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Abstract. Binary Neural Networks (BNNs) are an efficient alternative
to traditional neural networks as they use binary weights and activations,
leading to significant reductions in memory footprint and computational
energy. However, the design of efficient BNN accelerators is a challenge
due to the large design space. Multiple factors have to be considered
during the design, among them are the type of data flow and the orga-
nization of the accelerator architecture. To the best of our knowledge, a
tool for the design space exploration of BNN accelerators with regards
to these factors does not exist.

In this work, we propose DAEBI, a tool for the design space explo-
ration of BNN accelerators, which enables designers to identify the most
suitable data flow and accelerator architecture. DAEBI automatically
generates VHDL-code for BNN accelerator designs based on user spec-
ifications, making it convenient to explore large design spaces. Using
DAEBI, we conduct a design space exploration of BNN accelerators for
traditional CMOS technology using an FPGA. Our results demonstrate
the capabilities of DAEBI and provide insights into the most suitable
design choices. Additionally, based on a decision model, we provide in-
sights for the design of BNN accelerator specifications that use emerging
beyond-CMOS technologies.

Keywords: Binarized neural networks - Digital circuit design - Data
flow - Hardware architecture - FPGA - ASIC

1 Introduction

Neural networks (NNs) have been applied successfully in various fields, such
as image and speech recognition, natural language processing, and autonomous
driving. They surpass traditional algorithms and human performance in various
challenges, e.g., Convolutional Neural Networks (CNN) in the ImageNet Chal-
lenge [11] or in the PhysioNet Challenge [13]. However, NNs rely on a large
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number of parameters and need to perform a massive amount of computations
to achieve high accuracy, leading to high resource demand. Yet, many use cases
require efficient and intelligent decision making, which necessitate the inference
to be performed on the edge to reduce latency and increase privacy. However,
edge devices provide only limited resources in terms of energy and computational
units as well as memory, posing a profound challenge for the design of efficient
yet capable Al systems on such devices.

Traditional NN accelerators require substantial data transfers between mem-
ory and processing units, resulting in considerable energy consumption and la-
tency [15]. To address the cost of data transfers, the word-length of the data is
commonly reduced. The most extreme form of word-length reduction is binariza-
tion [25]. NNs with binary weights and activations, known as Binary Neural Net-
works (BNNs), can reduce the memory footprint of floating-point NNs by a factor
of 32x while maintaining high accuracy [4,9}/17]. Furthermore, BNNs reduce the
computational energy required for processing by replacing the energy-intensive
multiply-accumulate (MAC) operations with XNOR and popcount operations,
which can be implemented more efficiently than in higher-precision NNs [2].

BNN accelerators have been implemented in both digital and analog ICs
and several recent studies have demonstrated their efficiency as well as effec-
tiveness [1,/3,/18./27,[34]. BNN accelerators and general NN accelerators typically
utilize classical CMOS-based ICs like microcontrollers, FPGAs, and ASICs. How-
ever, beyond-CMOS technologies are emerging rapidly as an alternative. Exam-
ples of emerging-beyond CMOS technologies are Resistive Random-Access Mem-
ory (RRAMs) [26], Ferroelectric Field-Effect transistors (FeFETs) [7)24,32], and
Magnetoresistive Random-Access Memory (MRAM) [6122].

In addition to the technology choice, two types of data flow methods, i.e.,
output stationary (OS) and weight stationary (WS), defined in [8], can be used
efficiently for BNN accelerators |7]. In OS, new input activations and weights
are streamed in each cycle, which necessitates only one accumulation register
per computing unit. In WS, the weights are programmed into the XNOR gates
once and reused as much as possible for multiple input activations, such that
the number of new weight writes to the XNOR gates is minimized. This however
necessitates a large amount of registers for storing intermediate results. The
benefit of OS is a lower area footprint than in WS, as the partial sums are not
intermediary stored but directly accumulated. The benefit of WS is the high
reuse of the weights, requiring a significantly smaller number of rewrites to the
XNOR gates compared to OS.

