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Abstract—This paper presents the Visual Attention Engine
(VAE), which is a digital cellular neural network (CNN) that
executes the VA algorithm to speed up object-recognition. The
proposed time-multiplexed processing element (TMPE) CNN
topology achieves high performance and small area by integrating
4800 (80 x 60) cells and 120 PEs. Pipelined operation of the PEs
and single-cycle global shift capability of the cells result in a
high PE utilization ratio of 93%. The cells are implemented
by 6T static random access memory-based register files and
dynamic shift registers to enable a small area of 4.5 mm?.
The bus connections between PEs and cells are optimized to
minimize power consumption. The VAE is integrated within
an object-recognition system-on-chip (SoC) fabricated in the
0.13-um complementary metal-oxide—semiconductor process. It
achieves 24 GOPS peak performance and 22 GOPS sustained
performance at 200 MHz enabling one CNN iteration on an
80 x 60 pixel image to be completed in just 4.3 us. With VA
enabled using the VAE, the workload of the object-recognition
SoC is significantly reduced, resulting in 83% higher frame rate
while consuming 45% less energy per frame without degradation
of recognition accuracy.

Index Terms— Cellular neural network, object-recognition,
saliency map, visual attention.

I. INTRODUCTION

ECENTLY, there has been increasing interest in

vision chips for pattern recognition applications such as
autonomous vehicles, mobile robots, and human—computer in-
terfaces [1], [2]. These chips must be able to execute complex
vision algorithms in real time while consuming as little power
as possible for long battery life. This is difficult to achieve due
to the high computational cost of vision algorithms. For exam-
ple, a popular local-feature-based object-recognition algorithm
[3] requires nearly 1 s to process a single 640 x 480 pixel
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frame on a modern personal computer. The prevalent trend for
performance enhancement has been to simply increase the
level of parallelism, many of the recently proposed systems-
on-chip (SoCs) contain tens to hundreds of processors
operating in the multiple-instruction multiple-data mode [1]
to exploit task-level parallelism, or the single-instruction
multiple-data (SIMD) mode [2] to exploit data-level
parallelism. However, regardless of the configuration, the
increase in processor count comes at the cost of increased
power consumption, which not only drains precious battery
power but also increases the heat dissipation requirements of
the system. Thus, a new approach that can speed up vision
algorithms while simultaneously reducing power consumption
is highly desirable.

In this paper, we present the visual attention engine (VAE)
[4], which is a hardware accelerator optimized for the saliency-
based VA algorithm [5], which mimics the VA mechanism
of the human brain [6]. The object-recognition flow with
VAE is illustrated in Fig. 1. The VAE executes the saliency-
based VA algorithm prior to the detailed feature extraction and
feature matching stages, thereby reducing their workload. As a
result, the VAE not only reduces the processing time required
per frame of object-recognition but also reduces the energy
required per frame.

The VAE is implemented as part of a multiprocessor object-
recognition SoC [7] that integrates the VAE together with eight
processing element clusters (PECs), a matching accelerator
(MA), and a host RISC processor as shown in Fig. 2 (chip
photograph shown in Fig. 15). The VAE executes the saliency-
based VA algorithm on the input image to obtain regions of
interest (ROIs) for further processing. The eight PECs, which
are each responsible for one-eighth of the input image, perform
scale-invariant feature transform (SIFT) [3] feature extraction
on the ROIs in parallel. The MA performs nearest neighbor
matching of the extracted SIFT features against an object
database. The RISC processor performs task management and
flow control.

