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Abstract— Convolutional neural networks (CNNs) are widely
used and have achieved great success in computer vision and
speech processing applications. However, deploying the largescale CNN model in the embedded system is subject to the
constraints of computation and memory. An optimized blockfloating-point (BFP) arithmetic is adopted in our accelerator for
efficient inference of deep neural networks in this paper. The
feature maps and model parameters are represented in 16-bit
and 8-bit formats, respectively, in the off-chip memory, which can
reduce memory and off-chip bandwidth requirements by 50%
and 75% compared to the 32-bit FP counterpart. The proposed
8-bit BFP arithmetic with optimized rounding and shiftingoperation-based quantization schemes improves the energy and
hardware efficiency by three times. One CNN model can be
deployed in our accelerator without retraining at the cost of an
accuracy loss of not more than 0.12%. The proposed reconfigurable accelerator with three parallelism dimensions, ping-pong
off-chip DDR3 memory access, and an optimized on-chip buffer
group is implemented on the Xilinx VC709 evaluation board.
Our accelerator achieves a performance of 760.83 GOP/s and
82.88 GOP/s/W under a 200-MHz working frequency, significantly outperforming previous accelerators.
Index Terms— Block floating point (BFP), convolutional
neural network (CNN) accelerator, field-programmable gate
array (FPGA), three-level parallel.

I. I NTRODUCTION
ONVOLUTIONAL neural network (CNN) is the most
widely used machine learning method and has emerged
as the best choice in fields such as image classification [1],
object detection [2], semantic segmentation [3], and speech
processing tasks [4]. The outstanding performance of
CNN-based algorithms is achieved with the overhead of
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enormous computation and memory resources, especially
with the increase in network depth. Over the past few years,
the computational power of training large CNN models under
acceptable timing constraints has become feasible by means
of general-purpose graphics processing units (GPUs).
However, the forward inference process of CNNs also
involves high computational complexity and requires good
real-time performance. For instance, the VGG-16 model,
which involves 138 million parameters, consumes over
30 billion multiplication and addition operations for the
feed-forward process of a 224 × 224 RGB image [5].
When confronting applications with larger images, the number of arithmetic operations increases exponentially. Thus,
traditional general-purpose processors cannot meet the
requirements of real-time applications, and numerous CNN
accelerators based on GPUs and field-programmable gate
array (FPGA)/application-specified integrated circuit (ASIC)
have been proposed [6]–[16].
Compared to the GPU-based CNN accelerator, FPGA has
the following advantages.
1) The programmable attribute of FPGA makes it feasible
for connecting FPGA directly to various image sampling devices. In contrast, the GPU accelerator requires
PCIe to communicate with the sampling devices. Consequently, the data transfer latency is greatly optimized
by FPGA-based design.
2) The FPGA accelerator is more efficient in terms of
communication when integrating the CNN accelerator
with other original FPGA intelligent properties (IPs).
The obstacles of transplanting a CNN on FPGA are
derived from two factors, floating-point (FP) arithmetic
overhead and data traffic requirements, which severely
degrade the throughput and the energy efficiency of the
accelerators.
Data reuse, compression and pruning are common methods
for overcoming the above-mentioned obstacles. For example,
a delicate data reuse scheme that reconfigures FPGA for computations of different layers was proposed to reduce external
data access and arithmetic operations [12]. With the help of the
roofline model, a method that dynamically chooses optimization techniques, including loop tiling and transformation, was
proposed by Zhang et al. [7], which can balance the computational throughput and memory bandwidth. A deep compression
method was proposed in [17] and consists of three stages:
pruning, trained quantization, and Huffman coding; the model
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can significantly reduce the scale of CNN models without
obvious accuracy loss. However, the main drawback of the
above-mentioned methods lies in the time-consuming model
retraining.
By adopting a lower bit length data format, the performance
of the CNN accelerator in terms of chip area, power efficiency,
and memory requirement can be improved greatly. Furthermore, as FPGA lacks FP arithmetic units, researchers have
used a low-bit integer format instead of the traditional single
precision FP format to reduce memory bandwidth and computational resource requirements. A 16-bit fixed-point representation with stochastic rounding was proposed in [18], without
an obvious degradation in accuracy. A 8-/16-bit fixed-point
quantization method was proposed in [9], which can find the
best exponent bit for each layer. However, a shared weakness
of the methods mentioned above is also that time-consuming
retraining required to amend the weights. Nvidia proposed an
8-bit fixed-point inference architecture that does not require
additional fine-tuning or retraining [19]. However, the architecture requires FP division in the quantization phase and FP
multiplication in the dequantization phase.
Recently, a flexible low-bit length numeric format—block
FP (BFP)—has begun to draw attention among academics.
In [20], an adaptive numeric format for efficient training of
deep neural networks (DNNs) was proposed, which consists
of a 16-bit mantissa and a 5-bit shared exponent. The limitation
of this paper stems from the complex intelligent exponent
management algorithm. A BFP arithmetic was proposed by our
group for neural network inference [21]. The 8-bit mantissa
and 5-bit shared exponent can satisfy the applications of
typical neural networks. However, the rough processing of the
rounding and zero setting model hinders further reduction of
the mantissa length. In addition, this method has not been
deployed on the hardware platform.
To overcome the above-mentioned obstacles, we first
develop an optimized BFP arithmetic to reduce the off-chip
traffic and hardware cost with negligible classification accuracy loss. Next, we adopt three-level parallel convolution PUs,
a ping-pong memory access scheme, and an optimized on-chip
buffer group to improve the throughput of our accelerator.
Finally, the reconfigurable accelerator is deployed on a Xilinx
VC709 evaluation board, yielding high performance that significantly outperforms previous accelerators. The contributions
of this paper are summarized as follows.
1) A BFP-based arithmetic is employed in our FPGA-based
CNN accelerator, in which merely shifting operations are
required in the quantization and dequantization phases.
The design can reduce memory and off-chip bandwidth
requirements by 50% and 75% compared to the 32-bit
FP counterpart, with an accuracy loss of not more than
0.12%. An optimized rounding and zero setting model is
developed to further improve the classification accuracy
with a low-bit mantissa.
2) A mathematical model for analyzing the error propagation in BFP formatted neural network is proposed in
this paper. The average deviation is 4.64 dB, and thus,
the model can efficiently support the verification of CNN
accelerator design. Our BFP arithmetic can be directly
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applied to different CNN models without retraining and
fine-tuning.
3) Our accelerator consists of 1024 PUs, and it can achieve
three-level parallelism (input channel parallelism, output
channel parallelism, and pixel parallelism). The
ping-pong memory access scheme can eliminate the
DRAM transition latency between the write and read
modes. An optimized on-chip buffer group is adopted
to reduce the data traffic with off-chip memory.
The remainder of this paper is organized as follows. The
BFP arithmetic and corresponding error analysis is explained
in Section II. The related hardware implementation of our
accelerator is presented in Section III. Section IV presents
the experimental results. Finally, conclusions are drawn in
Section V.
II. B LOCK -F LOATING -P OINT
A RITHMETIC -O RIENTED CNN
A. Preliminary of Block-Floating-Point Arithmetic
An N-data block represented with the BFP format consists
of two parts: N mantissas and one exponent shared by the
N numbers in a block. The process of the BFP conversion is
defined as follows. Assuming that X is a data set containing
N FP numbers, we can express the set as
X = (x 1 , . . . , x i , . . . , x N )
= (m 1 × 2e1 , . . . , m i × 2ei , . . . , m N × 2e N ).