In emerging technologies, such as NVM-based XNOR gates, the cost of writ-
ing new weights is typically larger than applying input activations and reading
the output. WS can be more efficient in these cases, see [3,[7] in Table |1} How-
ever, Table [T] also shows that there is not clear pattern in the choice of WS or
OS for BNN acceleration. The reason is that the decision process for the optimal
data flow is highly time consuming for designers of BNN accelerators, because it
requires to design all possible BNN accelerator versions for comparisons. There-
fore, a tool which automatically generates the BNN accelerator designs for dif-



Table 1: BNN accelerator data flows with CMOS and beyond-CMOS technology
lData ﬂow‘CMOS based accelerator‘Beyond—CMOS based accelerator‘
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ferent data flow configurations would be highly beneficial for the design space
exploration of BNN accelerators in the industry and in the research community.

In this work, we present the tool DAEBI, which enables designers to identify
fast and conveniently the most suitable data flow and architecture for the BNN
accelerators, for both classical CMOS and emerging beyond-CMOS technologies.
Our contributions are as follows:

— We present DAEBI, a tool for the design-space exploration of BNN accel-
erators regarding different types of data flow and architectures. DAEBI au-
tomatically generates VHDL-code of BNN accelerator designs based on the
user specifications.

— We further propose a decision rule for the data flow choice when different
technologies are used to implement the BNN accelerator.

— To demonstrate the capabilities of DAEBI, we conduct a design space ex-
ploration of BNN accelerators with regards to data flow and accelerator
architectures for the traditional CMOS technology on an FPGA. Further-
more, based on our decision model, we provide insights for the design of BNN
accelerator specifications which use emerging beyond-CMOS technologies.

The paper is structured as follows. In Sec. [2| we introduce the basics of BNNs,
BNN accelerators, and the data flow options OS and WS. In Sec. |3] we present
our tool DAEBI and describe its usage and implementation. We then present
the decision rule for determining the data flow of BNN accelerators in Sec. ]
Finally, we demonstrate the capabilities of DAEBI in Sec. [5} The DAEBI tool is
fully open-source and available at https://github.com/myay/DAEBI,

2 System Model

We assume for a convolution layer of an NN a weight matrix W with dimensions
(o x ), where « is the number neurons and 8 the number of weights of a
neuron. The input matrix X has dimensions (y x ), where 8 = v (i.e., matrix
multiplication between W and X can be performed) and ¢ is the number of
convolution windows, i.e., unfolded kernels in the input. We leave out any layer
indices for brevity. Every convolution (1D, 2D, etc.) of a conventional NN can
be mapped to this matrix notation.

In general, each convolution layer in an NN (fully connected, 2D convolu-
tion, other convolution types) computes its outputs by performing the matrix
multiplication W x X, resulting in an output matrix with dimensions a x 4.
A matrix multiplication is performed by scalar products of different combina-
tions of rows from W and columns from X. These scalar products are the MAC
operations. An activation function is specified to convert the convolution layer
outputs (MAC values) to the activations A.
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Fig. 1: Overview of a BNN computing unit.

2.1 Binarized Neural Networks (BNNs)

In BNNs, the weights and activations are binarized. The output of a BNN layer
can be computed with

2 * popcount(XNOR (W, X)) — #bits > T, (1)

where XNOR(W, X)) computes the XNOR of the rows in W with the columns
in X (analogue to matrix multiplication), popcount counts the number of set
bits in the XNOR result, #bits is the number of bits of the XNOR, operands,
and T is a vector of learnable threshold parameters, with one entry for each
neuron. The thresholds are computed with the batch normalization parameters,
ie, T =pu— %n, where each neuron has a mean p and a standard deviation o over
the result of the left side of Eq. , and ¢ and 7 are learnable parameters. For
further details about the batch normalization parameters, please refer to [9,23].
Finally, the comparisons against the thresholds produce binary values.

2.2 BNN Accelerators

The high-level overview of a BNN accelerator computing unit is shown in Fig.
The design is inspired by the studies in [10,/21]. The binary inputs and weights,
which are in form of bitstrings of length n, are loaded into the XNOR gates.
The XNOR gates (representing the binary multiplication) return the result of
the XNOR operations as a bitstring of length n as well. Then, the popcount unit
counts the number of bits that are “1”. Subsequently, the result of the popcount
unit is accumulated in the registers. The binarizer returns binary value once all
accumulations are completed.

Multiple computing units of the form in Fig. [I] can be used in parallel to
increase the throughput. Such accelerators are organized with m computing units
and n XNOR gates per computing unit, i.e., they have size (m x n), which
determines the workload they can process. Accelerators of size (m x n) can
further be embedded into a higher hierarchy, i.e., multiple accelerators of size
(m X n) on the same chip.

