Deep Neural Network
FPGA Accelerator with GEMM-based
Systolic Array Architecture

K GEMM &% $ 1 7 2 4

2R A G FPGA 4vig B

Ej?iﬁ}gﬁ!;&ll4_'& 12 1p 2 114 117 1p ik 211 B2



Abstract

This project designs and implements an efficient accelerator for the VGG-16 model
on the Xilinx PYNQ-Z1 FPGA platform, targeting the CIFAR-10 image classification
task. We adopt a hardware/software co-design methodology to strategically partition the
inference workflow. The ARM processor on the Processing System (PS) is responsible
for managing the overall control flow, data preprocessing, and the execution of the more
flexible fully connected layers. The 13 computationally intensive convolutional (Conv)
layers are offloaded to a dedicated hardware circuit implemented in the Programmable
Logic (PL).

At the core of the hardware architecture, we transform convolutional operations into
Generalized Matrix Multiplication (GEMM) using the im2col technique. A 9x2 systolic
array is designed to execute the GEMM operations, enabling massive parallelism and
maximizing data reuse to minimize data movement. To overcome the significant memory
bottleneck—the mismatch between the large VGG-16 weights (~14 MB) and the limited
on-chip BRAM ofthe PYNQ-Z1 (~630 KB)—we designed a two-level memory hierarchy
that combines external DDR memory with on-chip BRAM. Furthermore, an input-
channel-based tiling strategy is proposed. This strategy effectively reduces the size of the
weight data block required for each computation to approximately 4.5 KB, allowing it to
be efficiently loaded into BRAM. Additionally, optimizations such as Batch
Normalization fusion and INTS static quantization are integrated to significantly reduce
memory footprint and computational complexity without a notable drop in accuracy. The
complete design was implemented and validated on the PYNQ-Z1 board, yielding the
following results:

*  Performance: The hardware accelerator achieves an equivalent throughput of 1.417
GOPS (Giga Operations Per Second) at a clock frequency of 100 MHz.

* Latency and Throughput: The end-to-end latency for processing a single CIFAR-
10 image is 417 ms, corresponding to a throughput of approximately 2.4 FPS. The
hardware (PL) execution of the 13 convolutional layers takes only 221 ms (53% of
the total time), successfully shifting the computational bottleneck from the
hardware-accelerated layers to the software components.

*  Energy Efficiency: The system exhibits an average power consumption of 1.708 W,
resulting in a high energy efficiency of 0.829 GOPS/W, demonstrating the
significant advantage of FPGAs in low-power applications.

*  Accuracy: The final hardware model achieves an accuracy of 85.64%, showing
negligible degradation compared to the original 32-bit floating-point model's
accuracy of 85.56%. This validates the correctness of our quantization scheme and

hardware implementation.
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1. Introduction

1.1 Motivation and Background
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1.2 Purpose & Method
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2. Related Technologies and Works

2.1 Convolutional Neural Network (CNN)
1 S A GRRFEH

Batch Layer | Layer Input Output Input Fmap
Channel Channel Size

1 Conv, BN, ReLU 3 64 32
Conv, BN, ReLU 64 64 32
Max Pooling

3 Conv, BN, ReLU 64 128 16

4 Conv, BN, ReLU 128 128 16
Max Pooling

5 Conv, BN, ReLU 128 256 8

6 Conv, BN, ReLU 256 256 8

7 Conv, BN, ReLU 256 256 8
Max Pooling

8 Conv, BN, ReLU 256 512 4
Conv, BN, ReLU 512 512 4

10 Conv, BN, ReLU 512 512 4
Max Pooling

11 Conv, BN, ReLU 512 512 2

12 Conv, BN, ReLU 512 512 2

13 Conv, BN, ReLU 512 512 2
Max Pooling

Fully Connected Layer 512 10 1
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3. System Architecture and Design
3.1 PS/PL Collaboration
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3.2 Software Overlay-Supported Design (PS)
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3.3 Hardware Accelerator Design (PL)
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3.4.1 Systolic Array Design
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3.4.2 Dataflow and Computation Process
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3.4.4 Requantization and ReLU Activation

T - B ﬁsa] »ap gE B % A {8 0 #2175 & Partial Sum BRAM i &_32-bit
hic it Fdelg % o Tl gk §ALE » (B RJRI KA > B ¥ 0 OFmap % 11 2 1B
32-bit ok 5 - B H = 0 8P kowoh (i B4) F0 Ak 2 o

Requantize Module p 7 — B 5 % & it e 32-bit 32 F > § § # 32-bit 1}
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4. Implementation Results and Performance Evaluation
4.1 Resource Utilization

* & 48 % (h FPGA %% 5 PYNQ-Z1 » # 2 Xilinx Vivado 2025.11% 3 3% 3+T 5 -
20T M G 5 & = (Synthesis) % i & ¥R (Implementation) » 7 3| e/l 48 F i 2
L