Since the VAE is an added stage to the conventional pattern
recognition flow, its processing speed must be sufficiently high
in order to minimize the latency of the VA algorithm, which
itself requires a considerable amount of computations. Also,
it should be energy efficient and occupy a small area since it
is targeted for integration within an object-recognition SoC.
Cellular neural networks (CNNs) [8] are known to be a very
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Fig. 1. Steps of object-recognition (a) without VA and (b) with VA. VA can

speed up object-recognition by reducing the number of features that must be
analyzed by subsequent steps.

efficient hardware architecture for executing the saliency-based
VA algorithm. Their locally connected topology is optimally
suited for local convolution operations such as Gaussian and
Gabor filtering. Thanks to CNN’s propagation property, even
operations requiring large kernel sizes are readily supported, as
demonstrated in [9], in which Gabor-like filtering that requires
very large kernel size is achieved on CNNs using just 3 x 3
sized templates.

For the VAE, we chose a digital CNN implementation
that is easily integrated within the multiprocessor SoC. The
VAE implements a new CNN architecture integrating 120
PEs interleaved with 4800 (80 x 60) cells. Named the time-
multiplexed processing element (TMPE) topology, it allows
the VAE to achieve very high PE utilization and thus high
performance. As a result, the VAE is able to execute the
VA algorithm in a short time, making the execution time
overhead of calculating VA small compared to the large
reductions in execution time of the main object-recognition.
This paper is organized as follows. Section II will introduce
the saliency-based VA algorithm, which is the basis for this
paper. Section III will describe the architecture of the VAE,
starting with the derivation of the TMPE CNN topology. The
detailed implementation of the VAE circuits will be discussed
in Section IV, followed by the detailed operation of the VAE
in Section V. Section VI will give the implementation details
with chip measurements.

II. VA ALGORITHM

In the human brain, VA [6] is the mechanism responsible
for focusing the limited resources of the brain on the most
important information in the visual field. The same principle
can be applied to machine vision, as it is very challenging
to perform object-recognition on real-time video inputs using
complex algorithms such as SIFT, especially when the field of
view is cluttered with distractors.

In order for VA to be useful for object-recognition, it
must be able to select target objects while rejecting regions
containing distractors. This paper employs the saliency-based
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Fig. 2. Object-recognition SoC including the VAE. The VAE performs
saliency-based VA to reduce the overall workload of the entire SoC.

VA model proposed by Itti, Koch, and Niebur [5]. On top of
the previous work of Koch and Ullman [10], the model is
based on the observation that attention in primate vision is
asserted as a result of competition between salient features in
the visual stimuli. Testing on natural images has shown that
the saliency-based model closely mimics human VA behavior
[11]. In addition, its practical usefulness to object-recognition
is demonstrated in [12], where it is used to pick out target
objects superimposed onto natural backgrounds.

The detailed steps of the VA algorithm are illustrated in
Fig. 3. The resolution of the input image of the algorithm is
80 x 60 pixels, or one-fourth of the 320 x 240 pixel image
used for object-recognition. The one-fourth scaled image of
80 x 60 pixels corresponds to the highest resolution image
required by the saliency-based VA model [5]. The most time-
consuming calculations of the VA algorithm are the Gabor
filtering, image wide normalization, and Gaussian filtering.
These are the main operations targeted by the VAE.

III. ARCHITECTURE
A. CNNs

CNNs are a type of neural network composed of a 2-D
cell array with each cell having synapse connections to and
from all cells in its neighborhood [8]. The following is the
differential equation describing the operation of a CNN cell:

dxdt(t) =—x‘(0+ d% agy! (1) + dg, bau' +i (1)
-1, x°() <-—1

YO = x), —1<x°0) <1 )
1, x6(1) > 1.

The variable x¢ is the internal state of the cell, y© is its
output, and u¢ is its input. N, denotes the neighborhood of
the cell, which is usually the 3 x 3 window (including itself)
centered around the cell. Thus, x¢, yd, and u? denote the
internal state, output, and input, respectively, of neighborhood
cells. The coefficients a4, b;, and i are constants that make
up a template which defines the behavior of the CNN.

