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second RRAM, a programming circuit coupled to the
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operation between the input bit and the kernel bit read from
the complementary pair of RRAMs, and output a XNOR
output based on the XNOR operation.
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1
DIGITAL RRAM-BASED CONVOLUTIONAL
BLOCK

CROSS-REFERENCE TO RELATED PATENT
APPLICATIONS

This application claims priority to U.S. Provisional Appli-
cation No. 62/734,023, filed Sep. 20, 2018, the entire
contents of which are hereby incorporated by reference.

FIELD

Embodiments relate to convolutional logic blocks image
processing and machine learning applications.

SUMMARY

Convolution plays an important role in image processing
and is a key component in machine learning techniques
based on convolutional neural networks (CNNs). Convolu-
tion requires high processing cost as convolution involves a
significant amount of data movement between a computa-
tion unit and memory. As a result, convolutional blocks may
also consume a large amount of power. This high processing
cost and large power consumption renders convolutional
blocks unsuitable for smaller devices such as embedded
systems, smartphones, and the like.

One solution to the high processing cost of convolutional
blocks may include using energy-efficient hardware accel-
erators. The hardware accelerators are suitable for internet-
of things (IoT) devices. Although the hardware accelerators
increase the speed at which convolutions are processed, the
hardware accelerators do not reduce the processing cost or
complexity of the operations. Additionally, the hardware
accelerators add to the power consumption requirement of
the devices.

Another solution is to use resistive random access memo-
ries (RRAMs) to perform an analog dot product of the input
and kernel matrices and outputting a current that is a sum of
the products. The RRAMs are arranged into crossbar passive
arrays to perform the analog dot products. The output
currents are the sums of the currents flowing through each
RRAM cell and each current is a product of the input voltage
times the conductance of the RRAM. This solution provides
for reduced area of the processing circuit. However, this
solution requires analog-to-digital converters (ADCs) and
digital-to-analog converters (DACs), which may increase
the area and may increase the power consumption. Addi-
tionally, the device to device variability of RRAMs may also
introduce errors that reduce the accuracy of the convolu-
tional blocks.

Yet another solution includes the use of RRAMs to
perform a binary dot product using binary input and kernel
matrices with comparator sensor amplifiers (CSAs) or
reduced precisions ADCs. This solution improves both
energy efficiency and robustness of the implementation
against RRAM process variations. However, the offset volt-
age of the CSAs may lead to operational failure of the
solution.

Accordingly, there is a need for an RRAM-based convo-
Iutional block that reduces processing cost and energy
consumption while accounting for RRAM process varia-
tions and improving accuracy of the convolutional block.

One embodiment provides a resistive random-access
memory based convolutional block including a complemen-
tary pair of resistive random access memories (RRAMs)
having a first resistive random-access memory (RRAM) and
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2

a second RRAM, and a programming circuit coupled to the
complementary pair of RRAMs. The programming circuit is
configured to receive a kernel bit from a kernel matrix,
program the first RRAM to at least one selected from a
group consisting of a low resistive state and a high resistive
state, based on the kernel bit, and program the second
RRAM to the other of the low resistive state and the high
resistive state. The RRAM-based convolutional block also
includes a XNOR sense amplifier circuit coupled to the
complementary pair of RRAMs. The XNOR sense amplifier
circuit is configured to receive an input bit from an input
matrix, perform a XNOR operation between the input bit
and the kernel bit read from the complementary pair of
RRAMs, and output a XNOR output based on the XNOR
operation.

Another embodiment provides a resistive random-access
memory based convolutional block including a complemen-
tary resistive random access memory (RRAM) array and a
programming circuit coupled to the complementary RRAM
array. The programming circuit is configured to receive a
plurality of kernel bits from a kernel matrix, and program a
plurality of columns of the complementary RRAM array
based on a corresponding one of the plurality of kernel bits.
The RRAM-based convolutional block also includes a
XNOR sense amplifier circuit array coupled to the comple-
mentary RRAM array. The XNOR sense amplifier circuit
array is configured to receive a plurality of input bits from
an input matrix, perform a bit-wise XNOR operation
between the plurality of input bits and the plurality of kernel
bits stored in the complementary RRAM array, and output a
plurality of XNOR outputs based on the bit-wise XNOR
operation.

Other aspects of the invention will become apparent by
consideration of the detailed description and accompanying
drawings.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 illustrates an RRAM-based convolutional block in
accordance with some embodiments.

FIGS. 2A-2D illustrate an RRAM-based XNOR cell used
in the RRAM-based convolutional block of FIG. 1 in
accordance with some embodiments.

FIGS. 3A-3B illustrates an RRAM-based XNOR cell
array used in the RRAM-based convolutional block of FIG.
1 in accordance with some embodiments.

FIG. 4 illustrates a pie chart showing energy savings
provided by the RRAM-based convolutional block of FIG.
1 over a CMOS XNOR block.

FIG. 5 illustrates a graph showing the robustness of the
RRAM-based convolutional block of FIG. 1.

FIG. 6 illustrates a table showing the energy overhead and
delay overhead of CMOS multiply-accumulate blocks and
CMOS XNOR block compared to the RRAM-based con-
volutional block of FIG. 1.