(1)

The largest exponent in X is defined as the block
exponent  X
 X = max ei i ∈ {1, 2, . . . , N}.
i

(2)

After deriving the common block exponent  X , the mantissa
number m i is right shifted by di bits, where di =  X −ei . Thus,
the BFP format of X, i.e., Xb is expressed as
Xb = (x b1 , . . . , x bi , . . . , x bN )
= Mb X × 2 X
= (m b1 , . . . , m bi , . . . , m bN ) × 2 X

(3)

where m bi = m i >> di is the BFP formatted mantissa.
B. Convolution Operations in CNN
The convolutional layer is the most computationally intensive component in CNN and mainly consists of two key
operations: local correlation and receptive field sliding. Each
kernel is treated as a filter, calculating the local feature. The
forward propagation process of the filter calculates the node
in the output feature maps through the convolution of the
input feature maps and kernel matrix. Suppose that the current
layer has Ci input feature maps and Co output feature maps.
There are Ci × K W × K H × Co corresponding weights in
n
denote the weight of filter
the 4-D kernel matrix. Let wi,x,y
node (i, x, y) corresponding to the nth node of the output unit
matrix, and bn represents the bias corresponding to the nth
node of the output unit matrix. The nth node of the output
unit matrix o f m n can be derived by
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TABLE I
H ARDWARE C OST OF D IFFERENT D ATA P RECISION O PERATIONS