Equations (1) and (2) describe the operation of CNNs
in continuous time and can be directly modeled by analog
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Fig. 3. Detailed steps of the saliency-based VA algorithm. The final resulting
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be important.
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circuit components. In digital CNNs, the first-order Euler
approximation of (1) and (2) is used, given as

kD) =D aay'®) + D baul +i ()
deN, deN;
-1, x°(k) < -1
yotk) = qx°(k), —1=<x(k) <1 4)
1, x¢(k) > 1.

By examining (1)—(4), it can be seen that CNN hardware
must provide memory, inter-cell communication, and process-
ing capabilities. Memory is needed to store the state and input
of the cells, inter-cell communication is needed to access the
states and inputs of neighbor cells, and processing is needed
to apply CNN templates. Fig. 4(a) and (b) summarizes the
topologies of conventional analog and digital CNN imple-
mentations. Analog CNNs employ a fully parallel architecture
in which each cell has its own set of analog multipliers and
memory [13], [14]. This results in very fast operation on the
order of several hundred 8-bit equivalent GOPS [13]. However,
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Fig. 4. Comparison of CNN implementations. (a) Conventional analog.

(b) Conventional digital. (c¢) TMPE topology.

actual performance is limited by the I/O speed, which is only
in the several hundred MByte range, due to digital-to-analog
converter and analog to digital converter overhead. In addition,
analog CNNs suffer from switching noise and low equivalent
accuracy in the range of 7 b.

Meanwhile, digital CNNs replace analog multipliers with
digital multiplier-accumulators (MACs) units, and analog
memories with static random access memory (SRAM) and
flip-flops for more robust operation. However, due to the
large size of MAC units compared to analog multipliers, it
is not possible to employ a fully parallel architecture. In
[15], a systolic array architecture was proposed to emulate
CNN operation. It provides only limited scalability due to its
complex architecture and its performance is bottlenecked by
its dependence on off-chip memory accesses. More recently,
a mixed-mode approach was presented [16], in which inter-
cell connections and accumulation are handled in the analog
domain while memory storage is handled in the digital domain.
Although this approach seems to take the best of analog
and digital circuits, its actual performance suffers from the
long digital-to-analog and analog to digital conversion time.
n [17], a processor array approach is used in which each
processor is responsible for a portion of the image. The
processors are controlled in a SIMD way, meaning a single
controller is responsible for decoding program instructions and
broadcasting them to each processor.

We propose a digital CNN topology, named the TMPE
topology, which combines the flexibility of the digital CNN
approach with the high performance of a fully parallel cell
topology adopted by analog CNNs. This is achieved by
integrating the required number of fully parallel cells with
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a smaller number of shared digital PEs, as illustrated in
Fig. 4(c). In this highly scalable topology, the cell array size
can easily be scaled because of the small size of each cell.
Processing speed can be scaled as needed by varying the
number of PEs per row of cells. Meanwhile, the parallel
inter-cellular communication capability of the cells minimizes
communication overhead to ensure that the PEs are always
optimally utilized. The detailed operation of this topology will
be further explained in Section V.

B. VAE Architecture

Fig. 5 shows the block diagram of the VAE which imple-
ments the TMPE CNN topology. The 4800 (80 x 60) cells
required to execute the VA algorithm are organized into four
20 x 60 cell arrays, while the 120 PEs that provide a peak
performance of 24 GOPS at 200 MHz are organized into two
columns of 60 PEs. Each column of PEs is shared by two cell
arrays, which results in each PE being shared by 40 cells.

The simplified block diagram of the cells and PEs are shown
in Fig. 6. A strict role division between the cells and PEs
was enforced, the cells are responsible for the storage and
inter-cellular communication of CNN variables, while the PEs
handle the calculations. This means that the PEs do not even
have an accumulation register which is required for CNN
operation. Instead, accumulation is performed directly on each
cell’s register file. The lack of an accumulation register within
the PE is due to the time-multiplexed sharing of each PE
among different cell columns.

