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Smile conversion system using CGAN

Shiroma Ryuya, Tamotsu Kosei,

Taira Tokitsune, Tamaki Hiyori

2994-2 lkehara Okinawacity Okinawa, 904-2141, Japan

Email address: j2421307@okinawa-pc.ac.jp
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Abstract  This paper presents a lightweight FPGA-oriented
conditional GAN (CGAN) for smile conversion. To enable
hardware implementation under resource constraints, training
is performed on a PC while generator inference is designed
for FPGA deployment. The network adopts a fully connected
architecture (288—170—144) with fixed-point arithmetic.
Experimental results using 12 X 12 emoji images confirm
stable training and successful smile generation. The proposed
architecture demonstrates the feasibility of compact CGAN
inference suitable for FPGA-based implementation.

Keywords_ Conditional GAN (CGAN), FPGA, Smile
Conversion, Fixed-Point Arithmetic, Lightweight Neural
Network
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Hardware/Software Co-design for Image Completion of Missing License Plate
Digits

Akina Kohira

Department of Computer Science and Electronics, Kyushu Institute of Technology

kohira.ak @dsp.cse.kyutech.ac.jp

Abstract—

In recent years, missing digits on license plates due
to factors such as dirt have posed a challenge by reduc-
ing the accuracy of Automatic License Plate Recognition
(LPR) systems. In this study, we developed a system to
complete missing license plate images by constructing a
fully connected model based on Pix2Pix, a type of Gen-
erative Adversarial Network (GAN), and implemented
the pre-trained generator model onto hardware. Ex-
perimental results show that the system achieves high
restoration accuracy, maintaining a Structural Similar-
ity Index (SSIM) of 0.8 or higher for images with a miss-
ing rate of up to 70%. Furthermore, it was confirmed
that the inference accuracy on hardware is maintained
at a level equivalent to that of the software implementa-
tion.

1 Introduction

In recent years, Automatic License Plate Recognition
(LPR) has become widespread. However, missing digits
caused by mud or overexposure remain a critical issue that
degrades recognition accuracy [1]. Since conventional im-
age processing struggles to restore missing regions, Genera-
tive Adversarial Networks (GANSs), which can learn context
to generate and complete high-quality images, have gained
significant attention. However, it is difficult to satisfy both
the high real-time requirements of LPR systems and the
enormous computational costs of GAN inference through
software processing alone. Therefore, this research focuses
on FPGAs, which excel at parallel processing. By imple-
menting the image completion model on hardware, we aim
to realize efficient, high-quality image completion for LPR
systems that balances both inference accuracy and process-
ing speed.

2  Algorithm

This system employs the Pix2Pix learning framework, a
conditional GAN suitable for tasks that involves converting
an input image to a target image. Specifically, as shown
in Fig. 1, the missing digit image is used as the input to
the generator, and adversarial learning is performed so that
the discriminator distinguishes between the “completed im-
age” and the ”ground truth image.” Considering the FPGA
implementation, the network consists of a lightweight fully
connected model rather than a convolutional structure like
U-Net.

Generate data to
resemble the real data

Vo T e
G;“T“_t‘"}ﬁ*ﬁ by
o

Restored data Defective data
generated

4| .

Realdata Defective data

Discriminator

4

Realdata Defective data

Fig. 1: Processing flow of missing image completion

3 System Overview

3.1 Learning Model Configuration

The overview of the GAN model designed in this study
is shown in Fig. 2. The loss function combines the GAN
loss with the L1 loss, which represents the error between the
generated image and the ground truth image. Furthermore,
for training, we utilized a dataset of 1,200 pairs artificially
generated via scripts.

3.2 FPGA Implementation Configuration

Considering the capacity limitations of the FPGA, we
designed an architecture that reuses a ”16-input, 1-output”
arithmetic unit through time-division multiplexing.

