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Abstract

Multiply—accumulate (MAC) computations account for a large part of machine learning accelerator
operations. The pipelined structure is usually adopted to improve performance by reducing the length
of critical paths. An increase in the number of flip-flops due to pipelining, however, generally results
in significant area and power increase. Using this method, we create and build a feedforward-cutset-
free (FCF) MAC architecture that maximizes data propagation and removes superfluous pipeline
registers. By reorganizing the computation flow to eliminate unnecessary dependencies, the suggested
MAC unit permits continuous forward data movement without compromising correctness. In order to
achieve high operating speed with low-latency, pipeline and parallel processing techniques are
combined to guarantee that intermediate results propagate smoothly across stages. The suggested
architecture, in contrast to conventional designs, minimizes register insertion and prevents over-
pipelining, resulting in a more area- and power-efficient implementation. A large number of flip-flops
are often required to meet the FCF rule. Based on the observation that this rule can be relaxed in
machine learning applications, we propose a pipelining method that eliminates some of the flip-flops
selectively. The simulation shows that the proposed MAC unit achieved a 50% area reduction compared
with the conventional pipelined MAC. In this work, we propose and implement a FCF MAC unit that
eliminates redundant dependencies and optimizes data flow for high-speed and low-latency operation.
The architecture leverages pipeline and parallel processing techniques to ensure continuous data
propagation without stalling, thereby maximizing throughput.

Keywords: Feedforward-cutset-free (FCF), digital signal processing (DSP), feedforward, Field-
programmable gate array (FPGA), implementation, high-speed computing, low-latency, multiply—
accumulate (MAC) unit, parallel processing, power efficiency

INTRODUCTION

Recently, deep neural networks (DNNs) have emerged as powerful tools for various applications,
including image classification and speech recognition. Because an enormous number of vector—matrix
multiplication computations are required in a
typical DNN application, a variety of dedicated
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hardware for machine learning has been proposed to
accelerate the computations. In a machine learning
accelerator, a large number of multiply—accumulate
(MAC) units are included for parallel computations,
and timing-critical paths of the system are often
found in the unit. In any processor or machine
learning application, the MAC operation is the
fundamental building block. MAC consists of two
operations: multiple and accumulator. In
contemporary machine learning accelerators,
parallelism is attained through the integration of
numerous concurrent multiply—accumulate (MAC)
units [1-5]. The basic arithmetic operations
required for neural network computations were
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performed using these MAC units. Therefore, the effectiveness and speed of MAC units have a
significant impact on the overall performance of the accelerator. Multiply—accumulate (MAC) units are
the main computational components of machine learning accelerators. Neural network layers are
typically processed in parallel by instantiating a large number of MAC units. Each MAC unit generates
partial sums that move toward the final result by performing accumulation and multiplication. The
design of MAC units has a significant influence on the accelerator's overall performance, area, and
power efficiency owing to their widespread use. The MAC unit serves as the timing-critical channel in
many systems, and any inefficiencies in its architecture directly restrict the maximum operating
frequency [6—10].

The design of the MAC unit is a major problem in high-performance hardware architectures, because
it frequently contains timing-critical pathways in the system. MAC operation is an essential component
of both machine learning accelerators and general-purpose processors. The two fundamental operations
that constitute a MAC unit are multiplication and accumulation. MAC operations, which regularly
accumulate the product of input data values and their accompanying weights, are used to compute
partial sums during neural network activities. However, because of the latency caused by multipliers,
traditional MAC systems frequently have lengthy critical path delays. The maximum clock frequency
that can be achieved and the total system throughput may be reduced by this lengthy delay. The lengthy
critical path connected to the multiplication process is one of the main obstacles in the MAC design.
This delay limits the possible clock frequency and frequently determines the total latency of the MAC
unit. The critical route can be shortened by pipelining techniques; however, this usually results in the
addition of more registers, which increases the size and power consumption. For an effective MAC
design, it is therefore crucial to optimize the accumulation stage and carefully balance the trade-offs
between performance, area, and power [11-16].