FIG. 7 illustrates a simplified block diagram of a hardware
accelerator including the RRAM based convolutional block
of FIG. 1 in accordance with some embodiments.

FIG. 8 illustrates a table showing the power and area
savings offered by a hardware accelerator implementing the
RRAM-based convolutional block of FIG. 1 compared to a
hardware accelerator without the RRAM-based convolu-
tional block of FIG. 1.

FIG. 9 illustrates an alternative RRAM-based convolu-
tional block in accordance with some embodiments.
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FIG. 10 illustrates a binary dot product engine including
the RRAM-based convolutional block of FIG. 1 in accor-
dance with some embodiments.

FIG. 11 illustrates a central processing unit including the
binary dot product engine of FIG. 10 in accordance with
some embodiments.

FIG. 12 illustrates an instruction format of instructions
provided to the binary dot product engine of claim FIG. 10
in accordance with some embodiments.

FIG. 13 illustrates a flowchart of a method of executing a
binary neural network using the central processing unit of
FIG. 11 in accordance with some embodiments.

FIG. 14A-15B illustrate bar graphs showing relative
benefits of the central processing unit of FIG. 11 over a
conventional central processing unit.

DETAILED DESCRIPTION

Before any embodiments of the invention are explained in
detail, it is to be understood that the invention is not limited
in its application to the details of construction and the
arrangement of components set forth in the following
description or illustrated in the following drawings. The
invention is capable of other embodiments and of being
practiced or of being carried out in various ways.

A convolution between two real value matrices (for
example, a kernel and an input matrix) includes a repeated
shift operation which moves the kernel over the input and
dot product, which performs element-wise multiplications
between the kernel and the input. The dot product is the sum
of products between the elements of the two matrices. By
constraining the input and kernel matrix values to binary bits
(-1 or +1), the multiplication and sum of products opera-
tions may be replaced by a XNOR and bitcount operations.
An RRAM-based storage system may be used to store the
kernel bits and a XNOR sense amplifier circuit may be used
to perform a XNOR operation between the kernel bits and
input bits received at the XNOR sense amplifier circuit. The
final dot product may be determined by using the bitcount
operation between the various XNOR sense amplifier cir-
cuits.

FIG. 1 is a simplified block diagram of an example
RRAM-based convolutional block 100. In the example
illustrated, the RRAM-based convolutional block includes
an RRAM array 110, XNOR sensing circuits 120 (for
example, XNOR sense amplifier circuit array), and a com-
binational bitcount circuit 130. The RRAM-based convolu-
tional block 100 may include more or fewer components
than those illustrated in FIG. 1 and may perform additional
functions other than those described herein.

The RRAM array 110 includes a kernel input 140 to
receive a plurality of kernel bits from a kernel matrix. The
RRAM array 110 stores the kernel bits in complementary
pairs of RRAMs (shown in FIG. 2). The RRAM array 110
provides the kernel bits to the XNOR sensing circuits 120
for performing a XNOR operation on the kernel bits. The
XNOR sensing circuits 120 include a matrix input 150 to
receive input bits “a” from an input matrix. The XNOR
sensing circuits 120 perform a XNOR operation between the
input bits “a” received at the matrix input 150 and the kernel
bits stored in the RRAM array 110 to output a XNOR output
160 to the combinational bitcount circuit 130. The combi-
national bitcount circuit 130 counts the number of zeros or
ones in the XNOR output 160 to provide a dot product
output 170.

FIG. 2A illustrates an example RRAM-based XNOR cell
200 that forms a building block of the RRAM array 110 and
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the XNOR sensing circuit 120. In the example illustrated,
the RRAM-based XNOR cell 200 includes a complementary
pair of resistive random access memories (RRAMs) 210, a
programming circuit 220, an isolation circuit 230, and a
XNOR sense amplifier circuit 240. The RRAM-based
XNOR cell 200 may include more or fewer components than
those illustrated in FIG. 2 and may perform additional
functions other than those described herein.

The complementary pair of RRAMs 210 includes a first
resistive random access memory (RRAM) 250A, and a
second resistive random access memory (RRAM) 250B. A
RRAM 250 (including the first RRAM 250A and second
RRAM 250B) is a two-terminal device including a metal
electrodes and a switching oxide stack. By applying a
programming voltage between the two electrodes, the con-
ductivity of the metal oxide can be changed leading to a
switching event of the RRAM 250 between two stable
resistance states: (1) a low resistance state (LRS); and (2) a
high resistance state (HRS). Accordingly, the RRAM 250
stores a logic binary data 1 and O in the LRS and HRS
respectively. Applying a positive programming voltage will
induce a switching from HRS to LRS (i.e., 0 to 1) called a
set process. On the other hand, applying a negative pro-
gramming voltage will induce a switching from LRS to HRS
called a reset process.