% 2 Implementation Result

Resource Utilization Available Utilization

LUT 19463 53200 36.58 %
LUTRAM 4094 17400 23.53 %
FF 24909 106400 23,41 %
BRAM 89.50 140 63.93 %
DSP 27 220 12.27 %

BRAM g * F:E 37 63.93% » #.B 79 BRAM @ * F P N5 s |
fo 7 F e RA T R 0 MBS it R0 $ e 3R DDR g Beat & o
DSP Slice si¢ * F p m 5 12.27% > v P44 * *t2& 4f Systolic Array 7% fie
A(PE) > P cnDSP @ * Z i » 1 & F] 5 FSE R (@ ¢ 5 - (B Systolic

SATINNIS

2y
N
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4.2 Performance and Accuracy Evaluation

4.2.1 Latency and Throughput Analysis
s g % CIFAR-10 ¢h— 3§ 3 352 R 38 B oyt ot
BREEA L R A ard 38 A 45T o

ORI RIEE 0 BB g

#. 3 CIFAR-10 Hardware Model Test Result

Total Images Processed 10000
Correct Predictions 8564
Accuracy 85.64 %
Total Execution Time 4173.72 s
Avg. Time per Images 417 ms
Total Hardware Time 2213.84 s
Avg. Hardware Time 221 ms
Hardware Time Portion 53 %
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4.2.2 Accuracy Analysis

At = 87 A eh & IR L R4 eh 32-bit ¥ 2#chcd] ~ & PyTorch ¢ i
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Fe8-bit £ 14 HEA] > 2 AP AR & PYNQ 45+ F B ehs A o
% 4 Accuracy Comparison
Original Model | Quantized Model | Hardware Model
Accuracy 85.56% 85.47 85.64
Accuracy Difference - -0.09% +0.08%
- BRI TRIR A B R R A .%;n*n P AP AR R éu% iR

Efm’}iiﬁﬁ %ﬂuéﬁ'ﬁiﬁﬁﬁ [ =
t R B enFE B 4 oo
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4.3 Computation Performance and Power Efficiency Analysis

4.3.1 Computation Analysis
WL A SR 3 0 0 5 R4 Y (Multiply-Accumulate, MAC) -
¥ - B Pe (Kernel) = /) 5 3x3 iR B X/ & > 4 MAC #c# o
#MAC = 9xInput_Channel(C)xOutput Channel(K)XFmap Dim(H)XFmap Dim(W)
Fypt 2 g3Y B BEHAE > 2 ZRFH3IBRETAMACEE - i
Ppbod 5 975% o

N N2l 5
N

& MAC #c8 3+ 4

Batch | Output Input Fmap Dim #MAC
Layer | channel (K) | Channel (C) | (H,W)
1 64 3 32 1769472
2 64 64 32 37748736
3 128 64 16 18874368
4 128 128 16 37748736
5 256 128 8 18874368
6 256 256 8 37748736
7 256 256 8 37748736
8 512 256 4 18874368
9 512 512 4 37748736
10 512 512 4 37748736
11 512 512 2 9437184
12 512 512 2 9437184
13 512 512 2 9437184
Total MAC 313196544
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4.3.2 |
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% 6 Summary Table
CIk Freqency 100 MHz
Platform PYNQ-Z1
Latency 221 ms
GOPS 1.417
Power 1.708 W
GOPS/W 0.829 (1/W)

%, pe 12 AA
N R B S

S ,; 1.417 GOPS - % '

#-3.13 R OMACE R B 2 212 ms SR MR GFRERE 0 38
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Sk seEE > BT H FoanenT FEILN 4 o
g_ L3 G o AR FET S L 1708 L o AP EF T 0.829 GOPS/W
LIRS g R o AT FPGA T 5 B4 B 2ki S H hle BF o R ARG B E M e
B :g&%’m o

4.4 Comparison with Other Works

% 7 Comparison with Other Works

Work [3] | [4] | This work
Model VGG16
FPGA Zynq Intel Stratix PYNQ Z1
XC72045 10 GX2800
Precision FP 16 FP 8/16 INT 8
Clock(MHz) 150 300 100
#BRAM 486(89%) 242121%) 89.5(64%)
#DSP 780(87%) 8216(71%) 27(12%)
Throughput(GOPS) 137 1604.57 1.417
Power (W) 9.63 100 1.71
GOPS/BRAM/DSP/Wi/freq(10-) 0.25 0.0027 343
7% B APEHE 8 A FPGA T 5deig Baml i BAA PG 5
vt £ (throughput)!t 4=[3][4]- + A & ¥ 2 + + & >

BRAM -~ DSP #c ¥ 11 2 fE g+ 45

i

EUgEE 1 RLE 52 Eﬂffﬁﬁ"( 22

1v=tm 1"“”

 systolic array = 5
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5. Conclusion
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