⎛
⎞
Ci 
KW 
KH

n
o f m n = ReLU ⎝
i f m i,x,y × wi,x,y
+ bn ⎠
i=1 x=1 y=1

where i f m i,x,y is the node (i, x, y) of the input matrix.
A rectified linear unit (ReLU) is used as a nonlinear function
to improve the expressive power of the neural network by
adding nonlinear factors.
C. Data Flow of the BFP Arithmetic in Our Accelerator
The hardware costs of different data precision operations
[27] are shown in Table I. The results show that the energy
and area costs of fixed-point operations are smaller than
those of FP operations, especially for addition operations.
For the FPGA-based CNN accelerator design, the fixed-point
arithmetic is also much more efficient compared with FP
arithmetic. A 16-bit four-stage FP multiplier requires 2 DSP,
51 LUT, and 95 flip-flops (FFs) for a maximum working
frequency of 219 MHz, while a 16-bit fixed-point multiplier
achieves a working frequency of 300 MHz with only one DSP.
Two common quantization methods used in the fixed-point
arithmetic accelerators are shown in Fig. 1. The scheme in [9]
does not increase the on-chip resource consumption; however,
it introduces additional test and fine-tuning overheads. With
an 8-bit data length, the largest accuracy loss in [9] accounted
for 6%. The method in [19] can maintain the classification
accuracy without retraining and fine-tuning. However, FP divisions and multiplications are required in the quantization and
dequantization phases.
To overcome the above-mentioned obstacles, a BFP
arithmetic-based accelerator without retraining and fine-tuning
is proposed in this paper. The precision of BFP quantization
is determined by the bit length of the mantissa and the block
partition mode. In this paper, the mantissa bit length is defined
as 8 for typical CNN models, which will be discussed in detail
in Section IV, and thus determining how to partition the block
is the key issue. The process of the convolution operation is
described as
OCo ×M = WCo ×K I K ×M

(4)

where O, W, and I represent matrices transformed from
output feature maps, kernels, and input feature maps,
respectively. Co is the number of output channels, while

Fig. 1. Data quantization flow of previous CNN accelerators. (a) AngelEye [9]. (b) TensorRT [19].
TABLE II
C OMPLEXITY OF F OUR BFP T RANSFORM M ETHODS (L W I S THE M AN TISSA B IT L ENGTH OF W EIGHT, L I I S THE M ANTISSA B IT L ENGTH OF
I NPUT F EATURE M AP, THE S IGN B IT I S I NCLUDED IN L W AND L I ,
L e I S THE E XPONENT B IT L ENGTH , “T IME ” I S THE N UMBER OF
T IMES N EEDED TO RUN B LOCK F ORMATTING )

K = Ci × K W × K H and M = OW × O H are the sizes of
the filters and receptive fields.
There are three other ways to perform matrix multiplication:
entrywise, rowwise, and columnwise, which are described by
the following equations:
 cT · i m
ocm = w
ocT

=

w
 cT

·I

om = W · i m .

(5)
(6)
(7)

The above-mentioned equations represent four different
ways to realize block partition. Equation (4) shows that
W and I constitute two blocks individually, which represents
the most commonly used fixed-point method. This method has
minimal storage requirements but will seriously affect data
accuracy. In (5), W and I are divided into Co and M blocks,
respectively. This method has maximal storage requirements
with negligible accuracy loss. Equations (6) and (7) are
balanced approaches with respect to the storage requirement
and accuracy loss, and divide W or I into multiple blocks,
respectively. Table II shows the complexity of the above four
BFP transform methods.
For typical CNN models, M is much greater than Co .
An analysis given in Table II reveals that the methods in (5) and (7) involve thousands of block formatting
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TABLE III

TABLE IV

A CCURACY A NALYSIS OF T WO BFP T RANSFORM M ETHODS FOR VGG-16

ROUNDING M ODE IN IEEE 754 S TANDARD

TABLE V
P ERFORMANCE OF T HREE ROUNDING A LGORITHMS (T OP -1 A CCURACY,
32-B IT F LOATING -P OINT R ESULTS AS A R EFERENCE )

as the block exponent of next layer input feature maps after
completing the convolution of the current layer. Only shifting
operations are required in the FP2BFP and BFP2FP modules.

Fig. 2. Data flow of our CNN accelerator in one output channel (FP2BFP:
FP to BFP, BFP2FP: BFP to FP, FP2FP: 32-bit FP to 16-bit FP, and ACC:
accumulator).

operations, which slows the entire calculation process. We test
the other two methods in the VGG-16 model on the
ILSVRC12 data set [22], and the results are shown in Table III.
The experiment reveals that the top-1 and top-5 accuracies
of (6) are 1.59% and 0.68% higher than those of (4). Thus,
the method in (6) is adopted in this paper to partition the block.
The data flow of our CNN accelerator in one output channel
is shown in Fig. 2. The input pixels, weights, and biases
are first converted to the corresponding format and stored in
DDR3 memory. The input pixels are represented in a 16-bit
FP format in the DDR3 memory and are converted to an
8-bit BFP format in the FP2BFP module. The biases are also
stored with a 16-bit FP format in the DDR3 memory, and
the mantissa bits are shifted by the difference between the
bias exponent and output exponent in the shifter module. The
weights are computed with an 8-bit integer in the multiplier.
The products of the multiplier, adder, and accumulator are
collected without bit truncation. The final output pixels adopt
a 32-bit BFP format, which will increase the memory and
bandwidth requirements. As the largest exponent of all the
output feature maps is unavailable during the convolution
procedure, the output pixels are converted to a 16-bit FP format
in the BFP2FP module and transferred to the DDR3 memory.
The block exponent of all the output feature maps is registered