The programming circuit 220 programs (that is, sets or
resets) the complementary pair of RRAMs 210. In the
example illustrated, the programming circuit 220 includes a
4Transistors IRRAM (4T1R) structure with a memory bank
organization including word lines and bit lines to provide
programming input to the 4T1R structure. In other embodi-
ments, a 2T1R, a 2Transmission Gates 1 RRAM, or the like
structures can be used to program the complementary pair of
RRAMs. Additionally, a scan chain organization including
flip flops rather than the memory bank organization may be
used to provide the programming input to the programming
structures.

The programming circuit 220 employs a first PMOS
transistor 260A, and a first NMOS transistor 260B, along
with a shared PMOS transistor 270A and a shared NMOS
transistor 270B, to trigger set and rest process for the first
RRAM 250A. The first PMOS transistor 260A, the first
NMOS transistor 260B, the shared PMOS transistor 270A,
and the shared NMOS transistor 270B form the 4T1R
programming structure for the first RRAM 250A. Similarly,
the programming circuit 220 employs a second PMOS
transistor 280A, and a second NMOS transistor 280B along
with the shared PMOS transistor 270A and the shared
NMOS transistor 270B to trigger set and rest process for the
second RRAM 250B. The second PMOS transistor 280A,
the second NMOS transistor 280B, the shared PMOS tran-
sistor 270A, and the shared NMOS transistor 270B form the
4TIR programming structure for the second RRAM 250B.
The first PMOS transistor 260A and the second PMOS
transistor 280A are coupled to supply voltage VDD, while
the first NMOS transistor 260B and the second NMOS
transistor 280B are coupled to ground. The shared transistors
270A, 270B are provided in a deep N-well 290 that may be
switched between twice the supply voltage 2VDD and
negative supply voltage —VDD to program the complemen-
tary pair of RRAMs 210. The deep N-well 290 allows for
use of large programming voltage ranges without using
input/output transistors. Accordingly, constant supply volt-
age VDD and ground are provided at transistors 260A,
260B, 280A, and 280B, while switchable voltage supply for
providing 2VDD and -VDD is provided at transistors 270A
and 270B. Additional description of the programming struc-
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tures to program the complementary pair of RRAMs is
provided in U.S. Pat. No. 10,348,306 titled, “RESISTIVE
RANDOM ACCESS MEMORY BASED MULTIPLEX-
ERS AND FIELD PROGRAMMABLE GATE ARRAYS,”
the entire contents of which are hereby incorporated by
reference.

In one example as shown in FIG. 2B, the first NMOS
transistor 260B and the shared PMOS transistor 270A are
turned on while keeping the other transistors 260A, 2708,
280A, and 280B off to reset the first RRAM 250A. The first
NMOS transistor 260B ties the top eclectrode of the first
RRAM 250A to ground. In this example, the voltage of the
deep N-well 290 is set to twice the supply voltage 2VDD
such that a resetting voltage of —2VDD is applied across the
terminals of the first RRAM 250A. Similarly, the second
NMOS transistor 280B and the shared PMOS transistor
270A are turned on while keeping the other transistors 260A,
260B, 270B, and 280A off to reset the second RRAM 250B.

In one example shown in FIG. 2C, the second PMOS
transistor 280A and the shared NMOS transistor 270B are
turned on while keeping the other transistors 260A, 2608,
270A, and 280B turned off to set the second RRAM 250B.
The second PMOS transistor 280A ties the top electrode of
the second RRAM 250B to supply voltage VDD. In this
example, the voltage of the deep N-well 290 is set to
negative supply voltage —VDD such that a setting voltage of
2VDD is applied across the terminals of the second RRAM
250B. Similarly, the first PMOS transistor 260A and the
shared NMOS transistor 270B are turned on while keeping
the other transistors, 260B, 270A, 280A, and 280B off to set
the first RRAM 250A.

During a kernel store phase (for example, a programming
phase), the first RRAM 250A and the second RRAM 250B
are programmed in a complementary fashion based on the
kernel bit. For example, when the kernel bit is logic binary
1, the first RRAM 250A is programmed to a LRS and the
second RRAM 250B is programmed to a HRS. Similarly,
when the kernel bit is logic binary 0, the first RRAM 250A
is programmed to a HRS and the second RRAM 250B is
programmed to a LRS.

The isolation circuit 230 isolates the XNOR sense ampli-
fier circuit 240 from the programming circuit 220 during the
kernel store phase such that the outputs are not driven during
the programming of the first RRAM 250A and the second
RRAM 250B. The isolation circuit 230 includes a first
isolation transistor 300A and a second isolation transistor
300B that couple the programming circuit 220 to the XNOR
sense amplifier circuit 240. Particularly, the first isolation
transistor 300A couples the first RRAM 250A to the XNOR
sense amplifier circuit 240 and the second isolation transis-
tor 300B couples the second RRAM 250B to the XNOR
sense amplifier circuit 240. In the example illustrated, the
first isolation transistor 300A and the second isolation tran-
sistor 300B are NMOS transistors that are disabled during
the kernel store phase. In other embodiments other types of
transistors may be used. The first isolation transistor 300A
and the second isolation transistor 300B are driven by a
complementary programming input prog. The programming
input is asserted during the kernel store phase. Accordingly,
the first isolation transistor 300A and the second isolation
transistor 300B are turned off during the kernel store phase.

