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Abstract
In this article we present a streaming deep learning accelerator capable of implementing convolutional layers of
different precision. We can choose and combine between
16-bit floating point and binary values for features maps
and weights. We present the architecture of our streaming accelerator and compare it with standard systolic array
based architectures for TPUs. Taking the well known CNN
YOLOv2 as an example we present exploration studies to
determine the optimum precision for each layer. We train
the tiny YOLO CNN with a drone object detection data-set
(DAC-SDC). We present and compare the implementation results on the Xilinx PYNQ-Z1 board, and we show
that it is possible to achieve 1.68x improvement in performance incurring a 10.5% loss in precision measured by
IOU(Intersection over Union).
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Unprecedented success rates of Deep Neural Networks
(DNNs) for image recognition and similar tasks have ushered us into an era of deep learning. Although neural networks exist since the 1940s [23], the major breakthrough
dates back to 2012 when Alexnet [13] surpassed the human programmed approaches for image classification. The
major enabling factors behind this success are supposed to
be the appearance of large datasets in the cloud, and the
availability of enormous computing power (e.g GPUs).

Since then, there has been a steady growth of customized
DNN accelerators research and several architectures have
been proposed [11, 6, 4, 5], and more recently TPU (Tensor
Processing Units) [9] have been commercialized by Google.
There are two phases associated with a given architecture
(e.g. Alexnet, VGG16 [22], YOLO [20], SSD [17] etc.) and a
given dataset (COCO [16], PASCAL-VOC [10] etc.), namely
training and inference. For training, Stochastic Gradient
Descent (SGD) [3] is a popular approach which requires
floating point precision and often done in GPU servers. The
inference phase can either be carried out in the cloud, or it
can be carried out in an embedded device close to the data
source.
Moreover, it has been shown that for the inference phase
a lower precision is enough. [4] proposes half precision
floating point, [9] uses 8 bit quantized weights, and [24, 7]
propose the use of binarized weights and feature maps.
Motivation & Scope
Although DNNs can have several different variations such
as multi-layer perceptrons, Convolutional Neural Networks
(CNN), Recurrent Neural Networks (RNNs) and their variants such as RNNS with Long Short Term Memories (LSTM).
In this article we limit our scope to accelerating Convolutional Neural Networks (CNNs).
Although fully binarized (both binary feature maps and
weights) networks work well with smaller networks such
as Alexnet and Lenet as described in [24, 7], they tend to
loose precision with deeper networks, e.g. YOLOv2, SSD.
To use binarized computing without losing too much precision, in this article, we propose a deep learning accelerator with selective binarization. This accelerator is targeted for the inference phase of CNN. And we don’t opti-

mize the training phase. Although the architecture proposed
is generic, in our experiments we mainly target embedded system applications such as object detection/tracking.
These applications often have real time constraints and a
very tight power budget. We conduct our experiments with
architectures and data-sets used in this domain, and we
use the PYNQ-Z1 FPGA board for embedded systems.
Contribution
The major contribution of this paper is an end-to-end streaming architecture for a deep learning accelerator different
from the systolic array architectures [9] or NoC based architectures [6]. Our architecture is capable of implementing
mixed precision CNNs where we can choose from three
different precision levels (half precision floating for feature maps and weights, half for feature maps and binary
weights, and binary feature maps and weights) for each
convolutional layer. Several works[12][15][8] related to
quantization also provide architectures with mixed precision. But we provide the choice of binarized layer, which
converts multiplication into addition/subtraction or XNOR
logic operations, and we also made special architecture for
binarized layer. To our knowledge this is the first architecture which proposes such a choice.
We propose a method of architecture exploration to find the
optimum use of binary layers, which we call selective binarization. The goal is to use selective binarization to increase
performance and decrease power consumption, within a
tolerable precision loss.
Organization
The rest of the paper is organized as follows: Firstly, we
describe our training and architecture exploration method.
Then the details of the proposed architecture for the accelerator are presented. Subsequently we focus on the experimental results based on YOLO CNN architecture and

the PYNQ FPGA board. Finally, we compare the proposed
architecture with previously well-known accelerators and
conclusions are discussed.

Training with selective binarization
According to different binary methods, we can build three
different kinds of layers for CNNs:
• Float layer: Both input Feature maps and Weights are
Half (FHWH) precision floating point.
• Binary layer: Input Feature maps are in Half precision and Weights are Binary (FHWB). In binary layer,
the multiplication operation is reduced to an addition/subtraction. Although the computation rate is the
same as the full precision channel, 16x weights can
be stored in on-chip memory.