Furthermore, batch normalization in the intermediate lay-
ers of the generator involves division and square root op-
erations, which increase circuit size. Therefore, following
prior research [2], we fused the pre-trained mean u, vari-
ance o2, and parameters -, /3 into the weights W and bias b
of the preceding fully connected layer to create new weights
‘W’ and bias b’.This allowed for inference on the FPGA us-
ing only simple multiply-accumulate operations (W'x +b')
while incorporating the batch normalization process.

4 Experiments and Evaluation

4.1 Restoration Accuracy and SSIM Evalua-
tion

Fig. 3 shows the result of inputting an image of the digit

”5” with a 50% missing rate into the pre-trained generator

model on software. The images show, from left to right: the

input missing image, the generated image, and the ground

truth image. This confirms that the shape is appropriately
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A — —
Output Layer Qutput Layer
v -~ \ 4 N

Dense layer(256)

tanh Sigmoid

concatenate |
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Hidden Layer

()

Dense layer(512)

Dense layer(1)

‘ Output ‘

‘ Output ‘
(784)

m_ |

(a) Generator

(b) Discriminator

Fig. 2: GAN model

Defect (Input) Generated

Ground Truth

LD

Fig. 3: Restoration results for digit ”5” at 50% missing rate

restored even when the characteristic strokes of the digit are
missing.

To verify the performance of this system, we conducted a
quantitative evaluation using SSIM, an index that indicates
the structural similarity of images. Fig. 4 shows the aver-
age SSIM values calculated using 500 test images for each
missing rate. The experimental results confirm that a high
SSIM is maintained up to a missing rate of approximately
70%, enabling image restoration with practical accuracy.

4.2 Evaluation of the FPGA Model

Fig. 5 shows the restoration results obtained by perform-
ing hardware inference using the same input data as the ex-
periment in Fig. 3. Although the hardware implementa-
tion includes minor errors due to fixed-point arithmetic, the
SSIM was 0.977 (compared to 0.996 for software). This
indicates that the hardware can achieve restoration capabil-
ities equivalent to those of the software.

4.3 Execution Time Evaluation

Table 1 shows the inference time when executing with the
digit ”’3” at a 30% missing rate as input.

The measurements revealed that the hardware inference
time was significantly longer than that of the software. This

o o o
I ) ©

Average SSIM

o
N

0.0

10 20 30 40 50 60 70 80 90
Defect Rate [%]

Fig. 4: Missing rate and average SSIM values

(a) SW generation result (b) HW generation result

Fig. 5: Comparison of digit ”5” at 50% missing rate

is due to communication overhead caused by adopting the
PIO (Programmed 1/O) method for data transfer between
the CPU and FPGA. Furthermore, since the FPGA resource
utilization remains at only a few percent, speedups are pos-
sible in the future by introducing DMA transfer and paral-
lelizing the arithmetic units.

Table 1: Comparison of execution times

Execution Environment  Inference Time [ms]

16.1934
361.4970

Software
FPGA

5 Conclusion

We successfully constructed a GAN-based image com-
pletion model and implemented it on an FPGA. Regard-
ing accuracy, we confirmed a high restoration capability
equivalent to software, although challenges remain in data
transfer speeds. Future work will include extending the sys-
tem to target entire license plate images and improving the
hardware-side parallelization and transfer methods.
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Real-Time Neural Audio Synthesis:
A GAN-Based Waveform Generator on FPGA (Basys 3)

1 Introduction

This project presents a GAN-based audio waveform genera-
tor targeting a low-cost FPGA (Basys 3, $150). A two-layer
generator network produces 64 audio samples per waveform
period from a 4-dimensional latent vector. Eight timbres—
sine, sawtooth, square, triangle, kick drum, snare, bass, and
pluck—are trained offline and stored in BRAM for run-time
selection.

The design is fully hand-coded in Verilog-2001 using
Q8.8 fixed-point arithmetic. ~Audio output is provided
through an 8-bit PWM DAC, and a UART interface streams
waveform data to a PC visualizer.