The XNOR sense amplifier circuit 240 includes a matrix
input 310 and a readout 320. The matrix input 310 receives
an input bit “a” from the input matrix and the readout 320
outputs the dot product between the input bit “a” and the
kernel bit. The XNOR sense amplifier circuit 240 includes a
first input transistor 330A and a second input transistor 330B
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with the sources of the first input transistor 330A and the
second input transistor 330B coupled to the first RRAM
250A through the first isolation transistor 300A. The XNOR
sense amplifier circuit 240 also includes a third input tran-
sistor 330C and a fourth input transistor 330D with the
sources of the third input transistor 330C and the second
input transistor 330B coupled to the second RRAM 250B
through the second isolation transistor 300B. In the example
illustrated, the input transistors 330A-D are NMOS transis-
tors, however, other types of transistors may also be used.
The gates of the first input transistor 330A and the fourth
input transistor 330D receive the input bit “a” and are driven
by the input bit “a”. As discussed above, the input bit can
take one of two states: (i) a logic binary 0; or (ii) a logic
binary 1 respectively, for example, denoted by ground or
supply voltage VDD. The gates of the second input transis-
tor 330B and the third input transistor 330C receive the
complementary input bit “a” and are driven by the comple-
mentary input bit “a”.

The drains of the first input transistor 330A and the third
input transistor 330C are coupled to source of a first load
transistor 340A and the drains of the second input transistor
330B and the fourth input transistor 330D are coupled to
source of a second load transistor 340B. The source of the
second load transistor 340B provides the readout 320 “out”
and the source of the first load transistor 340A provides a
complementary readout “out”. In the example illustrated, the
first load transistor 340A and the second load transistor
340B are PMOS transistors, however, other types of tran-
sistors may also be used. The gate of the first load transistor
340A is driven by the readout 320 “out” and the gate of the
second load transistor 340B is driven by the complementary
readout “out”. The drains of the first load transistor 340A
and the second load transistor 340B are provided with the
supply voltage VDD.

The XNOR sense amplifier circuit 240 also includes a
pre-charge circuit 350 having a first pre-charge transistor
360A and a second pre-charge transistor 360B. The first
pre-charge transistor 360A is connected between the supply
voltage and the complementary readout “out” and the sec-
ond pre-charge transistor 360B is connected between the
supply voltage and the readout 320 “out”. In the example
illustrated, the first pre-charge transistor 360A and the
second pre-charge transistor 360B are PMOS transistors,
however, other types of transistors may also be used. The
first pre-charge transistor 360A and the second pre-charge
transistor 360B are driven by the complementary program-
ming input “prog”. Accordingly, the pre-charge circuit 350
loads both outputs “out” and “out” to the supply voltage
before the XNOR cell 200 is switched from the kernel store
phase to a computing phase. A discharge transistor 370 is
provided in the deep N-well for operation during the com-
puting phase. The discharge transistor 370 couples the first
RRAM 250A and the second RRAM 250B to ground during
the computing phase. The discharge transistor 370 is driven
by a complementary discharge input “disch™.

An example computing phase is illustrated in FIG. 2D,
where the XNOR cell 200 performs a XNOR operation
between an input bit a=1 and a kernel bit k=0. Since the
kernel bit is 0, the first RRAM 250A is programmed to HRS
and the second RRAM 2508 is programmed to LRS during
the kernel store phase as illustrated in FIGS. 2B and 2C.
Once the first RRAM 250A and the second RRAM 250B are
programmed to the kernel bit, the programming input “prog”
and is set to O (i.e., ground) and the complementary dis-
charge input “disch™ is set to 1 (i.e., VDD). The program-
ming input “prog” therefore disables the pre-charge circuit
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350 and controls the isolation circuit 230 to connect the first
RRAM 250A and the second RRAM 250B to the XNOR
sense amplifier circuit 240. The complementary discharge
input “disch™ controls the discharge transistor 370 to con-
nect the outputs “out” and “out” through the first RRAM
250A and the second RRAM 250B.

Since the input bit “a” is 1, first input transistor 330A and
the fourth input transistor 330D are turned on while the
second input transistor 330B and the third input transistor
330C are turned off. Accordingly, the complementary read-
out “out” is discharged through the first RRAM 250A and
the readout 320 “out” is discharged through the second
RRAM 250B. Since the second RRAM 250B is in a low
resistive state (LRS) and the first RRAM 250A is in a high
resistive state (HRS), the residual voltage of readout 320
“out” is discharged faster than the residual voltage of
complementary readout “out”. The readout 320 “out” is
therefore grounded before the complementary readout “out”
can be grounded. The first load transistor 340A is turned on
when the readout 320 “out” is grounded and the first load
transistor 340A pulls the complementary readout “out”. The
second load transistor 340B remains off during this time.
The readout “out” provides the correct output, that is, O in
this case when the input bit is 1 and the kernel bit is 0.