Table 1: Tiny YOLO network
Tiny-YOLO
Convolutional
Maxpool
Convolutional
Maxpool
Convolutional
Maxpool
Convolutional
Maxpool
Convolutional
Maxpool
Convolutional
Maxpool
Convolutional
Convolutional
Convolutional
Detection

Filters
16
32
64
128
256
512
1024
1024
90

Size / Stride
3x3/1
2x2/2
3x3/1
2x2/2
3x3/1
2x2/2
3x3/1
2x2/2
3x3/1
2x2/2
3x3/1
2x2/1
3x3/1
3x3/1
1x1/1

• XNOR layer: Both input Features maps and Weights
are Binary (FBWB). Since all multipliers in this convolution belongs to {1, −1}, the multiplication operations are reduced to a XNOR operation . For
this channel, we rearrange the data in input feature
stream in such a way that 16 XNOR can be performed in parallel, so leading to a 16x speedup compared to other channels.
The compute speeds of the layers are different. Similarly,
the accuracies are different. Depending on the usage scenario, we use the three kinds of layers to build mixed CNNs,
so that performance increases and power consumption decreases, within a tolerable precision loss.
Tiny YOLO shown in Table 1 is an object detection network
that is much faster but less accurate than the normal YOLO
model. In this section, taking tiny YOLO as an example, we

present our method to train mixed CNNs. Then, we compare the detection accuracies of the mixed tiny YOLO.
Binarization method
We use the method presented in [19] to binarize the feature maps and weights. The Darknet [19] framework which
supports binarization, is used to train the network.
In order to constrain a convolution operation X ⊗ W to
have binary weights, we replace the real weights W ∈
Rw×h×c by binary weights W b = sign(W ) with W b ∈
{+1, 1}w×h×c . A real scaling factor α = n1 ||W ||l1 where
n = w × h × c is used to approximate the convolution
operation as :

X ⊗ W ≈ α(X ⊕ W b )
where, ⊕ indicates a convolution without any multiplication.
Since the weight values are binary, we can implement the
convolution with additions and subtractions.
As well, if we use this method to binarize the feature maps,
a convolutional layer can be approximated by:

X ⊗ W ≈ αβ(X b ⊙ W b )
where X b = sign(X), β = n1 ||X||l1 , and ⊙ indicates
a convolution without any algebraic operation, which are
replaced by logical operations XNOR.
We use the training method presented in [21], except that
the binary and XNOR layers are computed by the method
presented in [19]. Algorithm 1 demonstrates the procedure used in Darknet for training a mixed CNN. Lines 116 show the forward propagation phase, where F orward
means convolution within the lth layer, followed by maxpooling and batch normalization layers if necessary. The
result of forward propagation Ŷ encodes the prediction information. Lines 17-19 show the backward propagation

f instead of W t (in
that computes the gradients by using W
the case of a float layer, the two are equal), then applies
these gradients to update the weights W t . The function
U pdateP aramaters can be realized by any update rules
(e.g. SGD or ADAM). At the end of this Algorithm, in Line
20, the learning rate is updated according to the strategy
used by Darknet.(We used fixed strategy in our training).
Algorithm 1 Training an L-layers mixed CNN as used in
Darknet
Input: A batch of inputs and targets (I, Y ), cost function
C(Y, Ŷ ), current weight W t and current learning rate η t .
Output: updated weight W t+1 and updated learning
rate η t+1 .
1:

//Forward propagation

2:

X1 = I
for l = 1 to L do
if lth layer is XNOR layer
Xlb = sign(Xl )
t
||l1
βlk = n1 ||Xlk
b
Xl = βlk Xl
if lth layer is XNOR layer or binary layer
for k th filter in lth layer do
t
||l1
αlk = n1 ||Wlk
B
t
Wlk = sign(Wlk
)
B
f
Wlk = αlk Wlk

3:
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Figure 2: Illustration of the IOU
(Intersection Over Union) detection
metric:

IOU =

Area of Intersection
Area of U nion

else

flk = Wlk
W
fl , l)
Xl+1 =Forward(Xl , W
Ŷ = XL+1

//Backward propagation
∂C
f)
=Backward( ∂C , W
18:
17:

19:
20:

∂ Ŷ
e
∂W
W t+1 =UpdateParamters(W t , ∂C , η t )
e
∂W
nt+1 =UpdateLearningrate(η t , t)

Table 2: Mixed Tiny YOLO network
Conv Layer
Baseline
Arch1
Arch2
Arch3
Arch4
Arch5
Arch6
Arch7
Arch8
Arch9
Arch10
Arch11
Arch12

1

2

3

4

5

6

7

8

9

B
X
B
B
B
B
B
B
B
X
B
B
B

B
B
X
B
B
B
B
B
B
X
B
B
B

B
B
B
X
B
B
B
B
B
B
X
B
B

B
B
B
B
X
B
B
B
B
B
X
B
B

B
B
B
B
B
X
B
B
B
B
B
X
B

B
B
B
B
B
B
X
B
B
B
B
X
B

B
B
B
B
B
B
B
X
B
B
B
B
X

B
B
B
B
B
B
B
B
X
B
B
B
X

B
B
B
B
B
B
B
B
B
B
B
B
B

Architecture exploration
Through the above binary method, we can binarize all layers to build binary tiny YOLO network. Taking this architecture as baseline architecture, we use grid search method,
which replaces the convolutional binary layers by XNOR
layers for each layer or each two layers. The 9th layer which
does not take up lots of resources encodes the final result (detection), so we keep the input feature maps of 9th
as floating point and binarize weights only, that is as a binary layer. Then 12 mixed CNN architectures composed
of binary and XNOR layers are generated, as shown in Table 2, where B means binary layer and X means XNOR
layer. They are divided into two groups based on number of
XNOR layers they have (one or two).
Training context and platform
A drone object detection dataset DAC-SDC [1] is used for
training these 12 networks. It includes 13 class of objects
(car, building, person, etc.). Only one object is presented
in each image. Images with 416x416 resolution is used to
train the network. Same as in YOLO [20], we use Darknet

framework for training.
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Configuration Registers

L2 CACHE (512KB)
SCU

INPUT FEATURE STREAM
DMA - STREAM

STREAMING
ACCELERATOR

WEIGHT FILL/ COMMAND STREAM
DMA - STREAM
OUTPUT FEATURE STREAM
DRAM

STREAM - DMA

Arch. 3
Arch. 6

30.00

Baseline

We use convolutional weights that are pre-trained on Darknet Reference Model [2] as the initialization of weights.
The size of the image is varied during the training by Darknet [2]. Darknet also randomly adjusts the exposure and
saturation of the image by up to a factor of 1.5 in the HSV
color space. Throughput training we use a batch size of
128, a momentum of 0.9 and a decay of 0.0005. The learning rate is fixed to 1e − 5. We have trained the networks
upto 80K batches.

L1 CACHE (32KB)

Arch. 11

The hardware platform for training is composed of 12 IBM
Power server compute nodes. Each node has 4 Tesla P100
GPU, with 3584 CUDA cores inside. We use 3 nodes which
include 12 GPU to training 12 mixed tiny YOLO at the same
time. Each training task is affined to one exclusive GPU
(GPU not shared by others). It takes about 180 hours to
train 80000 batches of images. The main evaluation criteria in object detection problem is IOU (Intersection Over
Union), shown as Figure 2.

Arch. 12

Figure 3: IOU along the training
batches: The value plotted in the Y
axis is the IOU value over a test
dataset with 416x416 resolution,
and X-axis plots the number of
batches

We can see examples of IOUs of the objects detected in
Figure 1. The IOU along the training batches are shown
in Figure 3. The figure does not contain architecture 1 and
architecture 9 which binarize the input image in first layer.
Since their IOUs are close to 0 until 35000 batches, we
abandon the training. The IOU of architecture 12 is close
to baseline. In fact, it is reduced by 10.5% compared to
baseline. Moreover, it can be seen in Figure 3 that this loss
may be reduced if we continue to train. At the same time,
because of using XNOR layers in 7t h and 8t h layers, which
are the most computationally intensive, it greatly reduces
computation time. The architecture 6,7,8 that use XNOR in
later layer also get relatively good IOUs.