2 System Architecture

(audio_gan_top (Basys 3 — Artix-7))

pwm_dac > JALO]
SWi3:0] 8-bit PWM Audio
Latent z \
Sampl.
— Buffer
64 x 16b
SW[6:4]
Timbre
g uart_tx > UsB
~~.__|115200 bd UART)
SW[15:14] RN
Pitch ~
8 timbi 1,168, £ LED[15:0]
= 9,344 weights Status

Figure 1: System block diagram on Basys 3.

The generator (audio_waveform_generator) imple-
ments a fully-connected MLP:

] 4 inputs \ —| 16 hidden (ReLU) | - ] 64 outputs (o) \

* Fixed-point: Q8.8 signed (16-bit), 32-bit MAC accumu-
lators

* ReLU: sign-bit multiplexer (zero logic cost)

¢ Sigmoid: 256-entry combinational

multiplexed across all 64 output neurons

Weights: BRAM via $readmemh, 1,168 params per tim-

bre, 9,344 total for 8 timbres (~18.3 KB)

LUT, time-

2.1 RTL Modules

* audio_gan_top — top-level controller, I/O mapping,
12-state FSM

* audio_waveform_generator — neural network in-
ference engine with multi-timbre weight banking

e pwm_dac - 8-bit PWM DAC (390kHz carrier at
100 MHz)

e yart_tx — 115,200 baud transmitter for PC waveform
streaming

10

2.2 Audio Output Path

Generated samples are buffered and looped at a selectable
fundamental frequency: 125, 250, 500, or 1,000Hz. An
external RC low-pass filter (f. ~ 15kHz) reconstructs the
analog waveform from the PWM output.

2.3 1/0 Mapping

Control Function
SW[3:0] Latent vector (16 timbral variations)
SW[6:4] Timbre select (8 sounds)
SW[15:14] Pitch (125-1000 Hz)
PMOD JA[0] PWM audio output
USB-UART Waveform data to PC
LED[15:0] Status + VU meter
3 Training

A Python/NumPy golden model implements the full GAN
training loop with backpropagation and BCE loss. Xavier
initialization seeds all weight matrices. Each timbre is
trained independently for 3,000 epochs against analytically
generated target waveforms. Converged weights are quan-
tized to Q8.8 and exported as hexadecimal .mem files for
BRAM initialization.

4 Results

4.1 Waveform Accuracy (Golden Model)

Table 1 reports the MSE between target and generated wave-
forms after Q8.8 quantization in the Python golden model.

Table 1: Reconstruction MSE per Timbre

Timbre MSE Timbre MSE
Square 0.0000 Kick 0.0055
Snare 0.0013 Sine 0.0084
Pluck 0.0049 Triangle 0.0108
Sawtooth 0.0120 Bass 0.0132
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Figure 2: Target vs. GAN-generated waveforms (golden model, 64 samples/period).
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Communication Behavior Anomaly Monitoring System Using
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Abstract— This paper presents a communication behavior
anomaly monitoring system based on WGAN-GP. Normal
traffic feature distributions are learned using WGAN-GP, and
the trained Critic model is implemented as an IP core on FPGA
for high-speed inference. Network packets are captured and
converted into feature data, which are processed in real time on
the FPGA. By combining machine learning and hardware
acceleration, the proposed system enables fast and efficient
communication behavior monitoring.

Keywords—WGAN-GP, FPGA implementation, IP core,
packet capture, real-time processing, network anomaly monitoring
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Abstract—This final report presents a Cyclone V FPGA
implementation of a quantized 32x32x3 GAN generator in
fixed point 16-bit numerical format with VGA output on DE10-
Standard. The design is fit for the hardware such as using banked
weight ROMs, two-way parallel MAC execution, altsyncram
Megafunction, and latency-aligned output readout. Testbenches
that produces PPM images look correct, but on-board VGA
still appears visually off, indicating a likely memory-latency
alignment issue.