In this study, we implemented an accumulator operation on an FPGA. We implemented the
accumulator operation in conventional and improved versions and compared the results. Meanwhile, an
MAC operation is performed in the machine learning algorithm to compute a partial sum, which is the
accumulation of the input multiplied by the weight. However, such a structure still comprises a long
critical path delay that is approximately equal to the critical path delay of a multiplier. In any processor
or machine learning application, the MAC operation is the fundamental building block. MAC consists
of two operations: multiple and accumulator [17-22].

LITERATURE SURVEY

The feedforward-cutset-free (FCF) pipelined multiply—accumulate (MAC) unit is an advanced
architecture designed to enhance the efficiency of machine learning accelerators. Traditional pipelined
MAC units often require numerous flip-flops to maintain data integrity, leading to increased area and
power consumption. The FCF approach addresses this issue by selectively reducing the number of flip-
flops without compromising the accuracy of the final output. This selective reduction is based on the
observation that in many machine learning applications, only the final accumulated result is utilized,
making intermediate values less critical. In this study, we propose a FCF pipelined MAC architecture
that selectively removes superfluous pipeline registers, greatly increasing area and energy efficiency.
The discovery that only the final aggregated output is used for further processing in many machine
learning applications means that intermediate computing outputs do not need to be explicitly recorded
or accessible. This observation serves as the basis for the proposed approach [23, 24]. The FCF design
permits continuous feedforward data propagation while preserving functional correctness and high
throughput by loosening the stringent feedforward-cutset requirement. The FCF architecture achieved
significant improvements by relaxing the FCF rule. Studies have demonstrated that this design can lead
to a 20% reduction in both energy consumption and area compared with conventional pipelined MAC
units. Further optimization involves incorporating advanced components, such as EXOR full adders
and 4:2 compressors, in the column addition stage. These modifications contribute to additional
reductions in the area and power usage. For instance, research has shown that implementing these
components can lead to further enhancements in efficiency, making the FCF pipelined MAC unit a
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promising solution for high-performance machine learning accelerators [12—16]. By carefully lowering
the number of flip-flops utilized in the design without compromising the accuracy of the final
aggregated output, the FCF pipelining technique overcame these constraints. The fundamental finding
that many machine learning workloads do not require intermediate computation results to be accurately
registered at every pipeline level serves as the foundation for this solution. Rather, only the final
collected value was utilized for further processing. By taking advantage of this feature, the FCF
architecture streamlines the data flow via the MAC unit by relaxing the stringent feedforward-cutset
requirement and eliminating unnecessary pipeline registers [17-22]. The suggested MAC design
includes enhanced arithmetic components in the multiplier's column addition stage, such as 4:2
compressors and EXOR-based full adders, to further increase efficiency. These elements contribute to
further reductions in area and power consumption by lowering the logic depth, minimizing the switching
activity, and shortening the critical path. Selective pipelining and arithmetic optimization work together
to create a simplified MAC design that achieves good performance with less hardware overhead. The
FCF MAC design can be further improved by optimizing the internal arithmetic components. In
particular, the complexity of partial product accumulation is greatly decreased by using 4:2 compressors
and EXOR-based full adders in the multiplier column addition stage. These sophisticated arithmetic
components reduce the switching activity, shorten the critical path, and decrease the logic depth, which
results in further area and power consumption savings. According to previous studies, adding these
elements to the FCF architecture increases the overall efficiency and makes the design even more
appealing for high-performance applications [1-10].

In conclusion, a major development in MAC unit design for machine learning accelerators is the FCF
pipelined MAC unit. The FCF architecture significantly increases the area, power, and energy efficiency
without sacrificing computational accuracy by easing the conventional pipelining limits and utilizing
enhanced arithmetic structures. For next-generation machine learning hardware, where high throughput,
low power consumption, and effective resource usage are crucial, these features make it a viable and
workable alternative. The FCF pipelined multiple-accumulate unit represents a significant advancement
in MAC unit design, offering notable improvements in area and power efficiency. These enhancements
make it particularly suitable for applications in machine learning accelerators, where performance and
resource optimization are paramount.