Several of the XNOR cells 200 illustrated in FIGS. 2A-D
can be organized into an array to implement the RRAM
array 110 and XNOR sensing circuits 120. FIGS. 3A-B
illustrate one example showing an mxl RRAM matrix array
that may be utilized as the RRAM array 110 and the XNOR
sensing circuits 120. Here, m is the number of different
kernels to be stored and 1 is the number of elements of the
output matrix. For example, storing ten 3x3 kernels may
need a 10x9 array. The RRAM matrix array 110 may include
more or fewer components than those illustrated in FIGS.
3A-B and may perform functions other than those described
herein.

In the example illustrated, the RRAM matrix array 110
includes an mx1 arrangement of complementary pairs of
RRAMs 210 and 1 number of XNOR sense amplifier circuits
240 each coupled to a column of complementary pairs of
RRAMs 210. The programming circuit 220 is also shared
between all of the mx1 complementary pairs of RRAMs 210.
The programming circuit 220 can individually address all of
the RRAMs 250. Sharing the programming circuits 220
allows for parallel programming of the RRAMs 250. Each
RRAM 250 of the complementary pair of RRAMs 210 is
coupled to the XNOR sensing circuits 120 through an
enabling transistor 410. The enabling transistor 410 is driven
by an enable signal “En,” such that the corresponding
RRAM 250 can be selectively coupled to the XNOR sensing
circuits 120. In the example illustrated, all the enabling
transistors 410 (for example, a plurality of enabling transis-
tors) in a single row of the mxl array are driven by the same
enable signal “En,”. Accordingly, m number of enable
signals are provided to the mxl complementary pairs of
RRAMs 210. The enable signals “En,” are provided such
that only a single row of complementary pairs of RRAMs
210 are coupled to the XNOR sensing circuits 120 at any
instance.

FIG. 3B illustrates a XNOR operation between an input
matrix 420 and a kernel matrix 430 to output an output
matrix 440. In the example illustrated, the 2-dimensional
kernel matrix 430 is unrolled into a 1-dimensional kernel
vector 450 such that the kernel vector 450 can be pro-
grammed into the complementary pairs of RRAMs 210. The
kernel vector 450 is programmed into each row of comple-
mentary pairs of RRAMs 210. As discussed above, during
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the kernel store phase, the XNOR sense amplifier circuits
240 are isolated from the complementary pairs of RRAMs
210 using isolation circuits 230 (for example, isolation
circuit array). During the computing phase, the XNOR sense
amplifier circuits perform a XNOR operation between the
input bits from the input matrix 420 and the kernel bits from
the kernel vector 450 and provide XNOR outputs “out,” to
the combinational bitcount circuit 130. The combinational
bitcount circuit 130 counts the number of zeros in the XNOR
outputs “out,,” and provides the dot product output “o,,”.
During the computing phase, the kernel bits are stored on the
complementary pairs of RRAMs 210 while the input bits are
fetched from memory. Each row of the complementary pairs
of RRAMs 210 is selectively enabled using the enable
signals “En,” to perform the XNOR operations.

The RRAM-based convolutional blocks 100 offer several
advantages over other types of convolutional blocks and
neural networks. FIG. 4 illustrates the energy benefits
offered by a 128x128 RRAM-based convolutional block 100
against a 128x128 CMOS XNOR implementation. As illus-
trated in FIG. 4, although the energy consumption of the
convolutional block components of the RRAM-based con-
volutional block 100 are similar to the convolutional block
components of the CMOS based implementation, the
RRAM-based convolutional block 100 offers significant
savings in terms of energy consumption due to memory
access. Particularly, by providing storage of kernel bits in
complementary pairs of RRAMs 210, the RRAM-based
convolutional block reduces the need for excess memory
access thereby providing up to 48% energy savings over a
CMOS based XNOR implementation. Additionally, the
RRAM-based convolutional block 100 is robust and highly
accurate compared to other implementation. Particularly, the
RRAM-based convolutional block 100 overcomes any error
that may be introduced by the device-to-device variability of
the RRAMs. When considered for a 25x25 RRAM-based
convolutional block 100, FIG. 5 illustrates the robustness of
the design based on variability in the RRAMS. Particularly,
for standard deviations of LRS and HRS that are less than
25%, Monte Carlo simulations resulted in zero XNOR
failures. The RRAM-based convolutional block 100 works
with state-of-the-art RRAMs that offer below 25% variabil-
ity and therefore provide 100% reliability.

The RRAM-based convolutional blocks 100 also offer
several advantages over other types of convolutional blocks
and neural networks when used in real-world implementa-
tions. For example, when implemented in an image process-
ing dilation application, the RRAM-based convolutional
block provided significant energy and time savings over
other convolutional blocks and neural networks. FIG. 6
illustrates exemplary energy and time savings offered by the
RRAM-based convolutional block against a CMOS multi-
ply-accumulate (MAC) unit and a standard CMOS XNOR
sense amplifier circuit.

