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ABSTRACT

This paper presents an optimization approach for matrix multiplication IP cores on FPGA by
transforming convolution operations into matrix multiplications. The proposed method leverages
parallel computation combined with simultaneous data loading within the same processing cycle,
thereby reducing memory requirements and computational latency. Furthermore, casting the
output data from 64-bit to 32-bit effectively shrinks the output buffer, resulting in significant
hardware resource savings. Simulation results on ModelSim and Vivado—Vitis demonstrate that
the design achieves higher computational efficiency and resource utilization compared to
traditional implementations, while maintaining stable processing time. This work contributes to
the design of CNN inference accelerators on FPGA for edge Al applications, where resource
constraints and power consumption are critical factors..
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1. INTRODUCTION

Efficient implementation of convolutional neural networks (CNNs) on resource-constrained
hardware platforms, particularly FPGAs, has been an active research area in recent years. Several
notable works have explored different strategies to reduce computational complexity, optimize
dataflow, and improve energy efficiency while maintaining model accuracy. Han et al. [2]
introduced a weight pruning technique that reduces the number of parameters in neural networks
without significantly affecting accuracy. This method enables efficient deployment of CNNs on
hardware with limited memory and computation resources. Extending this idea, Wen et al. [3]
proposed a structured sparsity learning approach that enforces group-level sparsity in weights,
further reducing computation overhead and facilitating more hardware-friendly designs. Targeting
FPGA implementation specifically, Gschwend [4] presented ZynqNet, a CNN accelerator
optimized for embedded FPGA platforms, demonstrating that careful architectural design can
achieve high performance under tight resource constraints. In parallel, several studies have
investigated algorithmic optimization techniques. For instance, Li et al. [S] adopted the Winograd
convolution algorithm to reduce the number of arithmetic operations in CNNs, thereby improving
energy efficiency on FPGAs. Building upon this, Liu et al. [6] proposed WinoCNN, a systolic
array architecture that integrates Winograd-based kernel sharing, achieving higher throughput and
better resource utilization for CNN inference. Similarly, Zhang et al. [7] designed a unified input
Winograd architecture that allows layer-to-layer data reuse, significantly reducing data movement
and improving performance in FPGA-based accelerators. Recently, to efficiently exploit sparsity
directly in hardware, Taka et al. [8] proposed systolic sparse tensor slices (SST) - FPGA-native
building blocks that support multiple sparsity levels, enabling higher operating frequency and
reduced area compared to purely dense matrix computation circuits.

While the above works emphasize weight pruning, sparsity, and Winograd-based optimization,
our research focuses on optimizing dataflow and parallelism on FPGA, reducing memory footprint,
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and providing an efficient CNN acceleration solution with lower hardware resource usage for edge
Al applications

2. PROPOSED ENHANCEMENTS AND OPTIMIZATION

2.1. Matrix convolution on FPGA hardware
- System architecture diagram:

The proposed matrix multiplier is designed to compute the product of two 32x32 matrices with
16-bit fixed-point elements. The design is developed in VHDL and targets both FPGA prototyping
and potential ASIC integration. The top-level architecture includes three main functional
components:

+ Matrix Processing Core (IntMatMulCore): Performs the actual multiplication and
accumulation of matrix elements.

+ Dual-Port RAM Blocks (dpram1024x16 and dpram1024x64): Used to store input matrices
and intermediate/output results.

+ Finite State Machine (FSM) Controller: Manages the control flow, synchronization, and
memory addressing.

The architecture is modular and scalable, allowing future adaptation to different matrix sizes or
higher precision [9-11].
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Figure 1. Functional block diagram of matrix multiplier.
- Memory organization:

InputBufferA and InputBufferB are both implemented using dual-port RAMs with the
following specifications:

+ Address width: 10 bits (supporting 1024 elements).
+ Data width: 16-bit signed integers.
+ Access: Simultaneous read/write enabled via separate clka and clkb ports.

Each input matrix (A and B) contains 32x32 = 1024 elements, making 1024x16 RAM an
optimal choice.

OutputBufferC is also a dual-port RAM used to store the result matrix:
+ Data width: 64 bits, sufficient to hold the sum of 32 multiplications without overflow.
+ Address width: 10 bits (supporting 1024 results).
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This memory structure ensures efficient data flow and avoids resource bottlenecks during
matrix computation.

- Flowchart of the algorithm:

Matrix A (32%32) and Matrix B (32%32) are first loaded into dual-port RAM blocks. The
memory is organized such that each row of matrix A and each column of matrix B can be accessed
in parallel or sequentially, depending on available hardware resources (figure 2a). Follow [11],
The result matrix C is calculated (1) as:

31
Cy= ) Auge-Brs ()
k=0

2.2. Improved and optimized solutions
2.2.1. Buffer optimization for area efficiency

To improve area efficiency and reduce memory footprint, the input and output buffer sizes are
optimized without compromising the correctness of the 32x32 matrix multiplication.