Processor Subsystem (PS)

Figure 4: Overall Hardware Architecture

Accelerator Architecture
Our accelerator architecture is suitable for computing one
convolutional layer followed by a maxpooling layer at a time.
Figure 4 depicts the overall architecture. As shown in Figure 5 the convolutions are not directly computed, but are
converted to a multiplication of the matrix. This is a standard method in all GPU implementations and some accelerators [9]. The equivalent tensor of an input feature map or
image with C channels of dimension (H × W × C ) is converted to a 2D matrix with rows of size (fh × fw × C ), and
H × W rows. fh and fw are the filter height and weight,
respectively. Similarly, the Cout weights for a convolutional
layer are arranged into a (fh × fw × C) × Cout matrix where
each column contains distinct weights of filter. The matrix
multiplication results in an image/feature map of same width
& height as the input but with Cout channels.
Hardware/Software Partitioning
Figure 4 presents the overall system architecture. The device driver running on the processor handles the tasks of

W

H

C

im2col

fh x fw x C

HxW

Figure 5: Image to Matrix
Transformation

fw

resizing, preprocessing images, pre-load weights into accelerator, and launch the computing for one convolutional
layer. The image-to-matrix transformation can be done in
both software and hardware. As we can see in Figure 8,
for convolutional layers with large number of channels, the
execution time on the processor is not very high. This is because with large row, the transformation is mainly done in
the cache memory. For smaller rows, the processor has to
fetch several non-contiguous lines and spends more time in
to and fro main memory access.

maxpool layer can be skipped. Finally, the output in HW C
format is regrouped and streamed back to main memory.
out
iterations
For convolutional layer with Cout channels, CN
are necessary.

Hardware architecture
Figure 6(a) presents the overall architecture of our accelerator. The input feature map matrix for a convolutional layer
is streamed into the accelerator in row major format. Due
to limited on-chip memory, only a part of the weights matrix can be loaded at one time (32 filters in the experiments)
and it is necessary to use several iterations for convolutional layers with large number of filters. For example, for
a convolutional layer with 256 filters 8 iterations are necessary. The output of the convolutional layer is fed into the
maxpool layer which can then be streamed back to main
memory.

Implementation on the PYNQ-Z1 board

The streaming accelerator in Figure 6(a) has N convolutional lanes which perform an inner product between the incoming input feature and weights streams. There is a configurable image-to-matrix transformation stage which is only
used for layers with very few channels. The input feature
stream is then broadcasted to all the convolutional lanes.
As each convolutional lane corresponds to one filter, the
N filter weights are distributed to N lanes from the on-chip
weight RAM. As we can see, there is a lot of data reuse
(often expressed in terms of MAC/data [23]). In this case,
the input feature stream has a data reuse of N MAC/data
and the weight has a data reuse of H × W MAC/data. The

As shown in Figure 6(b), the stream computing element
performs an inner product of the input streams A and B .
The input stream A is redirected to one of the three lanes
according to the chosen precision. As mentioned earlier, it
supports three precision: FHWH, FHWB and FBWB.

Table 3 shows the resource utilization of our implementation with the Z7020 FPGA. The main limiting factor is the
on-chip memory. Because of this limitation we can only implement 32 lanes of convolution with half precision floating
point running at 150 MHz. Thus the max. performance of
this implementation is 9.6 Gflops/S. We consider a Multiplyaccumulate operation as 2 flops. Based on this limitation
Table 3: Resource Utilization in PYNQ-Z1 board with Zynq 7020
FPGA

Site Type
Slice LUTs
Block RAM Tile
DSPs

Used
43167
131.5
64

Available
53200
140
220

Util
81.14 %
93.93 %
29.09 %

we have explored other architectural choices:
• Choice 1: Feature Maps (FMs) and stored in main
memory, and 32 filter weights are stored in FPGA
on-chip memory.
• Choice 2: Both Feature Maps (FMs) and the weights
are stored in main memory.
With the help of a roofline diagram, Figure 7, we show the
performance limits of our choices. The roofline for FHWH
and FHWB are the same, and the roofline for FBWB is
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Figure 6: The accelerator architecture
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16x higher performance. We have plotted the points corresponding to the last layer (most compute intensive) on
the roofline. The FHWH-2 architecture is limited by memory
bandwidth as for each MAC operation we have to stream
66 bytes of data. For the FHWH-1 architecture the weights
(2 bytes) are stored on chip, but in practice it is only possible for the first layer with few weights. Both FHWB-1 and
FHWB-2 can achieve the performance limit but we prefer
to store the weights on chip to reduce power consumption.
Similarly FBWB-1 with on-chip storage can achieve the performance limit but FBWB-2 is limited by memory bandwidth.