Each cell contains a register file with four 8-bit entries for
storing the variables required for CNN operation. Although
(3) and (4) require each cell to store three variables, i.e., u¢,
x¢, and y°, only two variables are needed when applying
the full signal range (FSR) model [18], in which y¢ = x€.
As a result, the four entry register files can store up to two
real-valued CNNs. Complex-valued CNN operation, which is
required for Gabor-type filtering [9], requires all four register
file entries, two for storing the real and imaginary parts of
the state x“(x = Xy, + jX{y,,), one for storing u®, and
one as a temporary register when calculating the complex
convolution. The quad-directional shift registers of each cell
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Fig. 6. Cell-PE interconnection. Each PE can access 40 cells through two
read buses and one write bus.

are crucial to the VAEs operation since they are the only means
of inter-cell communication. For CNN operation, either the
input u¢ or state x¢ is loaded from the register file into the
shift register and shifted to neighboring cells in the north, east,
west, and south directions. Since all shift registers operate in
unison, as a cell’s data is shifted out to a neighbor in a certain
direction, data from the neighbor in the opposite direction will
be shifted in. Each global shift operation takes only one cycle
to complete, resulting in a very low data access overhead of
only 2.4% for CNN operation.

The PEs are responsible for updating the CNN states stored
in the cells. For this, two read buses and one write bus connect
each PE to 40 cells. When processing data, a PE reads data
from the register file and shift register of a cell through read
bus A and read bus B, and writes back the results to the
register file through the write bus. It should be noted that
for each read—execute—write operation, the PE has access to
only one cell. This means it cannot by itself combine data
stored in different cells, that is achieved by the shift registers
in the cells. Each PE is capable of executing an 8-b MUL or
MAC with result saturation in a single cycle to accelerate CNN
operation. This amounts to 24 GMACS peak performance at
200 MHz operating frequency. The sustained performance for
CNN operation is only slightly lower at 22.3 GMACS, thanks
to high PE utilization of 93%.

The operation of the cells and PEs is coordinated by the
control block shown at the bottom of Fig. 5. The VAE program
is stored in 2 Kbytes of instruction memory. The program flow
controller decodes the instructions and provides basic looping
capability. The control signal sequencer generates the low-
level timing signals for controlling the cells and PEs. Data
I/O of the cells’ data takes place through the on-chip network
interface.

1V. DETAILED IMPLEMENTATION
A. VAE Cell

Area reduction is the most critical aspect of the VAE cell’s
design, due to the large number of cells that must be integrated.
The 4800 cells account for more than 60% of the total area
of the VAE. The register file and shift register of the cell are
optimized to reduce area. First, the register file is implemented
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using 6T SRAM cells as shown in Fig. 7. To further reduce
the area, peripheral circuits such as the asynchronous timing
signal generator is not included in each cell. Instead, a global
asynchronous timing generator that is located in each 20 x 60
cell array distributes the asynchronous timing signals to each
cell through a balanced H-tree buffer configuration. Power
consumption of the buffer tree is minimized by gating the
control signals by column, since only two columns of cells
are active at once due to pipelined operation. Compared to a
standard cell D flip-flop based implementation, 55% cell area
reduction is achieved by using SRAM cell-based register files
with global timing signal generators.

Cell area is further reduced by employing a dynamic
negative-channel metal-oxide-semiconductor (NMOS) pass-
transistor based MUX/DEMUX scheme shown in Fig. 8.
In this scheme, the value of dynamic node D, which is
precharged to the supply voltage, is evaluated through one of
many possible paths selected by the signals “N_en,” “E_en,”
“S_en,” “W_en,” and “load_en” before being latched by the
pulsed latch. A weak keeper is employed to protect node D
against noise components due to crosstalk and charge sharing.
Compared to a static standard cell MUX/DEMUX design
that requires positive-channel metal-oxide-semiconductor and
NMOS transistors, this reduces cell area by 40%.