In general, hardware (HW) is designed, synthesized, and evaluated in Elec-
tronic Design Automation (EDA) tools. This is done by creating the description
of the HW and its behavior in a hardware description language (HDL), such as
VHDL. The final HW designs will always be in some form of HDL, and could
be engineered or generated in different ways.
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2.3 Data flow in BNN Accelerators: OS and WS

To classify the data flow in BNNs, we use the categorization proposed in [§].
Applicable to BNNs in an efficient way are the output stationary (OS) and the
weight stationary (WS) approach. For the workload, we use the matrix nota-
tion of the weight matrix W with dimensions a x § and input matrix X with
dimensions 8 x .

The OS data flow is shown in Fig. [2] (top left). In OS, an input of length n
is retrieved from the first column of the input matrix (input column &gep = 1).
This input is broadcasted to all computing units. The popcount result of the
XNOR between inputs and weights is then stored in the accumulator. In the
next iteration, the subsequent n weights of the currently computed set of neurons
are loaded into the computing units. Then the subsequent n inputs are applied,
which are also in the input column with dgep, = 1. Afterwards, the popcount
values are accumulated. This continues until all 8 of the neurons are processed,
taking f%} iterations for a neuron and input column combination. When the
input column processing is completed, the accumulator is reset and the next
input column (dgiep = 2) is processed. In total, 5[%] iterations are needed for



one neuron. When the first set of neurons have been processed, the next set of
neurons is processed and it is repeated for [>-] iterations.

The WS data flow is shown in Fig. [2[ (top middle). Note that WS requires a
certain number of registers per computing unit to store intermediate popcount
values, as opposed to OS, which uses only one accumulation register per com-
puting unit. In WS, the corresponding input (input column dgep = 1) of length
n is retrieved from the input matrix and is broadcasted to all computing units
as well. The popcount result of the XNOR, between inputs and weights is then
stored in the first register (dstep = 1). Then, the the subsequent input (from
input column ¢ = 2) of length n is retrieved and applied to all computing units.
The popcount result is stored in the second register (dstep = 2). This continues
until all columns in the input matrix are processed, i.e., when dsep = 0. Note
that the loaded weights stay the same for all dstep. When ¢ columns have been
processed, then the next n weights are loaded into the computing units. The
process is repeated again, i.e., for dsep = 1, the result is added to the first reg-
ister, for dgtep = 2, the result is added to the second register, etc., taking 5[%1
iterations for the set of neurons. When the first set of neurons have been pro-
cessed, the next set of neurons is processed and in total there are [ 2] iterations.
The number of required registers can be high (see Table ' WS can also be used
with less registers than 6, i.e., with 2, where ¢ is the register reduction factor.
WS with less registers works the same way as WS, but only until the all registers
are full. Then, an OS step is performed by loading a different set of weights. The
WS data flow is continued again until all registers have been iterated and the
process repeats (see Fig. [2)).

A summary of the required number of executions of computing units and
their resources is described in Table 2] The preferred data flow used for NVMs
is WS, since it minimizes the number of writes to the XNOR gates and in
NVMs typically the writes to memory cells are more costly than the reads |7].
However, neither for classical CMOS-based designs nor for emerging beyond-
CMOS designs exists a clear recipe for the most suitable data flow choice between
OS and WS in the case of BNNs.

Table 2: Number of registers, number of weight loads, and number of invocations
for different data flow approaches in BNN accelerators.

[Specification [0S [Ws [WS (less registers)|
Nr. of registers m om fg-\m
Nr. of weight writes sall al2] qal2]

]
R

Nr. of accelerator invocations|d[ 2]
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Fig.3: Workflow of our DAEBI tool. Blue: data flow, purple: accelerator ar-
chitecture. Blue and green are specifications from user. Gray: automatic steps
performed by the tool.

3 Our Tool DAEBI

DAEBI enables designers of BNN accelerators to evaluate whether OS or WS is
the most suitable data flow approach for their specific accelerator architecture
and technology. The code of DAEBI is fully open source and available at https:
//github.com/myay/DAEBI.

In the following, in Sec.[3.1] we describe the high-level overview of our DAEBI
tool and its workflow. Then, in Sec. [3.2] we explain the implementation and
structure of DAEBI, as well as the BNN accelerator designs that are available
in our tool.