FIG. 7 illustrates the implementation of the RRAM-based
convolutional block 100 in a hardware accelerator 500. In
the example illustrated, the hardware accelerator 500 is an
ISAAC hardware accelerator developed by the Computer
Science Department of University of Utah. The hardware
accelerator 500 includes a plurality of tiles 510 and an input
output interface 520. Each tile 510 (Referred to as BISAAC)
includes a max-pool unit 530, an eDRAM buffer 540, a
sigmoid unit 550, output registers 560 and in-situ multiply
accumulate units 570. The in-situ multiply accumulate units
include input registers 580, output registers 590 and a
plurality of RRAM-based convolutional blocks 100. Shared
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buses 595 are used in the tiles 510 and the in-situ multiply
accumulate units to distribute information between the mul-
tiple components.

In comparison, an analog implementation of the tile 600
(referred to as ISAAC-CE) additionally includes a shift and
add unit 610 and an analog implementation of the in-situ
multiply-accumulate unit 630 includes a plurality of analog
convolutional blocks 640 instead of the RRAM-based con-
volutional blocks 100. To accommodate the plurality of
analog convolutional blocks 640, a plurality of analog-to-
digital converters 650 and an in-situ sample and add unit 660
are also provided in the analog in-situ multiply-accumulate
unit 630. Compared to the analog implementation of the tile
600, the binary implementation of the tile 510 provides
several energy and size benefits as illustrated in FIG. 8.

FIG. 9 illustrates the RRAM-based convolutional block
100 in accordance with another embodiment. In the example
illustrated, the RRAM-based convolutional block 100
includes 128 columns of complementary pairs of RRAMs
210. The RRAM-based convolutional block illustrate how
the dot product may be computed using a parallel arrange-
ment of the kernels to further improve the performance of
the RRAM-based convolutional block 100.

Additional description of the RRAM-based convolutional
block 100 and comparisons showing relative benefits of the
RRAM-based convolutional block 100 are described in
detail in the publication titled “A ROBUST DIGITAL
RRAM-BASED CONVOLUTIONAL BLOCK FOR LOW-
POWER IMAGE PROCESSING AND LEARNING
APPLICATIONS” published in IEEE Transactions on Cir-
cuits and Systems, Regular Papers, Vol. 66, No. 3, 2019, pp.
653-654, the entire contents of which are hereby incorpo-
rated by reference.

FIG. 10 is a simplified block diagram of a binary dot
product engine (BDPE) 700 (for example, binary dot prod-
uct circuit) including the RRAM-based convolutional block
100. The BDPE 700 includes a kernel local address unit 710,
input data unit 720, alternative XNOR circuit 730, and a
selection circuit 740. The kernel local address unit 710
provides the kernel bits to the RRAM array 110 (for
example, RRAM XNOR array) and the alternative XNOR
circuit 730. The input data unit 720 provides the input data
to the XNOR sensing circuit 120 and the alternative XNOR
circuit 730. The alternative XNOR circuit 730 provides an
alternative method to perform the dot product when the dot
product is not based on frequently used kernels. The selec-
tion circuit 740 selects between the RRAM-based convolu-
tional block 100 and the alternative XNOR circuit 730 to
provide the output of either to the combinational bitcount
circuit 130. The selection circuit 740 is controlled by a
control bit 750 to select between an output of the RRAM-
based convolutional block 100 and the alternative XNOR
circuit 730.

The BDPE 700 may include more or fewer components
than those illustrated in FIG. 10 and may perform additional
functions other than those described herein. The alternative
XNOR circuit 730 may be implemented similarly as the
RRAM-based convolutional block 100 but having to reload
the kernels in the RRAM array 110 for the XNOR operation
rather than having the kernel bits pre-stored in the RRAM
array 110.

FIG. 11 is a simplified block diagram of a central pro-
cessing unit (CPU) 800 including the BDPE 700. In the
example illustrated, the BDPE 700 is integrated in the
execution stage of the CPU 800 pipeline alongside an
arithmetic and logic unit (ALU) 810. The BDPE 700
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receives operands from a decode stage, similarly to the ALU
810 and passes the result to the execute/memory access
pipeline register.

In one example, the CPU 800 is an Architecture Reference
Manual version 8 (ARMv8) compatible CPU. Accordingly,
some of the unused opcodes of the ARMvS may be assigned
to and be used to create instructions for the BDPE 700. FIG.
12 illustrates a format 900 of the new instructions. In one
example opcodes 10000011000 and 11000011000 are re-
purposed to specify custom instructions for the BDPE 700.
In the format 900, “rm™ and “m” specify addresses of 64-bit
input registers, “imm6” represents a 6-bit immediate, and
“rd” specifies the address of the destination 64-bit output
register. Each of the new instructions may be decoded in the
decode stage of the CPU 800 pipeline such that the content
of the register specified by “rm” serves as input data of the
BDPE; the content of the register represented by the “rn” is
the input kernel; “imm6” specifies the address of the kernel
stored in the RRAM array 110; and the second most sig-
nificant bit (second MSB) of the opcode designates the
control bit 750.