D. Round-to-Nearest and Zero-Setting Algorithm
The accuracy loss in our accelerator mainly derives from the
BFP2FP and FP2BFP conversions. Truncation and rounding
are two common methods to handle shifted bits. Because the
truncation mode introduces a biased error, the error will accumulate between layers and eventually produce an obvious deviation. In contrast, the rounding mode only introduces unbiased
Gaussian white noise, and no accumulated deviations exist.
Because the bit length is limited, the value that FP number
can accurately represent is finite. Between the two adjacent FP
numbers, there must be an infinite number of real numbers that
cannot be accurately represented by FP numbers. In the IEEE
754 standard, these numbers are approximated by the nearest
FP numbers, namely, the rounding. There are four common
rounding modes [31], as shown in Table IV.
The above-mentioned modes are equivalent except when
x = (y1 + y2 ), where y1 and y2 are two successive
representable numbers. If one of the latter three rounding
modes is used in the calculation, the error is likely to increase
layer by layer. Therefore, rounding half up and rounding
half down are reasonable. From a statistical point of view,
the probability that the number x is even or odd is 50% for
a large number of calculations. Thus, the round-to-nearest
(RN) mode can minimize the expected error.
The latter two methods can be combined into round toward
infinite (RI). We test the RN, round toward zero (RZ), and RI
modes on the Caffe [24] scheme, and the results are shown
in Table V. The results show that the classification accuracy
of the RN mode is higher than that of the other two modes
for the typical network models. Therefore, the RN mode is
adopted in this paper.
The 32-bit FP number consists of a sign bit, exponent bits,
and mantissa bits, where the length of the mantissa is 24
(including an invisible “1”). In our previous work [21], a loose
zero setting method was adopted. When the right-shifted
length di is equal to or greater than 24 in the weights FP2BFP
module (for the conversion of input feature map, di is equal
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TABLE VI
F REQUENCY OF Z ERO S ETTING E RROR IN O UR P REVIOUS W ORK [21]
(TAKING W EIGHTS AS E XAMPLES )

TABLE VII
P ERFORMANCE OF O UR O PTIMIZED BFP A RITHMETIC (T HE 32-B IT FP
R ESULT IS S ET AS THE BASELINE )

Fig. 3.

High-level block diagram for the proposed CNN accelerator.

zero, and the variance is expressed as
to or greater than 11), the BFP formatted number x bi is set
to zero. di and x bi are defined in Section II-A. Because
the highest bit of the mantissa is 1, rounding up instead of
rounding down is usually required when di is equal to 24. The
statistical results in Table VI show that the frequency of this
situation increases significantly as the length of the mantissa
decreases. Thus, the method results in high rounding errors
for low-bit mantissa BFP arithmetic.
To overcome the above-mentioned obstacle, this paper
proposes an optimized zero setting method. Only when the
right-shifted length di is greater than 24 is the BFP formatted
number x bi set to zero. Our method can significantly reduce
the rounding error in FP2BFP conversion; a detailed performance analysis is provided in Table VII.
Our optimized BFP arithmetic and previous work [21] are
compared in Table VII. The results show that the rounding and
zero setting algorithm employed in this paper can significantly
improve the classification accuracy under the condition of a
low-bit mantissa.
E. Error Analysis of BFP-Oriented Convolution Operations
Based on the data flow of our accelerator, we analyze
the error of our arithmetic in four stages. The first stage
concerns the quantization error in the FP2BFP conversion,
and the error accumulation in the matrix multiplication and
addition is explained in the second stage. The third stage is
the quantization error in the BFP2FP conversion, and the error
propagation between the convolutional layers is described in
stage four.
For block X, the quantization error of FP2BFP conversion
can be defined as α = ebm · 2ξ , where ebm is the quantization
error of the block mantissa, which can be modeled as an
uncorrelated random variable [30]. ξ is the block exponent,
which can be assumed to be uncorrelated. When the RN mode
is used in the conversion, the mean of quantization error α is

σα2 =

Nξ
2−2L m 
·
pξi 22ξi
12

(8)

i=1

where pξi (i = 1, . . . , Nξ ) is the probability mass function (PMF) of the block exponents. Nξ = 2 L e is the number
of available block exponent levels, and L e is the bit length of
the block exponent.
According to our previous work [21], the signal-to-noise
ratio (SNR) of the BFP formatted input matrix and weight
matrix is
SNRI = 10 · log10

E(I2 )
σ I2
C o

SNRW = 10 · log10

(9)


2
c=1 E Wc
C o 2
c=1 σWc

(10)