Index Terms—FPGA, GAN accelerator, fixed-point arithmetic,
VGA, Cyclone V

I. INTRODUCTION

GAN deployment on low-cost FPGAs is attractive for
deterministic edge inference, but mapping a convolutional
generator is constrained by memory bandwidth and RAM read
latency. This work designs memory organization around FPGA
primitives to preserve both throughput and timing consistency
between simulation and hardware displayed on VGA.

II. PROPOSED ARCHITECTURE AND ADVANTAGE

A. Generator Core

The generator core follows a four-stage upsampling con-
volution pipeline producing 32x32 RGB output. The design
uses:

o Two-phase MAC pipeline: phase O issues addresses,
phase 1 consumes valid data and updates accumulators.
Banked weights with two-way channel parallelism:
each convolution weight tensor is split into two banks
so two input channels are processed per MAC step.
MLAB activation storage: intermediate activations are
mapped to MLABs to support required read access pat-
terns.

Q6.10 (Fixed Point 6-bits integer and 10-bits frac-
tional) saturating arithmetic: all partial sums are quan-
tized with explicit saturation on LUT based ReLU and
tanh stages.

The main advantage is practical throughput improvement
under memory-port constraints while also parallelizing by 2
(N_PAR=2) at the channel loop level provides substantial
cycle reduction versus a scalar channel path which are under
resource utilization constraints.
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Listing 1. Core helper functions.

function integer fb_wl; input integer oc, ic, ky, kx;

begin fb_wl = (oc* (CH4/N_PAR)«*9) + ((ic/N_PAR)=*9) +
(ky*3) + kx; end

endfunction

—

function signed [15:0]
begin relul6 = v[15]
endfunction

relul6; input signed
? 16'sd0 : v; end

[15:0]

Vi

function signed [15:0] satl6; input signed [31:0] v;
begin if (v > 32'sd32767) satlé6 = 16'sd32767;

else if (v < -32'sd32768) satl6é = 16'sh8000; else
— satle = v[15:0]; end
endfunction
Listing 2. Parallel MAC and out_ram readout alignment.

prod0 = $signed(z_memO[ic>>1]) * $signed(W0_bO_q);
prodl = $signed(z_meml[ic>>1]) * S$signed(WO_bl_q);
psum = (prod0 >>> MAC_SHIFT) + (prodl >>> MAC_SHIFT);
wire signed [15:0] out_g;
assign out_rdata = out_g;
altsyncram out_ram (

.address_a (out_addr_mux), .clockO (clk)

.data_a (out_wdata_mux), .wren_a (out_wren),

.g_a (out_q)
)i
// outdata_reg_a = "UNREGISTERED"

The generator FSM runs from 4 layers (L0, L1, L2,
L3) with each layer having INIT, MAC, and activation func-
tion RELU/TANH and ends with S_DONE, giving deterministic
stage latency.

B. Latency-Consistent Output Readout

An important contribution is fixing simulation-hardware
mismatch at output RAM readout. The corrected implementa-
tion directly uses the RAM output wire in synthesis mode:

With Q6.10 operands, each multiplication produces a
Q12.20 product (20 fractional bits). The design sets
MAC_SHIFT=10 so products are shifted back to Q6.10 scale
before accumulation. Besides that, the readout contract is
one-cycle memory latency from presented address to valid
out_rdata. The VGA wrapper enforces this contract with
ST_RDPRIME followed by ST_READOUT, so pixel index and
channel boundaries (R/G/B) remain aligned to the same cycle
model used by synthesis.
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Listing 3. Wrapper helper functions.

function [15:0] lfsr_next;
input [15:0] cur;
begin 1lfsr_next = {cur[l14:0],
— cur[l5]°cur[l3] cur[l2] cur[l0]}; end
endfunction
function [7:0] g6_10_to_pixel;

input signed [15:0] val; reg signed [31:0] pv;

begin pv = $signed(val) + 32'sdl1024; if (pv < 0) pv =
— 07
if (pv > 2048) pv = 2048; pv = (pv x 255) >>> 11;
g6_10_to_pixel = (pv > 255) 2 8'd255 pv([7:0];
— end
endfunction
z_wdata <= $signed({{4{1lfsr[11]}}, lfsr[11:01}) +
$signed ({{4{1fsr2[11]}}, 1lfsr2[11:0]});

Listing 4. Wrapper readout FSM and RGB channel mapping.