FIG. 13 is a flowchart of an example method 1000 of
performing a binary dot product operation. It should be
understood that the order of the steps disclosed in method
1000 could vary. Additional steps may also be added and not
all of the steps may be required. In the example illustrated,
the method 1000 includes executing, using the CPU 800, a
binary neural network (at block 1010). The CPU 800 may be
implemented in a machine learning system or image recog-
nition system that uses binary neural network (BNN) for
processing edge data. The CPU 800 processes the edge data
using the BNN to process the edge data using the BDPE 700.
The method 1000 includes determining whether a kernel for
execution of the BNN is stored in the RRAM array 110 (at
block 1020). During profiling, the binary neural network is
used to perform a single inference while the kernel space is
profiled to select the most frequently used kernels (for
example, a plurality of frequently used kernel matrices). The
selected kernels are stored in the RRAM array 110 and a
configuration file is generated containing the information
about the content of the RRAM array 110. Particularly, the
CPU 800 may profile the BNN to determine the most
commonly used kernels and store the kernels in the RRAM
array 110.

When the kernel for execution of the BNN is stored in the
RRAM array 110, the method 1000 includes performing,
using the RRAM-based convolutional block 100, the XNOR
operation of the BNN (at block 1030). As discussed above,
the BDPE fetches the input data from a memory and
performs the XNOR operation to output the binary dot
product of the input matrix and the kernel matrix. When the
kernel for execution of the BNN is not stored in the RRAM
array 110, the method 1000 includes fetching the kernel
from memory (at block 1040) and performing, using the
alternative XNOR circuit 730, the XNOR operation of the
BNN (at block 1050).

The CPU 800 provides instructions in the format 900
described above to the BDPE 700. By controlling the
opcode, and consequently the control bit, either the output of
the RRAM array 110, or the output of the alternative XNOR
circuit 730 is used to calculate the final result of the binary
dot product operation.

The CPU 800 including the BDPE 700 provides several
time and energy benefits over a similar CPU without a
BDPE 700. FIG. 14A illustrates the relative memory
accesses reduction in the CPU 800 based on variation in
RRAM usage rate between 10% and 50%. The RRAM usage



US 11,450,385 B2

11

rate refers to the percentage of XNOR operations performed
based on the frequently used kernels stored in the BDPE.
The evaluation is performed for a YoloV3 image recognition
system using a CPU 800 including the BDPE 700 and a CPU
without the BDPE 700 (referring to “base” in FIGS. 14B-
15B). As shown in FIG. 14B, the CPU 800 provides sig-
nificant time savings and performance gains compared to a
base CPU. As shown in FIGS. 15A and 15B, the CPU 800
also provides significant energy saving compared to a base
CPU.

What is claimed is:

1. A resistive random-access memory based convolutional

block comprising:
a complementary pair of resistive random access memo-
ries (RRAMs) including a first resistive random-access
memory (RRAM) and a second RRAM;
a programming circuit coupled to the complementary pair
of RRAMs and configured to
receive a kernel bit from a kernel matrix,
program the first RRAM to at least one selected from
a group consisting of a low resistive state and a high
resistive state based on the kernel bit, and

program the second RRAM to the other of the low
resistive state and the high resistive state;

a XNOR sense amplifier circuit coupled to the comple-
mentary pair of RRAMs and configured to:
receive an input bit from an input matrix;
perform a XNOR operation between the input bit and

the kernel bit read from the complementary pair of
RRAMSs; and
output a XNOR output based on the XNOR operation.

2. The resistive random-access memory based convolu-

tional block of claim 1, further comprising:

an isolation circuit coupled between the complementary
pair of RRAMs and the XNOR sense amplifier circuit,
the isolation circuit isolating the XNOR sense amplifier
circuit from the complementary pair of RRAMs during
a programming phase of the RRAMs.

3. The resistive random-access memory based convolu-

tional block of claim 1, further comprising:

a second complementary pair of RRAMs, wherein the
programming circuit is coupled to the second comple-
mentary pair of RRAMs and is further configured to:
receive a second kernel bit from the kernel matrix, and
program the second complementary pair of RRAMs

based on the second kernel bit; and
a second XNOR sense amplifier circuit coupled to the
second complementary pair of RRAMs and configured
to:
receive a second input bit from the input matrix;
perform a second XNOR operation between the second
input bit and the second kernel bit read from the
second complementary pair of RRAMs; and

output a second XNOR output based on the second
XNOR operation.

4. The resistive random-access memory based convolu-

tional block of claim 3, further comprising:

a combinational bitcount circuit configured to count a
number of zeros in the XNOR output and the second
XNOR output.

5. A hardware accelerator including the resistive random-

access memory based convolutional block of claim 4.

6. A central processing unit, comprising:

a binary dot product engine (BDPE) including the resis-
tive random-access memory based convolutional block
of claim 4,
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wherein the complementary pair of RRAMs, the second
complementary pair of RRAMs, the XNOR sense
amplifier circuit, and the second XNOR sense amplifier
circuit are part of an RRAM XNOR array and wherein
the BDPE further comprises:

an alternative XNOR circuit;

a kernel local address unit providing the kernel matrix
as an input to the RRAM XNOR array and the
alternative XNOR circuit;

an input data unit providing the input matrix to the
RRAM XNOR array and the alternative XNOR
circuit; and

a selection circuit configured to select between a first
output of the RRAM XNOR array and a second
output of the alternative XNOR circuit and provide
at least one selected from a group consisting of the
first output or the second output to the combinational
bitcount circuit.