2
where E(I2 ) is the mean square of the input matrix,
 2 σ I is
the quantization error energy of input matrix I. E Wc is the
2
mean square of the weight matrix’s cth row vector, and σW
c
is the quantization error energy of the cth row vector.
The calculations in convolutional layers can be written as
 of
inner products of the vectors. Given two vectors I and W
length K , we can obtain the BFP formatted versions Ib = I+Ie
b = W
 +W
 e . Ie and W
 e are quantization errors. Here,
and W
we ignore the effect of biases on the error propagation.
The

energy of the BFP formatted inner product E O2b is


 b )2 )
E O2b = E((Ib · W
 2 ) + E((Ie · W)
 2)
= E((I · W)
 e )2 ) + E((Ie · W
 e )2 ).
E((I · W

(11)

 e are independently distributed while
Because Ie and W
ignoring the higher order components of the error, we can
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Fig. 4. Architecture of the convolution PEA. (a) Overall architecture. (b) Architecture of PUm_n . (c) Data format of the DSP port (im (x, y): the pixel in
the position (x, y) of the mth input channel, Km : the convolution kernels of 64 output channels in the mth input channel, Km = [km1 , km2 , . . . , km64 ], kmn :
the convolution kernel of the nth output channel in mth input channel, bn : the bias of the nth output channel, PEm : the processing element (PE) performs
convolution on the mth input channel, PUm_n : the PU performs convolution on the nth output channel in the PEm , and ACC: accumulator).

obtain

 2 ) + E((I · W
 e )2 )
 2 ) + E((Ie · W)
E O2b = E((I · W)
 e 2
1
W
Ie 2
 2 (12)
=
+
· I2 · W
1+
 2
K
I2
W
 e 2 /W
 2 ) are the noise-towhere (Ie 2 /I2 ) and (W
 e and are denoted as ηI and
signal ratios (NSRs) of Ie and W
ηW , respectively. From (9) and (10), we have
ηI = 10−

SNRI
10

and ηW = 10−

SNRW
10

.

(13)

The NSR of the BFP formatted output matrix can be
expressed as
 2)
σ B2
E(O2b )− E((I · W)
=
= ηI +ηW . (14)
ηB =
 2)
 2)
E((I· W)
E((I · W)
Thus, the average SNR of the BFP formatted output
matrix is
SNRB = −10 · log10 ηB
= −10 · log10 10−

SNRI
10

+ 10−

SNRW
10

.

(15)

The quantization errors of BFP2FP conversion γ have zero
mean, and variance σγ2 = (/12).  is the minimum value
interval represented by the FP format after conversion. The
SNR of BFP2FP conversion is

E O2b
.
(16)
SNRγ = 10 · log10
σγ2
The relationship between ηB and ηγ is
ηγ =

σγ2
σγ2
 2 =
.
 2 ) + E((I · W)
 2 ) · ηB
E Ob
E((I · W)

(17)

Thus, the average NSR of the current layer output feature
map ηO is
ηO =
=

σ B2 + σγ2
 2)
E((I · W)
 2 ) + ηγ (E((I · W)
 2 ) + ηB E((I · W)
 2 ))
ηB E((I · W)

= ηB + ηγ + ηB ηγ .

 2)
E((I · W)

(18)

In the VGG-16 network, the result is processed by a ReLU
layer after each convolutional layer. We assume that error is
uniformly distributed in the entire output feature map space.
Thus, the impact of the ReLU layer can be ignored. The output
feature map of the upper layer carrying the error is used as the
input feature map of the current layer; thus, we can analyze
the multilayer propagation error.
Let ηO and ηI represent the NSR of the upper layer output
feature map and the NSR of the FP2BFP conversion for the
current layer input feature map, respectively. Similar to the
analysis process described by (17) and (18), the overall NSR
ηI of the current layer input feature map is
ηI = ηO + ηI + ηO ηI .

(19)

The detailed error analysis and performance comparisons of
our BFP arithmetic are described in Section IV.
III. H ARDWARE I MPLEMENTATION
In this paper,
a kernel size of
input image size
proposed. Fig. 3

a reconfigurable architecture that supports
K W × K H (1 ≤ K W , K H ≤ 7) and an
of 14FW × 14FH (1 ≤ FW , FH ≤ 16) is
illustrates the high-level block diagram for
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Fig. 5. Architecture of the FC PEA (i y and w y : the input pixel and the
weight of the yth output channel, respectively).