ST_RDPRIME: begin
fb_r[0] = g6_10_to_pixel (out_rdata);
rd_addr <= 12'dl;
rd_cnt = 12'd1l;
state <= ST_READOUT;
end

if (rd_cnt < 12'd1024) fb_r[rd _cnt[9:0]] <=
— g6_10_to_pixel (out_rdata);

else if (rd_cnt < 12'd2048) fb_glrd_cnt[9:0]] <=
<« g6_10_to_pixel (out_rdata);
else fb_blrd_cnt[9:0]] <=

— g6_10_to_pixel (out_rdata);

III. DE10 VGA INTEGRATION

The top wrapper integrates:

e 25 MHz GAN/VGA domain from PLL,

o random latent vector loading (Z_DIM=64) using dual
LFSR summation,

« 3072-word sequential readout (R then G then B),

e Q6.10-to-8b conversion and 8x scaled centered VGA
rendering.

Dual LFSR is used to generate a triangular-like latent
distribution by summing two pseudo-random signed values.

The wrapper FSM is ST_IDLE — ST_ZLOAD
— ST_START — ST _WAIT — ST_RDPRIME —
ST_READOUT.

IV. IMPLEMENTATION RESULTS

Timing closes across corners with worst setup slack 13.525
ns, worst hold slack 0.156 ns, TNS = 0, and 25 MHz-clock
Fmax of 37.77 MHz (slow corner).

Fitter Status : Successful - Mon Mar 2 12:52
Quartus Prime Version : 18.1.0 Build 625 ©
Revision Name : DE10_Standard_GAN32_VGA
Top-level Entity Name : DE16_Standard_GAN32_VGA
Family : Cyclone V.

Device : 5CSXFCED6F31C6
Timing Models : Final

Logic utili in ALMs)
Total regis 04
Total pins : 9

Total virtual pins

Total block memory bits 0,86 %)
Total RAM Blocks

Total DSP Blocks :

Total HSSI RX PCSs

Total HSSI PMA

Total HSSI TX

Total HSSI PMA TX Serial

Total PLLs : 1 / 7

Total DLLs : @ / 4

+ 21,700 / 41,910 ( 52 %
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Fig. 1. Normal MNIST qualitative comparison (top: simulation outputs,
bottom: hardware VGA captures).

]
_r-

Fig. 2. Stacked-MNIST qualitative comparison (top: simulation outputs,
bottom: hardware VGA captures).

A. Throughput and End-to-End Latency

The core requires about 10.5M cycles; at 25 MHz this is
about 0.42 s per image (about 2.38 fps). Readout of 3072
samples takes about 123 us, so end-to-end latency is compute-
dominated.

B. Simulation vs Hardware Observation
A key experimental observation is:
o« PPM testbench simulation: output images appear cor-
rect and stable.

e On-board VGA: visual output still appears off or incon-
sistent.

Functional simulation and timing closure alone are insuf-
ficient for guaranteeing image-correct hardware behavior in
latency-sensitive display pipelines. It also motivates explicit
cycle-accurate readout validation under the exact synthesized
RAM behavior.

C. Stacked MNIST RGB Capability

To evaluate RGB channel capability, we also tested stacked-
MNIST style outputs. Simulation preserves distinct color con-
tent, while on-board VGA still shows visible mismatch.