B. PE

The PEs execute the basic functions required for CNN
operation such as MAC, MUL, and ADDI in a single cycle
as shown in Fig. 9. The limiter located after the adder can
simulate the nonlinear output function of CNNs. Additional
functions such as ABS and MIN/MAX allow for some basic
general purpose image manipulations.

Each PE is shared by a group of 40 cells through two
read buses and one write bus. The read buses, which are
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single-ended to save routing resources, are operated in dy-
namic mode. Since NMOS pass transistors are used in place
of complementary metal-oxide—semiconductor (CMOS) pass
gates, cell area and bus loading can be reduced. On the other
hand, the write buses are double-ended to facilitate reliable
write operation to the SRAM cells of the register files.

The read and write buses are split into left and right
segments at the PE to reduce wire capacitance and resistance.
Originally, each bus wire would have to span a width of
1750 pm, which includes the width of 40 cells and 1 PE.
However, with bus splitting, this is reduced to just 570 um,
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which is the width of just 20 cells. As a result, the bus
capacitance, which includes the wire capacitance as well as
the parasitic capacitance of the access transistors, is reduced
by over 50% and the read bus wire delay from the farthest
cell on the bus to the PE is just 240 ps.

Fig. 10 illustrates the pipelined execution of the PEs. The
data in the cells are processed column by column in a three-
stage read, execute, write pipeline. As a result, 1 op/cycle
throughput is achieved and it takes 42 cycles for the PEs
to execute one instruction on the entire cell array. Pipelined
operation necessitates read and write of register files in the
same cycle. However, since control signal generation circuitry
is shared among cells in an array, reading and writing of cell
data cannot occur simultaneously. This is solved by allocating
the first half of each cycle for reading and the second half for
writing.

As explained earlier, the PE does not contain an accumulat-
ing register but instead accumulates directly to a cell’s register
file. The downside of this is that only 8 b can be used for
accumulation. This poses two potential problems: accumulator
overflow and degradation of precision. The overflow problem
is solved by scaling the multiplication result with a barrel
shifter as shown in Fig. 9. Despite this, the degradation of
precision may still limit the VAE in some applications that,
for example, require large kernel sizes. However, for the VA
application, 8 bits proved to be sufficient.

C. Data I/0

For data I/0, the PEs are connected to one another in a shift
register configuration to shift data to and from the controller
as shown in Fig. 11. For this, the “Operand A” registers of
each PE can be operated in a shift register mode through the
shift_in, shift_out, and shift_clk signals, as described in Fig. 9.
The “Operand A” registers of four consecutive PEs are grouped
as one 4-byte shift register to match the 4-byte per cycle I/O
throughput of the controller. For writing to the cell array, an
entire column of data is first shifted in to a PE column and
then written to a column of cells at once through the write
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Fig. 11. Data I/O path of the VAE. All data access to the cell arrays are

performed through the PEs.

bus. When reading from the cell array, data from an entire
column of cells are read into a PE column either through read
bus A or read bus B, and then shifted out to the controller.
Each column operation takes 1 cycle for cell access and 15
cycles for shifting the data, which translates to 1280 cycles or
6.4 us for array-wide write or read.

D. Controller

The controller is responsible for decoding VAE programs
into control signals for the cell and PE arrays and data
input/output. Each VAE instruction is 16 bits wide so that
the 2 Kbyte instruction memory can hold 1024 instructions.
The VAE instructions are fine grained, meaning that every
operation such as load, shift, and ALU operations are program-
mable. Although this results in larger program size, since CNN
templates must be broken down into multiple instructions,
it affords high flexibility to the programmer for non-CNN
tasks. The task of decoding instructions is split between the
flow control block and the sequencer. The flow control block
takes care of instruction-level flow control including branching
and program start/halt. The sequencer decodes the current
instruction into actual sequences of control signals for the
cell and PE arrays. The sequence of control signals can be
as long as 42 cycles for instructions involving PE processing
like multiply-accumulate or just 1 cycle for instructions like
load and shift.