Input Buffers: From 16x1024 to 16x32.

Originally, both input matrices A and B were stored entirely in dual-port RAMs sized 1024x16
bits. However, since the matrix size is fixed at 32x32, storing all 1024 elements simultaneously is
unnecessary if data is fed in a streaming or tiled fashion.

In the optimized design:

+ InputBufferA and InputBufferB are resized to 16x32, only holding a single row of A and a
single column of B at a time.

+ The processing core accesses these rows/columns iteratively, reusing the buffer for each step
of computation.

This significantly reduces BRAM utilization, especially important for FPGA designs.
Output Buffer: From 64x1024 to 32x1024.

For the result matrix C, each element accumulates the sum of 32 products. Instead of using a
full 64-bit wide memory for all 1024 results, the output buffer is restructured as:

+ 32-bit partial sums per cycle, maintained across 32 cycles.
+32x1024 memory organization, allowing distributed accumulation over multiple rows/columns.

This change balances between storage width and memory depth, leading to a more
efficient implementation.

Table 1. Summary of buffer size changes.

Component Original size Optimized size
InputBufferA 1024x16 bits 32x16 bits
InputBufferA 1024x16 bits 32x16 bits
OutputBufferC 1024%64 bits 1024x32 bits

By adopting this tiling and reuse strategy, the design reduces memory requirements and power
consumption, enabling more compact and scalable implementations.
2.2.2. Output buffer width reduction via type casting (int64 to int32)

In the original design, the output buffer (OutputBufferC) was implemented with a 64-bit width
to safely store the sum of 32 products of 16-bit integers (i.e., int16 x int16 x 32). While this ensures
overflow protection, it doubles the I/O width compared to the 32-bit input buffers, leading to
increased complexity in pin assignment, routing, and peripheral interfacing.
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Optimized Approach: From int64 to int32.

To reduce 1/O pins and simplify downstream data handling, the output data is cast from 64-bit
to 32-bit signed integers (int32) before storage or transmission. This optimization is based on the
observation that:

max(|4; . By ;|) = [(2*° — 1)?| = 32.767% ~ 23°
and the total sum of 32 products:
31
Cij= ) Ajp-Byj <32.(21° —1)? ~ 230,32 = 235
k=0
Assuming that the application domain (e.g., image processing, ML inference) tolerates 32-bit
saturation or rounding, the output can be safely cast using the following logic:
231 —lifresult C;; > 231 —1
¢z —23%ifresult ¢;; < —2%1 ()
C;j Otherwise
This formula is equivalent to a clamping or saturation logic operation in hardware.

This optimization supports the use of a 32-bit output buffer and halves the number of necessary
I/O pins.

Hardware Implications:

- Reduced I/O width: Fewer 1/0 pads for ASICs from 106 pads to 69 pads, and lower board
complexity on FPGA.

- Simplified interfacing: Easier integration with 32-bit bus systems (AXI4-lite, TileLink, etc.).
- Lower power consumption: Due to reduced toggling and fewer active lines.
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Figure 2. Flowchart of the algorithm (a) and proposed with optimization (b).
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3. RESULTS AND DISCUSSION

3.1. Synthesizing RTL design

To evaluate the efficiency of the optimized matrix multiplication core, synthesis results before
and after optimization were compared using Xilinx ISE14.7 and Vivado 2024. The analysis
focuses on key metrics such as memory usage, logic resource consumption, and I/O requirements.
The optimized design maintains the same total number of RAM blocks (3) as the original, but
reorganizes their configurations more efficiently. Specifically, two 1024x16-bit RAMs and one
1024x64-bit RAM in the original design were replaced by one 1024x32-bit RAM and two 32x16-
bit RAMs. This reorganization enables the use of a 32-bit output buffer and reduces the number of
required I/O pins from 106 to 69, achieving a 35% reduction in external pin usage.

Optimized:
One 1024x32-bit Ram

Original:
One 1024x64-bit Ram
Two 1024x16-bit Ram = Two 32x16-bit Ram
1/0 pins 106 (a) ! 1/0 pins 69 (b)

i=:

Figure 3. Synthesizing hardware logic design (a) original and (b) optimized.
Table 2. Device utilization summary.