7. The central processing unit of claim 6, wherein the
central processing unit is configured to
profile a binary neural network,
determine a plurality of frequently used kernel matrices in
the binary neural network, and
store the plurality of frequently used kernel matrices in
the RRAM XNOR array.
8. The central processing unit of claim 7, wherein the
central processing unit is further configured to:
execute the binary neural network;
determine that a kernel for execution is stored in the
RRAM XNOR array;
perform, using the RRAM XNOR array, a XNOR opera-
tion with the kernel of the binary neural network when
the kernel is stored in the RRAM XNOR array; and
control the selection circuit to provide the first output to
the combinational bitcount circuit.
9. The central processing unit of claim 7, wherein the
central processing unit is further configured to:
execute the binary neural network;
determine that a kernel for execution is not stored in the
RRAM XNOR array;
fetch the kernel from a memory;
perform, using the alternative XNOR circuit, a XNOR
operation with the kernel of the binary neural network
when the kernel is not stored in the RRAM XNOR
array; and
control the selection circuit to provide the second output
to the combinational bitcount circuit.
10. A resistive random-access memory based convolu-
tional block comprising:
a complementary resistive random access memory

(RRAM) array;

a programming circuit coupled to the complementary

RRAM array and configured to:

receive a plurality of kernel bits from a kernel matrix,
and

program a plurality of columns of the complementary
RRAM array based on a corresponding one of the
plurality of kernel bits; and
a XNOR sense amplifier circuit array coupled to the
complementary RRAM array and configured to:
receive a plurality of input bits from an input matrix,
perform a bit-wise XNOR operation between the plu-
rality of input bits and the plurality of kernel bits
stored in the complementary RRAM array, and

output a plurality of XNOR outputs based on the
bit-wise XNOR operation.
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11. The resistive random-access memory based convolu-
tional block of claim 10, further comprising:

an isolation circuit array coupled between the comple-
mentary RRAM array and the XNOR sense amplifier
circuit array, the isolation circuit array isolating the
XNOR sense amplifier circuit array from the comple-
mentary RRAM array during a programming phase of
the complementary RRAM array.

12. The resistive random-access memory based convolu-

tional block of claim 10, further comprising:

a plurality of enabling transistors coupled between each
RRAM of the complementary RRAM array and the
XNOR sense amplifier circuit array to selectively
couple the RRAM to the XNOR sense amplifier circuit
array.

13. The resistive random-access memory based convolu-
tional block of claim 10, wherein at least a portion of the
programming circuit is provided in a deep N-well.

14. The resistive random-access memory based convolu-
tional block of claim 10, further comprising:

a combinational bitcount circuit configured to count a

number of zeros in the plurality of XNOR outputs.

15. A hardware accelerator including the resistive ran-
dom-access memory based convolutional block of claim 14.

16. A central processing unit, comprising:

a binary dot product engine (BDPE) including the resis-
tive random-access memory based convolutional block
of claim 14,

wherein the complementary RRAM array and the XNOR
sense amplifier circuit array are part of an RRAM
XNOR array and wherein the BDPE further comprises:
an alternative XNOR circuit;

a kernel local address unit providing the kernel matrix
as an input to the RRAM XNOR array and the
alternative XNOR circuit;

an input data unit providing the input matrix to the
RRAM XNOR array and the alternative XNOR
circuit; and

a selection circuit configured to select between a first
output of the RRAM XNOR array and a second
output of the alternative XNOR circuit and provide
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one of the first output or the second output to the
combinational bitcount circuit.

17. The central processing unit of claim 16, wherein the
central processing unit is configured to

profile a binary neural network,

determine a plurality of frequently used kernel matrices in

the binary neural network, and

store the plurality of frequently used kernel matrices in

the RRAM XNOR array.

18. The central processing unit of claim 17, wherein the
central processing unit is further configured to:

execute the binary neural network;

determine that a kernel for execution is stored in the

RRAM XNOR array;
perform, using the RRAM XNOR array, a XNOR opera-
tion with the kernel of the binary neural network when
the kernel is stored in the RRAM XNOR array; and
control the selection circuit to provide the first output to
the combinational bitcount circuit.
19. The central processing unit of claim 17, wherein the
central processing unit is further configured to:
execute the binary neural network;
determine that a kernel for execution is not stored in the
RRAM XNOR array;

fetch the kernel from a memory;

perform, using the alternative XNOR circuit, a XNOR
operation with the kernel of the binary neural network
when the kernel is not stored in the RRAM XNOR
array; and

control the selection circuit to provide the second output

to the combinational bitcount circuit.

20. The central processing unit of claim 19, wherein the
central processing unit is further configured to provide an
instruction to the BDPE, wherein the instruction comprises:

an opcode including a control bit provided to the selection

circuit to select between the first output and the second
output;

addresses of 64-bit input registers;

a 6-bit immediate specifying an address of a kernel stored

in the RRAM XNOR array; and

an address of a 64-bit output register.

#* #* #* #* #*