the proposed CNN accelerator. Our accelerator is composed of
three primary components: a processing element array (PEA),
an on-chip buffer, and external memory. In the initialization
stage, the input images and network parameters are transferred
from the host computer to the on-board DDR3 modules
via PCIe3.0x8. To reduce the on-chip memory requirements,
we apply the tile-grain convolution scheme (the tile size
is 14×14).
The BFP arithmetic can significantly improve the performance of our accelerator by reducing the off-chip bandwidth
requirements and the on-chip resources, and it introduces only
a small accuracy loss. By analyzing the influence of mantissa
length in the BFP arithmetic on classification accuracy (the
detailed results are presented in Section IV-A), an 8-bit mantissa is applied in our FPGA accelerator implementation.
A. PEA Architecture
According to the dataflow peculiarities of convolutional and
fully connected (FC) layers, the image grain pipeline scheme
[23] is adopted for the convolution PEA and FC PEA in
this paper. When the FC layers of the current image are
processed by the FC PEA, the convolution PEA processes
the convolution computation of the next image. By analyzing
the computational loads of the convolutional and FC layers, 16 (input channels)×64 (output channels) BFP PUs are
employed in the convolutional layer, while only two 16-bit FP
multiply-accumulates (MACs) are adopted in the FC PEA.
1) Convolution PEA Architecture: The overall architecture
of the convolution PEA is shown in Fig. 4(a). Sixteen PEs are
devoted to their corresponding input channels’ convolution.
The input pixels i m and convolution kernels Km are fed into
PEm . The 64 PUs in one PE share the same input pixels, while
they use the kernels of the corresponding output channels.
The products of the 16 PUs(PU1_n , PU2_n , . . ., PU16_n ) are
summed in accumulator An , and the results are accumulated
with the partial sum (sn ) of the former input channels.
PUm_n performs the calculations of the kernel kmn , and the
architecture is shown in Fig. 4(b). The convolution in one PU
employs a two-stage pipeline, including multiplication and
accumulation (the register of the first stage is in the DSP).
In each cycle, the pixels in the receptive field of the input
feature map are input from Port A of the DSP in turn and are
multiplied by the corresponding weights. The result of the
multiplier is accumulated in the next cycle. The convolutional
product of one filter is output after (K W × K H ) cycles.
The multiplier is realized by the DSP48E1 Slice in VC709,
and the max bit widths of the input ports are 25 and 18. In our

Fig. 6.
Architecture of convolution buffers. (a) Layout of input buffer
(TBB: top block buffer, CW: convolution window, RBB: right block buffer).
(b) Layout of output buffer [the coordinate ( p, q) of the pixels in the BRAM:
p denotes the label of the pixel in a 7 × 7 block, q indicates that this pixel
is located in the qth output channel].
TABLE VIII
C OMPUTATIONAL C OMPLEXITY OF T YPICAL CNN S
FOR C ONV AND FC L AYERS

design, the bit length of the input pixels and weights is equal
to 8, and thus two multiplication operations can be carried
out in one DSP slice. Two pixels in the different receptive
field of one input feature map are dispatched to one DSP,
and the blank bits are used to isolate the two multiplication
operations, as shown in Fig. 4(c). Every (K W × K H ) cycles,
two convolution results are produced by one PU, and the
latency of one convolution round equals 14 × 7 × K W × K H
cycles.
The ReLU activation function and the max-pooling function
are involved after completing the convolution of the last
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TABLE IX
BFP Q UANTIZATION R ESULTS U SING D IFFERENT CNN M ODELS (L W AND L I R EPRESENT THE B LOCK M ANTISSA B IT L ENGTH
OF THE W EIGHT AND I NPUT M ATRICES , R ESPECTIVELY )

input channel set. At the beginning of each convolution layer,
the biases are input into the output buffer as the initial
values of the partial sums. To ameliorate the loading latency
during the convolutional procedure, a ping-pong access mode
is applied for input tiles. The shuffle is used to rearrange
the storage locations of partial sums in BRAM. A detailed
introduction of our optimized memory system is provided
in Section III-B.
2) FC PEA Architecture: As shown in Table VIII, the computation loads of the FC layers are less than 1% of the loads
of the convolutional layers except for that of the smaller
AlexNet. Therefore, only two PUs are allocated for the FC
PEA. Taking the FC6 layer in the VGG-16 network as an
example, the input feature map is a 25088-D vector, and
the output feature map has 4096 dimensions. Thus, a weight
filter of size 25088×4096 is needed to connect them. In our
accelerator, each PU performs a vector multiplication of the
corresponding output channel, as shown in Fig. 5. Every
25 088 cycles, the final results of two output channels can be
generated.
B. Memory System
After thoroughly considering the DRAM burst access properties, we define a 7 × 7 block as the basic storage cell.
The off-chip DDR3 Module 0 stores the model parameters
and input feature maps of odd convolutional layers, while the
model parameters and input feature maps of even layers are
stored in DDR3 Module 1. During the convolution procedure
of one layer, one DRAM only performs the read operation, and
the other maintains the write mode. This approach can eliminate the transition latency and power consumption between
the write and read modes.
The on-chip buffer is composed of a convolution input
buffer group, weight buffer, convolution output buffer, and
FC buffer group. The convolution input buffer group consists
of one convolution window (CW), one input tile buffer, one
top block buffer (TBB), and one right block buffer (RBB),
as shown in Fig.6(a).
CW is used to rearrange the input pixels from the
DDR3 memory and later write the pixels into the input