Experiments & Results
Table 4: Tiny YOLO parameters used in experiments

Figure 7: Architectural Choices
and their explanation with roofline.

# Conv.
1
2
3
4
5
6
7
8
9

H
416
208
104
52
26
13
13
13
13

W
416
208
104
52
26
13
13
13
13

fh × fw
3x3
3x3
3x3
3x3
3x3
3x3
3x3
3x3
1x1

C
3
16
32
64
128
256
512
1024
1024

Cout

Nlanes

Niter

16
32
64
128
256
512
1024
1024
90

32
32
32
32
32
32
32
32
32

1
1
2
4
8
16
32
32
3

We conducted our experiments on the PYNQ-Z1 board.
Due to resource constraint on the FPGA, the image-tomatrix transformation part is carried out in the processor.
As the number of convolutional lanes are limited to 32, for
each layer we need to do a few iterations. These are detailed in Table 4.
The 68.8% of the multiplication is in the 7th and 8th layers.
Therefore, we analyze the architecture 8 and 12, which binarize the 7th and 8th layers. Figure 8 shows the detailed
execution time for each layer of baseline and architecture 8
and 12 as well as the IOU with 80K batches images trained.
Figure 8(d) shows the total execution time for the three architectures. We can see that the IOU of architecture 12 is
close to baseline. In fact we can see that for architecture 12
a 1.68x speedup is achievable with 10.5% loss of IOU.

Related Work
The two very well known deep learning accelerators are
the tensor processing unit from Google [9] and Eyeriss [6,
5]. The TPU and a majority of deep learning accelerators
use Systolic Arrays [14]. In Figure 9 we compare our architecture with a systolic array implementation. We assume
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Figure 10: 64x64 matrix
multiplication with our streaming
architecture.

L1 L2 L3 L4 L5 L6 L7 L8 L9

similar for both. Our architecture can also be viewed as an
one-dimensional systolic array.
Eyeriss [6] uses a square grid of processing elements but
not as a systolic array. The convolution task is mapped to
this square grid connected by a Network-on-Chip. [18] proposes the YOLOv2 architecture with floating point feature
maps and binarized weights. It is difficult to compare the
results as it is done on a different FPGA board, but it will be
part of our future work.

Execution Time for candidate architetcures
l-1
l-2
l-3
l-4
l-5
l-6
l-7
l-8

2.0

Execution Time (S)

Figure 9: 64x64 matrix
multiplication with Systolic Array
and Tiling.

Execution Time (seconds)

Execution
Time for Image-Matrix transformation and convolution
0.6
0.5

Conv
Image-Matrix
Misc

1.5
1.0
0.5
0.0

BASE
(2.149 s)

ARCH 8
(1.61 s)

ARCH 12
(1.28 s)

(d) Total Execution time

Figure 8: The execution time for candidate architectures.The
architecture 8 and 12 archive 1.32x and 1.68x speedup
respectively. If considering convolution time only a 2.5x speedup
can be achieved.

that both architectures have the same number of processing elements (PEs). In Figure 10, the 64x64 square matrix
is divided into 16 tiles of 16x16 matrices. Each 16x16 submatrix multiplication can be done with the help of a 16x16
systolic array in 16 pipelined cycles. To calculate each output sub-matrix we need 4 such multiplications described
above. so in total we need 16x4x16 or 1024 cycles.
In our streaming architecture, each dot product between
row and columns of a 64x64 matrix takes 64 cycles. If we
assume the same number of PEs as the systolic array
(256), the total computation can be completed in (64x64x64/256)
or 1024 cycles. If the image-to-matrix transformation is
done on chip, the memory transfer overhead should be

Conclusions & Future Work
In this article we presented methods and architectures to
implement CNNs with varied precisions. We proposed an
exhaustive search method to retrieve optimum configuration of layers, where the precisions can be chosen to be
FHWH, FHWB, or FBWB. We also proposed a streaming
deep learning architecture where the feature maps are directly streamed to the accelerator and the output stream
is stored in main memory. The advantage of streaming architecture is the pipelined nature of operations where each
stage is working in parallel.
This is a work in progress and various improvements are
part of our future research. First of all the search method
for selective binarization should be enhanced from a simple
exhaustive search. Next, we plan to enhance our architecture by adding a image-to-matrix transformation on chip,
which will considerably reduce the memory bandwidth. We
also plan to add support for arbitrary precisions in the future.
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