No. Component Original Optimized
1 1024x64-bit dual-port RAM 1 -
2 1024x16-bit dual-port RAM 2 -

3 1024x32-bit dual-port RAM - 1
4 32x16-bit dual-port RAM -

5 Slice LUTs 64 96
6 Slice Registers 84 76
7 Block Ram Tile 3 1
8 DSPs 1 1
13 LUTI 5 1
14 LUT2 42 7
15 LUT3 7 48
16 LUT4 4 7
17 LUTS 11 11
18 LUT6 6 9
19 RAMBISEI 2 -
20 RAM32M - 6
21 RAMB36EI 2 1
22 FDRE (D flip-flop) 84 76
23 Top Cell 289 237
24 IOBuf - I/0 Pins 106 69
25 Total power(mW) 35.52 18.457
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The optimization process yielded a significantly more efficient FPGA design. While Slice LUTs
saw an increase from 64 to 96 and LUT3s rose sharply from 7 to 48, indicating a potential
redistribution of logic complexity, this was offset by a reduction in Slice Registers from 84 to 76 and
substantial decreases in simpler logic gates, with LUT1s dropping from 5 to 1 and LUT2s from 42
to 7. Memory resource utilization improved markedly, as Block RAM Tiles were reduced from 3 to
1, RAMBISEI instances were eliminated, and RAMB36E1 usage was halved, with the introduction
of 6 RAM32M units. DSPs remained constant at 1. Overall, the Top Cell area decreased from 289
to 237, and critically, total power consumption was nearly halved from 35.52 mW to 18.457 mW,
demonstrating a highly successful optimization in terms of both area and power efficiency.

3.2. Simulating RTL design

The testbench setup begins with clock generation, where the clock signal toggles from '0' to '1'
every 5 ns, yielding a complete clock period of 10 ns. Matrix A is loaded from matrixA.txt and
stored in the internal array matrixA, while matrix B is similarly read from matrixB.txt and stored
in matrixB. For optimized access, matrix B is transposed into matrixB_T. Subsequently, each row
of matrix A is sequentially written into RAM A with BufferSel ='1", and each row of the transposed
matrix B is written into RAM B with BufferSel = '0', with a delay of one clock cycle between
element writes.
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Figure 5. Simulating the RTL design optimized version.
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Once the data loading is complete, the testbench waits for the DataReady signal to assert high
(DataReady = '1") before proceeding to the result phase. Finally, all 32x32 elements of the result
matrix C are read from the output interface using ReadAddress, and the complete matrix is written
to matrixC.txt using the VHDL textio library.

RTL simulation with a clock period of t = 10 ns shows that the execution time is 0.01024 ms
(figure 4). For the optimized version (figure 5), the execution time remains the same at 0.01024 ms.
Thus, the optimization does not affect the overall execution time.

4. CONCLUSIONS

This work proposes an architectural optimization method for matrix convolution processing
elements (PEs), based on structured matrix representation and buffer reorganization, aiming to
efficiently implement convolutional neural networks (CNNs) on FPGA platforms. By reducing the
number of RAM buffers and narrowing the output signal width from 64 bits to 32 bits, the design
achieves significant reductions in memory usage and I/O pin count, thereby lowering hardware
resource consumption and post-synthesis power usage.

However, the proposed approach introduces several limitations. The integration of finite state
machines (FSMs) within each PE, along with a centralized FSM for dataflow control, increases
system complexity in both design and verification phases.

Experimental results confirm that the proposed method significantly improves parallel
processing performance and dataflow efficiency while reducing hardware resource usage and
energy consumption. These results demonstrate the feasibility and effectiveness of the design for
edge Al applications, which are constrained by strict limits on area, power, and 1/0 bandwidth. As
a future direction, the design will be implemented on silicon using the FreePDK45nm process,
targeting real-world deployment in intelligent edge devices.
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TOM TAT

Cii tién va toi wu hoa thuit toan ciia 16i IP nhin chiap ma trin
trong mang no-ron trén FPGA

Bai bdo trinh bay mét phwong phdp t6i wu hod 16i IP nhdn ma trgn trén FPGA thong
qua viéc bién doi phép tich chdp thanh phép nhan ma trdn. Gidi phdp dé xudt khai théc co
ché tinh toan song song két hop nap dir li¢u dong thoi trong cung mot chu ky xir ly, giup
giam nhu cau bé nhé va do tré tinh todn. Ngodi ra, viéc ép kiéu dir liéu dau ra tir 64-bit
xuong 32-bit gép phan thu nhé bé dém két qua, qua do tiét kiém dang ké tai nguyén phan
cirng. Két qua mé phong trén ModelSim va Vivadol-Vitis cho thdy thlet ké dat hiéu sudt tinh
todn va hiéu qua tai nguyén vuot hon so voi cac cach trién khai truyen thong dong thoi van
ddam bado thoi gian tinh todn én dinh. Cong trinh nay hwong toi thiét ké chip tang toc suy
Iudn CNN trén FPGA cho céc irng dung Al bién, noi han ché vé tdi nguyén va dién nang la
cac rang budc quan trong.

Tw khoa: Loi IP; Nhian ma tran; FPGA-CNN; Vivado-Vitis.
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