3.1 High-Level Overview of DAEBI

The workflow of DAEBI is shown in Fig. The user first defines the type
of data flow used (OS or WS) and then defines the accelerator architecture
(m,n, and the nr. of registers in case of WS). Subsequently, the user specifies
the workload that needs to be processed by the accelerator (a. §, ¢). From
these inputs, the BNN accelerator is generated automatically in the form of
VHDL with corresponding realistic simulated workloads in testbenches to run
the designs. Then, the generated files can be loaded into EDA tools for syntheses
and evaluations based on TCL scripts. After the EDA tools return the results, the
user can reconfigure the accelerator design and repeat the steps for performing
design space explorations.

3.2 Implementation of DAEBI and the Hardware Designs

Our implemented BNN accelerator, which includes options for OS and WS data
flows and different architecture configurations is designed in VHDL. For auto-
matic code generation from templates, we use the templating tool Jinja2. We
also use Python scripts for various steps of creating designs for enabling con-
figurability regarding the data flow and accelerator architecture. All the code
regarding the accelerator and its related tools are released as open source in
https://github.com/myay/DAEBI.

The BNN accelerator is configurable, i.e., with respect to the number of
computing units m (accelerator elements in parallel), the number of XNOR
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gates m per computing unit, the number of required bits in the registers, and
the number of registers in the WS approaches. Furthermore, for the specified
number of XNOR gates, the popcount unit (realized by an adder tree with
log,(n) levels) is generated with corresponding minimal number of bits in the
adders and pipeline registers. The generated hardware designs in our tool for
the OS data flow and WS data flow are shown in Fig. [ and [f| respectively. Both
designs operate in a pipelined fashion. Note that the OS design only needs one
accumulation register. The WS design needs ¢ registers (less registers can also
be used). The registers in WS are implemented as a register file, which requires
ports for read and write data, register selection, and write enable.

In the rtl/ folder is the VHDL code of all the components used for OS
and WS designs. For the OS design, there are VHDL files for the XNOR gates,
the XNOR gate array, the popcount unit (with registers and adders), a simple
accumulator, and the binarizer. For the WS design, the components are the same,
except that it uses a regfile with multiple registers and ports. If the user want to
change any of these subcomponents, modifications have to be performed here.
However, with modifications, the functionality of the higher-level design needs
to be tested.

For building the designs of entire accelerators with WS and OS (and for
multiple computing units in parallel), we use the templates in the templates/
folder. If the user wants to change the high-level design of the OS or WS hard-
ware, modification have to performed in the files of this folder. Here we also
include the templates of the testbenches used for evaluation. Note that when
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Fig. 5: Design of WS data flow in our DAEBI tool for one computing unit.



the debug flag is set during the accelerator architecture definition, the results of
the computations are simulated in the testbench and are printed in the console.
In the sim/ folder, the tests for the subcomponents and the computing units
can be found. The tests have been written in cocotb with a high number of test
cases. The tests can be rerun by the user with more test cases and with different
seeds. In case of modifications on any part of the design, the tests should be rerun
and, if needed, changed to test the correctness of modified designs. A script for
testing all components and the higher-level designs is provided this folder.

4 Decision Model for using OS or WS

In general, the major energy cost in NNs is due to data transfers [L5]. Here, we
focus on the energy of the data transfer. For the cost of OS, Cos, Eos equals
2x the read energy Frp per Partial Sum (PS), since the weights and inputs are
changed each cycle. The area Apg is one register (REG) per computing unit as
the resulting popcount is computed and stored in one register (see Eq. ) The
processing time Tog is described in Table [3] All in all, the cost is considered to
be a product of energy E, area A, time T'.

E
Cos = Aps * Fos * Tos = 1REG % 2 PRSD

* ([loga(n)] + 4)cycle  (2)

WS uses as many registers as input columns d per computing unit. The input
columns § are predetermined by the NN model and can be high (e.g. 50176, see
ResNet-18 in Table . Using less registers is also possible with the register
reduction factor in Sec. However, WS reuses the weights which are a key
driver of its efficiency. This weight reuse allows to keep the once loaded weights
in the computing units until all 6 columns have been processed. The cost Cws
increases significantly with § but is for small n lower than Cog (see Eq. (3)).
Hence, WS requires less data transfers compared to OS.