tile buffer. The rectangular enclosed by the red line will be
stored in the BRAM of the corresponding input channel in
the input tile buffer. A RBB and a TBB are used to cache the
overlapped pixels of neighboring tiles, as shown in Fig. 6(a).
The input pixels of the area filled with blue slashes are
cached in RBB, and the pixels are written back to the green
area from RBB when the CW slides to the right to a new tile.
Similarly, TBB can write back the input pixels in the area
filled with purple slashes to the yellow area when the CW
slides down to a new tile. By adopting this method, the edge
data can be read from the RBB and TBB without repeatedly
accessing the external memory when processing the next tile.
The input tile buffer is composed of 16 160×40 bit BRAMs,
and each BRAM stores the input tile of one input channel. The
top half and bottom half of the BRAM realize the ping-pong
access mode, and thus the data loading can be merged in the
computation. After reading the input feature maps of an input
channel set, all convolution operations related to these input
feature maps are performed and generate as many intermediate
results as possible. Each input feature map is read into the tile
buffer only once, and it can reduce the data traffic with external
memory.
The weight buffer consists of 16 512×2304 bit BRAMs
and is used to store the weights of one layer. This approach
can avoid cyclic weight reading from external memory. The
convolution PEA will start after the first weight set has been
read into the buffer; therefore, the PEA will not introduce high
initial input latency.
The convolution output buffer consists of 64 1568×64 bit
BRAMs, as shown in Fig.6(b). During the convolution procedure, the convolution output buffer is used to store the
partial sums. The barrel shifting storage scheme is applied
for the output buffer in this paper. Every time a new value
is obtained from ACC, shu f f le_i is used to shift the partial
sum of the current output channel by one position and store the
sum in another BRAM. Shu f f le_o is used to rearrange the
partial sums reading from the buffer. By adopting this method,
the partial sums of different coordinates are stored in different
BRAMs, and one 7×7 output block can be read out each cycle
with true dual-port memories. The output buffer also adopts
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TABLE X

TABLE XI

SNR C OMPARISONS B ETWEEN O UR T HEORETICAL E RROR A NALYSIS
M ODEL AND THE E XPERIMENTAL D ATA FOR THE VGG-16 M ODEL

R ESOURCE U TILIZATION IN XC7VX690T

the ping-pong access mode, and thus the data output can
be merged in the convolution process. The above-optimized
approaches can minimize the output latency.
The FC buffer group consists of two FC buffers, which are
alternately set as the input and output buffers of one FC layer.
IV. E XPERIMENTAL R ESULTS
A. Data Quantization Results
The proposed BFP arithmetic is conducted on the Caffe [24]
scheme, and several typical deep convolution neural networks,

including VGG-16 [5], GoogLeNet [2], and ResNet-50 [25],
are used to evaluate our method. Furthermore, smaller network
models, such as LeNet and Cifar10, are also tested. We only
rewrite the convolution function of the inference model in
Caffe according to the instructions shown in Fig. 2. The mantissa bit length is an important factor affecting the quantization
result. Nine sets of experiments with different bit lengths of
the weight and input mantissa are run, and 50 000 images
in the ImageNet classification data set [26] are used to test
the performance of the proposed BFP arithmetic, as shown
in Table IX. The 32-bit FP result is set as the baseline.
L W and L I denote the bit lengths of the BFP formatted
weight and input mantissa (including the sign bit), respectively. For typical CNN models (VGG-16, GoogLeNet, and
ResNet-50), when L W and L I are equal to 8, the classification
accuracy loss is less than 0.12%. For GoogLeNet, in particular,
the 6-bit mantissa can also maintain high performance with
top-1 and top-5 accuracy losses of only 0.89% and 0.62%,
respectively. In addition, the 4-bit and 6-bit mantissas can
achieve accuracy losses of only 0.08% and 0.16% for LeNet
[28] and Cifar10 [29], respectively. As the mantissa length
decreases, both the data traffic and hardware cost of the
accelerator will be significantly reduced. For example, savings
of more than 50% for computing resources and 42.8% for
memory resources can be achieved for an 8-bit mantissa
compared with a 16-bit mantissa. Therefore, we choose the
8-bit mantissa for our hardware implementation in this paper.
Furthermore, as our BFP arithmetic does not require retraining
and fine-tuning, the time cost of development will be reduced.
The experiments show that our BFP arithmetic can apply to
most CNN models with only negligible accuracy and time cost.
The error analysis model is tested in the VGG-16 network
on the Caffe scheme, and the SNR comparisons between our
theoretical error analysis model and the experimental data
are shown in Table X. The max-pooling layer is used in
the VGG-16 network, which will improve the overall SNR.
However, the error propagation of the max-pooling layer is
difficult to fit with mathematical models. Thus, we use the
output SNR of the pooling layer as the input SNR of the
next layer in this paper. The results show that the average
deviation is 4.64 dB, and the theoretical data are in good
agreement with the experimental results. Our error analysis
model is sufficiently close to guide hardware design.
B. Hardware Performance
The hardware implementation is described in Verilog-HDL
with the Xilinx Vivado 2017. 4 Design Suite environment.
The platform is the VC709 evaluation board, which consists
of a Xilinx Virtex-7 XC7VX690T FPGA and two 4-GB
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TABLE XII
C OMPARISONS W ITH O THER FPGA A CCELERATORS

