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Abstract: In recent years, Convolutional Neural Networks (CNNs) have revolutionized
computer vision tasks. However, inference in current CNN designs is extremely
computationally intensive. This has led to an explosion of new accelerator architectures
designed to reduce power consumption and latency [20]. In this paper, we design and
implement systolic array based architecture we call Convolutional AU to efficiently
accelerate dense matrix multiplication operations in CNNs. We also train an 8-bit quantized
version of Squeeze net[14] and evaluate our accelerator’s power consumption and
throughput. Finally, we compare our results to the reported results for the K80 GPU and
Google’s TPU. We find that Convolutional AU gives a 200x improvement in TOPs/W when
compared to a NVIDIA K80 GPU and a 1.9x improvement when compared to the TPU.
1. Introduction
Since the remarkable success of
AlexNet[17] on the 2012 ImageNet
competition[24], CNNs have become the
architecture of choice for many computer
vision tasks. Inference on a trained CNN
can be highly computationally expensive.
A typical model might require billions of
multiplyaccumulate operations (MACs),
load millions of weights, and draw dozens
of watts during inference (see table 1).
This computational cost can provide
significant barriers to deployment; in [16],
Google projected in 2013 that three
minutes of voice search per user
(implemented using deep neural networks)
would require Google to double its
datacentre size at the time.In order to
decrease execution time and power
consumption, researchers and tech
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companies have investigated and built
special purpose hardware for CNN
inference. We present and analyse our own
CNN accelerator Convolutional AU. Our
architecture’s main feature is a 256×256
systolic array of multiply-accumulate cells,
allowing fast dense matrix-matrix and
matrix-vector operations. We benchmark
our system’s latency, power, and
performance using Squeezenet[14] trained
on ImageNet[24] with Keras [4], quantized
to 8 bits and executed using Tensor
flow[1]. Finally, we compare our
accelerator’s throughput and power
consumption to a GPU and Google’s TPU.
2. Related Work
In recent years neural network accelerator
design has been a topic of enormous
interest to the computer architecture
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community. CNNs were traditionally
executed on CPUs, GPUs, and even
FPGAs [22], which can easily adapt to
new network architectures. However, this
flexibility comes at the price of efficiency.
As a result, application specific
accelerators have been developed to
maximize efficiency. Current approaches
can mostly be classified into a combination
of four categories, described below Dense
Linear Algebra Accelerator The most
common approach for CNN accelerators is
to accelerate dense matrix-matrix and
matrix-vector
operations.
Examples
include DianNao[3]
and Google’s
TPU[16]. Since dense linear algebra
operations dominate the computational
cost of CNN inference, these approaches
have dramatically outperformed traditional
CPUs and GPUs. However, one drawback
is that many activations during inference
are sparse, which means that some
computation
is
wasted.Quantization
Another approach is to quantize all
operations to a small number of bits[8, 28,
and 2]. Quantization can be used on CPUs
and GPUs, but is most powerful in
combination with hardware acceleration.
Since small integer operations can be
significantly more efficient to implement
in hardware than floating point, this can
dramatically increase the overall efficiency
of the accelerator. However, this increased
efficiency comes at the cost of decreased
accuracy, although recent research has
shown that by retraining the network this
decrease can be made acceptably small[27,
6].Sparse Linear Algebra Accelerators
Some more recent approaches take
advantage of sparsely. The EIE[10] and
ESE[9] authors design an architecture that
is able to operate directly on a sparse form,
which allows them to avoid computation
where the graph is zero. In addition, they
Vol 08 Issue07, Jul 2019

encode the weight matrix in an efficient
compressed format, which allows them to
avoid loading zero weights from memory.
In order to maintain accuracy, they
perform pruning during training by
removing weights below a threshold and
then retraining, which allows the network
to recover and only nominally affects
accuracy[11, 12].
Analogy Accelerators Finally, another
approach that has gathered significant
interest is to use mixed signal or analog
computation. In [23], the author’s show
that mixed signal MAC operations can be
performed efficiently using a switched
capacitor design. In [19], the authors use a
similar design to perform full matrixmatrix operations. Other approaches have
included using resistive RAM elements
[25] and flash transistors [7].

Figure 1: Overview of our entire design
One drawback is that analog and mixed
signal accelerators require potentially
expensive conversions between digital and
analog
representations.
Additionally,
analog designs tends to be larger, more
error prone, more difficult to implement,
and more costly to manufacture than the
equivalent digital designs.
3. Accelerator Design
At it’s core, our accelerator is a dense
matrix multiplication unit (MMU) that can
perform 256 × 256 8-bit integer multiply
and 32-bit integer accumulate per cycle.
Dense matrix multiplication acceleration
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has been researched extensively as it has
been used in GPUs and DSP algorithms,
with most common implementation
methods being systolic arrays, FFTs, or the
Win grad algorithm. Convolutional AU
uses a systolic array loosely based on
Google’s TPU[16]. A systolic array is a
homogeneous grid of processing elements
(PEs), each with a small amount of with
each element connected only to
it’sneighbours. During execution, each PE
can optionally read from it’sneighbours,
compute a simple function, and store the
result in it’s local memory. We decided to
use simple pipelining concepts to increase
the throughput of the design. We have
three main pipe stages: input/weight
loading, matrix multiplication and
activation, and load results to output
queue. Since the three operations are
independent, we can schedule our
operations
to
perform
a
matrix
multiplication every operation cycle.
We chose to use a systolic array since it’s
easy to design and allows for an extremely
efficient implementation. It also gives us a
large amount of flexibility since it can
accelerate any network architecture that
uses dense matrix multiplication. For
CNNs in particular, convolutions, batch
normalization, and fully connected layers
can all be efficiently implemented using
dense matrix multiplications (see section
4). Together, these represent the vast
majority of the computation required
during inference.

Figure 2: Our systolic array design
Vol 08 Issue07, Jul 2019

4. Results

Figure 3: RTL schematic of the proposed
system

Figure 4: summary report of the proposed
system

Figure 5: simulation result of the proposed
system
5. Conclusion
In this paper we introduce the design of a
CNN inference accelerator. We then train
an 8-bit quantized version of Squeezenet,
and evaluate throughput, latency, and
power consumption during inference.
When power consumption is adjusted to
memory size, we find that the TPU have
similar TOPs/W at a slightly higher clock
rate. Thus, CNN is able to accelerate
typical CNN workloads with comparable
efficiency and performance to existing
architectures.
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