PROPOSED METHODOLOGY
Working
FPGA Design Flow

The FPGA design flow is the process of designing digital circuits for FPGA devices, as shown in
Figure 1. This involves the following key steps:

1. Specification: Define system requirements and constraints.
High-level design: Outline the system architecture and algorithms.
RTL design: Write hardware description code in VHDL/Verilog.
Simulation: Verify functionality using testbenches.

Synthesis: Convert HDL code into a gate-level netlist.
Implementation: Place and route the design on the FPGA.

Bitstream generation: Create a bitstream file to configure the FPGA.
Hardware verification: Test the design on actual hardware.
Deployment: Finalize for use and perform maintenance if needed.

A P A AP

This flow ensures the design meets performance, timing, and functional requirements.

HARDWARE DESCRIPTION
Synthesis and Simulation
Simulation
Simulation in FPGA design is the process of verifying the functionality of HDL (VHDL/Verilog)
code before hardware implementation, as shown in Figure 2. It involves:
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1. Creating a testbench: A separate code that applies inputs to the design and checks the outputs
from Figure 3.

2. Running the simulation: Using tools such as Model Sim or Vivado Simulator to simulate the
design behavior.

3. Analyzing results: Check if the design produces correct outputs and meets functional
requirements.

4. Debugging: If issues are found, the code is modified and re-simulated until the design works as
expected.

Simulation helps catch errors early, saving time and resources before hardware deployment, as shown
in Figure 4.

Design source file

o] Behavioral
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Design synthesis
Functional
verification
L |
Design
implementation
. Static timing
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Figure 1. Block diagram.
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Figure 5. Area comparison of conventional and proposed MAC designs.

Table 1. Parameters of the basic and proposed accumulator.

Parameters Basic accumulator Proposed accumulator
LUT 46 46

Flip flop 66 33

Clock cycle 4 4
Synthesis

Synthesis in FPGA design is the process of converting HDL code (VHDL/Verilog) into a gate-level
representation that the FPGA can understand. It involves:
1. Translation: The HDL code was translated into logic gates, flip-flops, and other digital
components from Figure 5.
2. Optimization: The synthesis tool optimizes the design for speed, area, and power.
3. Netlist generation: A netlist (a list of components and their connections) was created to represent
the hardware structure of the design.

Tools such as Xilinx integrated software environment (ISE) handle synthesis and prepare the design
for the next step of implementation.

CONCLUSIONS

To assess the performance and area efficiency, an accumulator was constructed in the current work
utilizing two distinct architectural techniques. The findings show that the overall efficiency of the MAC
unit can be significantly impacted by the careful design of the accumulation stage. There is still room
for improvement in the multiplication stage, even if the current implementation concentrates on
improving the accumulator. By efficiently scheduling compression operations, the Dadda multiplier
minimizes logic complexity and critical path latency, while reducing the number of reduction steps
required during partial product accumulation. It is particularly appealing for high-speed and space-
constrained hardware implementations because of this feature. It is anticipated that adding a Dadda
multiplier to the MAC unit will preserve or even improve the computing performance while
significantly reducing the total silicon area and power consumption. Furthermore, the decreased
switching activity of the Dadda multiplier may help enhance energy efficiency, which is a crucial
prerequisite for contemporary machine learning accelerators. A Dadda multiplier, which is renowned
for its lower partial product tree height and enhanced area efficiency, could replace the traditional
multiplier in subsequent studies. It is anticipated that adding a Dadda multiplier will further lower the
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MAC unit's overall space and power consumption, improving the suitability of the design for high-
performance machine learning accelerators. Integrating an advanced multiplier design, such as the
Dadda multiplier, with the optimized accumulator architecture created in this study offers a promising
direction for future research. High-performance, low-power machine learning applications would
benefit more from such an improved MAC unit, especially in large-scale accelerators and FPGA-based
systems, where resource efficiency and energy efficiency are crucial.
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