DDR3 memory modules. VGG-16 is deployed on the accelerator to analyze the hardware performance. Two hundred
consecutive images are tested on the accelerator to measure
the processing latency. We use a Hyelec HY-001 digital power
meter to measure the power consumption.
The resource utilization of our accelerator is exhibited
in Table XI, and the proposed accelerator is compared with
previously reported accelerators in Table XII.
The earliest CNN accelerator adopted the 32-bit FP format
[7], and it only achieved a performance of 61.62 GOP/s
because of the high hardware costs. All the following accelerators apply a bit length reduction mechanism. The work in [23]
proposed a 16-bit FP CNN accelerator based on the ping-pong
memory access mode and propagate partial MAC (PPMAC)
processor. The computational performance of the accelerator
is 202.42 GOP/s under 200-MHz working frequency, but the
low hardware efficiency of the FP arithmetic degrades the DSP
efficiency to only 0.117 GOP/s/DSP.
Fixed-point operations have been used instead of FP operations in recent studies. Qiu et al. [8] proposed an embedded
FPGA accelerator that consisted of efficient dynamic precision
data quantization and data arrangement methods to improve
the hardware utilization. The accelerator achieved a performance of 136.97 GOP/s under a 150-MHz working frequency.
A fusion architecture consisting of a faster algorithm using
Winograd’s minimal filtering theory was proposed in [33].
An automated toolchain was developed to convert the Caffe
model to the FPGA bitstream, and it achieved a performance
of 229.6 GOP/s.
To improve the hardware utilization, researchers began to
explore the further reduction of data bit length. A programmable CNN accelerator architecture with a data quantization
strategy was proposed in [9]. The accelerator can reduce the bit
length of input feature maps and weights down to 8 bits with
an accuracy loss of less than 6%. The accelerator achieved
a power efficiency of 24.09 GOP/s/W and a DSP efficiency
of 0.444 GOP/s/DSP. Through an in-depth analysis of the

convolution loop optimization techniques, a new dataflow and
hardware architecture was proposed to minimize the data
traffic, and it achieved a performance of 715.9 GOP/s [32].
However, the classification accuracy loss of this method still
reached 2%. An automated tool for building high-performance
DNN hardware accelerator was proposed in [34]. The accelerator achieved a high performance of 72.8 GOP/s/W and
0.771 GOP/s/DSP. However, the top-1 accuracy loss of this
method on the VGG-16 model was 4.6% without retraining
and fine-tuning.
To further improve the hardware efficiency while maintaining the classification accuracy, we deploy the proposed
BFP arithmetic on the FPGA platform. With the proposed
three-level parallel convolution engine and optimized storage scheme, our accelerator achieves a high performance
of 760.83 GOP/s, which is at least 6.28% faster than that of the
previous accelerators for the VGG-16 model. Because of the
BFP arithmetic, the power consumption is 9.18 W, which saves
15% energy consumption compared to the previous accelerator
on the same Virtex7 VX690T platform [23]. The power efficiency of our work is 82.88 GOP/s/W, which is at least 13.8%
higher than that of previous accelerators. By deploying two
multiplication operations on one DSP and the data prereading
mechanism, the DSP efficiency is 0.741 GOP/s/DSP.
V. C ONCLUSION
A block-FP arithmetic-based CNN accelerator is proposed
in this paper to reduce the hardware costs and data traffic of
CNN models. The accuracy loss of our method on different
CNN models is less than 0.12% without retraining. An optimized rounding and zero setting algorithm maintains the
computational accuracy while reducing the mantissa bit length
efficiently. The FPGA-based CNN accelerator is deployed on
the Xilinx VC709 evaluation board. Leveraging three-level
parallel convolution engines, a ping-pong memory access
mode, and an optimized on-chip buffer scheme, the proposed
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architecture achieves a throughput of 760.83 GOP/s and a
power efficiency of 82.88 GOP/s/W under 200-MHz working
frequency, significantly outperforming previous architectures.
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