC array [21].
Although the method introduced in [21] produces tremendous savings in terms of input
data movements, the proposed method further reduces the power consumption required
for the data movements of weight pixels. For instance, compared with the case of no data
reuse, the global buffer access reduction ratio in terms of the weight pixel movements
provided by the proposed method was found to be 99.78%, 99.96%, and 99.99% for input
data matrices with dimensions of 32 × 32, 64 × 64, and 128 × 128, respectively, when the
weight matrix dimension was 5 × 5. Consequently, the proposed method reduced the
power consumption by approximately 83.15%, 83.3%, and 83.33% in the respective cases.
The proposed method was compared with the well-known RS dataflow method [11] to
discover that the power consumption required for the weight pixel movements can be
reduced by 90%, 95.16%, and 97.62% for input data matrices with dimensions of 32 × 32,
64 × 64, and 128 × 128, respectively. The main advantage of the proposed method over
the RS Dataflow method is that it does not include any inter-MAC unit transfers of weight
pixels, which is unavoidable in the RS dataflow method.
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