Erp
PS

Cws = Aws * Ews * Tws = 0REG x * ([logy(n)] + 6) * 3cycle  (3)

As both options, WS and OS, are valid for a BNN data flow, the open question
remains, when to use which option. For this, we introduce a threshold 7 which

Table 3: Number of clock cycles needed by our designs

|Component [OS [WS ‘
XNOR array |- -
Popcount unit|[log,(n)] + 3|[log,(n)] + 3
Accumulator |1 3
Binarizer - -




Fig. 6: Decision diagram for 7 and the data flow selection.

indicates the optimal trade-off point for each data flow option (see Eq. @) As
the cost Cog is for most cases except for small n and small § larger than the cost
Clws, it might seem obvious to choose always OS. However, the cost Crp and
Cwr for writing data depends highly on the technology . Here, Cwg can cost
146 x more than Cgp. It is worth noting that, Cwr as well as Crp, depend only
on time and energy as no additional registers are needed for the data movement

between the global buffer and XNOR gates. The threshold 7 takes % as well

as €98 into account (see Eq. EI) Eq. Elcan be transformed to Eq. @ To conclude,

. ;CWS
it is best to use OS up to 7 equals 1.

Cwr  Cos
Crp  Cws @
Cwr _ Twr * Ewr )

Crp  Twp * Erp

. o 2 Twr * Ewr N ([logy(n)] +4)
our design = o oD * ERrD ([loga(n)] +6) %3

5 Evaluation

We first introduce the experiment setup in Sec. Then, in Sec. we use
our tool DAEBI to perform design space explorations for BNN accelerators for
a CMOS-based FPGA, with regards to data flow and architecture. Finally, in
Sec. 5.3} we provide insights based on our decision model for using OS or WS
on different beyond-CMOS technologies.

5.1 Experiment Setup

We use our DAEBI tool to perform a design space exploration of BNN accel-
erators with respect to the data flow configurations (OS and WS) and different
architectures (m, n). For the traditional CMOS-based case study in this work
we use the Zynq Ultrascale+ ZCU104 evaluation board FPGA.

For area, energy, and latency estimations we synthesize our design for the
FPGA using Vivado. We use the out-of-context mode to avoid I/O limitations.
To evaluate the designs generated with DAEBI, we use the generated testbenches
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Table 4: Maximum matrix dimensions of the weight matrix W and input X in
three typical BNN architectures used for efficient edge inference

[NN architecture[Dataset [Top-1 accuracy|W : max(«), max(8)[X : max(v), max(0)]

VGG3 [31) FMNIST {90.68% 2048, 3136 3136, 196
VGGT [31] CIFAR10(90.37% 1024, 8192 8192, 1024
ResNet-18 [29] |ImageNet|58.71% 512, 4608 4608, 50176

and create saif files (which store information about the switching activity based
on simulations with testbenches). The testbenches contain representative work-
loads (i.e., «, 8, 0, as shown in Table 4) for the BNNs, such that the HW is
operated in a fully utilized manner. To estimate the energy consumption after
the synthesis and implementation steps in Vivado, we feed the saif-files created
during post-implementation simulation with the testbenches to the power ana-
lyzer. For area estimations, we rely on the utilization report in Vivado. For the
latency, we measure the number of clock cycles the designs needs to compute one
data frame and multiply that by the clock frequency, which is always maximized
such that no timing errors occur.

5.2 Results of Experiments for Classical CMOS Technology

In the following, we present the results of design space exploration using our
tool DAEBI for the classical CMOS technology on the FPGA. The resulting
designs are analyzed with regards to their costs in energy, area and time. To
identify the optimal design, the different designs are compared in a Pareto plot.
Here, two objectives, the energy and the area-time (AT) complexity, are used
to identify the points with the best trade-off. We consider that the Look-Up
Tables (LUTs) represent the area cost, as they are the most important elements
to build computing units in FPGAs. Time in our evaluation is the required
processing time per sample. The results are shown for OS and WS (and different
architecture configurations) in Fig.

Regarding the comparison between OS and WS, we observe that OS performs
better in AT and energy by around one order of magnitude. This is due to the
fact that in our FPGA, the read and write costs are the same, and using more
registers in WS increases the area cost significantly. As expected, more registers,
e.g. from 196 to 1024 (we show this case for n downto 64 since the resource
use becomes too high), lead to higher cost in AT and energy. Furthermore, we
observe that in all cases, designs become better as n increases. Hence, the designs
with the largest n, i.e., n = 512 in our case, lead to the Pareto-optimal solutions.