V. DETAILED OPERATION

Fig. 12 shows the programmer’s model of the VAE. From
the programmer’s viewpoint, the VAE can be abstracted into
a vector machine with four 80 x 60-dimensional 8b vector
registers, denoted 10 ~ 3, and one 80 x 60-dimensional 8b
vector shift register, denoted sr. Three main types of operations
are possible on the VAE. First, the vector shift register contents
can be loaded from one of the vector registers. This takes place
globally for all cells and thus only one cycle is needed. Second,
the contents of the vector shift register can be shifted in the
north, east, south, or west directions. This also takes just one
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cycle. The third operation type, i.e., the PE operation, takes up
to three operands (one of 0 ~ 3, sr, and a global coefficient),
performs a PE operation, and saves the result back to r0 ~ 3.
This takes 42 cycles to complete as a result of the pipelined
PE operation explained earlier.

A. CNN Operation

Using vector notation, a 3 x 3 CNN template T, which
defines the behavior of a CNN, can be expressed as

T ={A,B,i} (5)

ap ay ax bo by by
whereA:[asaws]andB: b3 by bs |.
6 a7 a8 be b7 bg

Letting U equal the 80 x 60-dimensional input image matrix
and X(k) equal the 80 x 60-dimensional CNN state matrix at
time k, one time step in the CNN Euler approximation (3)
applied to the entire 80 x 60 array can be expressed as

X(k+1)=Xk)*A+Ux*B+i. (6)

Although (4) originally required an additional saturation
step, this step is eliminated by assuming the FSR model,
in which the saturation function is always applied to the PE
output, and thus y“ = x°.

Equation (6) shows that CNN operation is mainly composed
of a 2-D convolution with a kernel. Fig. 13 visualizes an
efficient procedure for calculating the convolution, which
involves a spiral shifting motion to minimize data access
overhead and maximize PE utilization. First, the register array
holding the input is copied into the shift register array. Then
the shift register array is shifted in a spiraling motion. From
the viewpoint of the center cell, the state value of each of
its neighbor cells becomes available after each shift operation.
The convolution is obtained by multiplying the shift register
value with the appropriate coefficient and accumulating the
result back to the result after each shift. Thanks to the
efficient shift pattern and single cycle shift operations, data
communication overhead is only 2.4% and utilization of the
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Fig. 13.  Procedure for convolution with a 3 x 3 kernel.

PE pipelines is 93%. Convolution using larger kernels (5§ x 5,
7 x 7, and so on) can also be efficiently achieved by simply
extending the spiraling shift sequence.

According to (6), a CNN iteration is completed by executing
two convolutions and one addition. First, a convolution is cal-
culated for the state output X(k) and is repeated for the input
U. Then the threshold value i, which is normally a negative
value, is added to the state to obtain the final state X(k+ 1).
For a 3 x 3 CNN template with all nonzero coefficients, this
process takes 858 cycles or 4.3 us at 200 MHz.

VA

The saliency-based VA requires Gaussian filtering, Gabor-
like filtering, and center-surround operations. Gabor-like fil-
tering, unlike the other operations, requires a complex-valued
CNN and is examined in more detail here. The CNN template
for a Gabor-like filter is given by

B.

0 eIy 0
A=|el% (4422 e io0
0 el @0 0
0 0 0
B=(0 42 0 and i = 0. @)
0 0 0

Here, wy, and wy, are the angular frequencies of the Gabor-
like filter orthogonal to the x and y axes, respectively, and 1 is
a constant that is inversely proportional to the cut-off distance
of the low pass envelope of the Gabor-like filter.