The experiment results further show that the resource increases more with m
(multiple computing units in parallel) than with n (i.e., increasing the number of
XNOR gates in one component and thereby increasing the the number levels in
the popcount unit). For example when n = 256, m = 2 instead of n = 512, m =
1 is used, the second option is always better. Therefore, doubling m and halving
n does not lead to more efficient designs for both OS or WS. As examples for
this case we show two points with m = 2 for OS in Fig. [7]

11
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Fig.7: OS (left) and WS (right) data flow designs with different architecture
configurations evaluated on Xilinx Zynq Ultrascale+ ZCU104 FPGA. n: Nr. of
XNOR gates. m: Nr. of computing units in parallel. r: Nr. of registers in WS.
Two separate plots are shown due to the large differences among OS and WS.

5.3 Insights for Beyond-CMOS Technology

In Table [5] the cost for different memory technologies are presented. As some
memory technologies may vary in read and write cost per device, we state the
cost with regards to the range in our references [5}/12}(14}/16.(19}20,(28./30]. The
result of the quotient of cost in Eq. [f] differ with regards to the initial read and
write cost for the memory technology. Hence, we state two different § values for
the minimum read and write cost and maximum read and write cost of each
technology. The cost refers here to the read and write delay as well as read and
write energy. Eq. [f] is used with n = 512 because this value performed best in
the analysis in Fig. [7]

If 7 < 1, OS is the best data flow, whereas if 7 > 1 WS is the best data
flow. Thus, the § in Table [5]is chosen such that 7 < 1 is achieved. As ¢ can be
only an integer value, all numbers smaller than the presented § enable a 7 > 1.
Furthermore, the smaller § is always used in the following as the threshold to
determine whether OS or WS shall be used. This is due to the fact that the range
of cost for each device type has to be taken into account to prevent unfavorable
data flow choices. This means that for SRAM memory technology, always a data
flow of OS is preferable. However, for designs with reasonable sized §, WS can
be a better data flow than OS. This is especially the case for FeFET, FeRAM,
PCM, and ReRAM, i.e., WS is preferred as data flow for FeFET for a § < 20,
for FeRAM for a 6 < 10, for PCM for a § < 10, and for ReRAM for a § < 8. For
STT-RAM, only small ¢ allow a reasonable choice of OS, i.e., for a § <5 WS is
preferred as data flow.

To conclude, Table [5] summarizes for different memory technologies the cases
in which the data flow types OS or WS should be used. The initial technol-
ogy dependent cost can be changed to support other technologies. Afterwards,
DAEBI can be used to verify the decision with evaluations in EDA tools.

12



Table 5: Evaluation of 7 based on our decision model in Sec. 4l Read and write
cost are also shown for different memory technologies with n = 512.

Memory Trp |Twr |Erp |Ewr |0 for min cost|d for max cost
technology (ns) |(ms) [(pJ) [(pJ) |[7<1 T<1

SRAM [5[[19] 0.2-270.2-2 [574 (643 [>1 >1
STT-RAM [5[[1928][2-35 [3-50 [550 [3243 [> 6 >5

ReRAM [5i[14l[30] |10 [50 1.6-2.9/4-14 [> 8 > 14

PCM [5i28] 20-60[20-150[12.4 [210.3]> 10 > 25

FeRAM [528] 20-80[50-75 [12.4 [210 |> 25 > 10

FeFET [12l[1620] [0.279[0.55 [0.28 [4.82 [>20 > 20

6 Conclusion

We present DAEBI, a tool for the design space exploration of BNN accelerators
that enables designers to identify the most suitable data flow and architecture.
DAEBI automatically generates VHDL-code for BNN accelerator designs based
on user specifications, making it convenient to explore large design space. Us-
ing DAEBI, we perform a design space exploration for a classical CMOS-based
FPGA to demonstrate the tool’s capabilities. In addition to the automatic de-
sign generation, we also provide guidance on how to choose between OS and WS
for hardware based on emerging beyond-CMOS technologies. We believe that
DAEBI will be valuable to both research and industry for exploring the design
of efficient BNN hardware in resource-constrained Al systems.
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