The matrix A contains both real and imaginary parts. Letting
Areql and Ajmag equal the value of the real and imaginary parts
of A, then (6) can be transformed into

Xreal(k+1) = Xiear (k) * Arear —Ximag (k) * Aimag +UxB (8)
and

Ximag(k +1) = Xrear(k) * Aimag + Ximag (k) * Area.  (9)
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TABLE 1
EXECUTION TIME SUMMARY

Operation Execution time (us) Percentage of total
Gaussian Filter 521 21%
Gabor-type Filter 1210 50%
Center-Surround Filter 326 13%
Other 383 16%
Total 2440
TABLE II

CHIP IMPLEMENTATION SUMMARY

Process technology 0.13-um eight metal CMOS

2

Area 4.5 mm
Number of cells 4800 (80x60)
Number of PEs 120
Operating voltage 1.2-v
Operating frequency 200 MHz
Peak performance 24 GOPS
Sustained performance 22 GOPS
Active power consumption 84 mW
0° 45° 90° 135°

Fig. 14. Gabor-type filter impulse response (imaginary component).

Although (8) and (9) seem considerably more complex than
(6), thanks to the large number of zero entries in the template,
the number of required MAC operations for one step of the
Gabor-type filter template is only 19, which is actually equal
to that of (6). Only the storage requirement is increased, since
all four registers 0 ~ r3 are required to compute the complex
CNN. As a result, one iteration of the Gabor-type filter takes
831 cycles or 4.15 us, which is less than (6) due to omission of
the threshold addition. The impulse responses of Gabor-type
filters with varying orientation are shown in Fig. 14. In all
cases, the angular frequency w is equal to 1.5 radians, and A
is equal to 0.66, which corresponds to a 6-dB cutoff distance of
1.5 pixels. Fifteen iterations were used in each case, resulting
in 65 us execution time.

Table I summarizes the operations performed by the VAE
and the time spent on each operation. Gabor-type filtering,
which is used for extracting specific edge orientations, takes
more than half of the total execution time, due to the large
number of iterations required for each operation.

VI. IMPLEMENTATION RESULTS

The 4.5-mm? VAE was fabricated as part of the 36-mm?
object-recognition SoC [7] shown in Fig. 2 using a 0.1-
um eight metal logic CMOS technology. The cell arrays are
custom-designed to minimize the area while the PE and con-
troller blocks are synthesized. The photograph of the resulting
chip is shown in Fig. 15, and the chip features are summarized

g
=
=)
\O
(o]

“BONE-V2”
Object
Recognition SoC §

PEC2 | PEC3 | PEC4 |t

Fig. 15. Chip photograph.
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Fig. 16. Object-recognition results.

in Table II. Power consumption is 84 mW when running at
200 MHz and 1.2-V. The 120 PEs have a peak performance
of 24 GOPS and show a utilization rate of 93% during CNN
operation, thereby sustaining an effective performance of 22
GOPS.

Fig. 16 shows the result of applying VAE to an object-
recognition SoC designed for real-time (>15 frames per
second) operation on 320 x 240 video input. The VAE rapidly
performs a saliency-based attention algorithm on the 80 x 60
scaled image and outputs a pixel map marking the ROIs.
This map is used later by the parallel processors of the
object-recognition SoC to perform detailed local-feature-based
object-recognition only on regions of high saliency. For object
images with background clutter, the average number of local
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features is drastically reduced when the VAE is activated,
increasing frame rate by 83% and reducing energy per frame
by 45% without degrading the recognition rate. The energy
overhead of the VAE itself is only 0.2 mJ/frame thanks to the
short processing time of 2.4 ms/frame.

VII. CONCLUSION

In this paper, we have presented a CNN-based hardware
acceleration block specialized for executing the VA algorithm.
Named the VAE, it adopts the TMPE topology to achieve
sustained performance of 22 GOPS while consuming just
84 mW. This enables it to complete a CNN iteration on
an 80 x 60 pixel image in 4.3 us and thus complete the
VA algorithm in just 2.4 ms. By applying the VAE, object-
recognition speed is increased by 83% with no negative effects
on recognition accuracy.
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