V. CONCLUSION

This report presented a practical FPGA GAN generator
implementation optimized for Cyclone V constraints. The
original advantage is the hardware-aware co-design of banked
memory organization and parallel MAC scheduling, enabling
a feasible 32x32x3 quantized generator with modest DSP
usage and closed timing. Concrete compilation/timing results
demonstrate implementability, while the simulation-hardware
visual gap shows display correctness requires strict latency.
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Abstract—While Generative Adversarial Networks (GANSs) are
essential for high-quality image synthesis, their deployment on
resource-constrained edge devices is hindered by high parame-
ter counts and extreme floating-point computational demands.
In the LSI Design Contest 2026, we propose a system that
reduces model size, eliminates floating-point operations, and
controls memory traffic without sacrificing perceptual quality.
Our approach introduces a 16-bit symmetric quantization scheme
with 64-bit accumulation. To mitigate quantization degradation,
we implement a Knowledge Distillation pipeline enhanced by
Relative High-Frequency (RHF) tracking and the discriminator
weakening strategy. The hardware architecture utilizes AXI4-
Stream, centralized DMAs, and reconfigurable dataflows to
maximize on-chip data reuse. We complete all the hardware
IPs with high-performance algorithms such as Image-to-column,
tiling, and line buffer. The results show that these are effective
and compatible with the proposed C model. Our system reduces
the model size by 50% (35MB to 18MB) and achieves a Kernel
Inception Distance (KID) of 9.939, successfully producing high-
quality 1024x1024 images natively on hardware.

I. INTRODUCTION & RELATED WORK

While high-quality image synthesis models [5] remain
critical for latency-sensitive applications like real-time super-
resolution, their reliance on massive parameter counts and
intensive floating-point architectures restricts them to high-end
GPUs. Deploying these models on hardware, in this case, FP-
GAs, requires aggressive quantization and custom data paths.
However, mapping GANs [3] to hardware is exceptionally
challenging because the generator’s spatial upsampling creates
severe memory bottlenecks, and standard integer quantization
often introduces visible high-frequency artifacts.

Prior works have explored lightweight architectures like
MobileStyleGAN [1] and Knowledge Distillation [4, 8] to
reduce model complexity. However, standard post-training
quantization is insufficient for GANs [3] due to the generator’s
extreme sensitivity to weight perturbations. In this work, we
bridge the gap between algorithmic complexity and edge hard-
ware constraints. We demonstrate that generative models can
be executed efficiently using exclusively integer arithmetic by
combining a specialized Quantization-Aware Training (QAT)
pipeline with a reconfigurable, streaming-oriented hardware
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architecture, but still preserve high-quality details, as shown
in Figure 1.

Fig. 1: The figure shows the results from our work.
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Fig. 2: The figure illustrates the high-level architecture of our
model. From a random noise vector, we process it in the
integer domain through the layers and output a 1024x1024
image. After each layer, we add a requantization module.

II. METHOD
A. Optimize model and extract golden data

To enable edge deployment, we eliminate costly floating-
point operations by adapting the MobileStyleGAN net-
work [1] into a fully integer-based framework with 2/ , =
clamp (round( ol ) Qmin, qmal.) X scale.

We adopt a 16-bit symmetric quantization scheme with PTQ
and QAT EMA [7]. Generative tasks require 16-bit granularity
to produce smooth gradients and realistic textures. The zero-
point is fixed at zero, allowing MAC operations without offset
corrections, saving significant DSP resources. Maintaining
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unclamped 64-bit partial sums prevents saturation and nonlin-
earities that corrupt spectral content in deep generators, casting
to lower precision only at the final output stage using Round-
to-Nearest, Ties-to-Even (RNTE) bitwise logic.

To preserve texture fidelity lost during quantization, we
employ a Quantization-Aware Distillation [6] pipeline. We
introduce a Relative High-Frequency (RHF) tracking metric
to track the quantized student model and capture the spectral
texture of the full-precision teacher.

We also propose a Discriminator Weakening Strategy to
prevent the full-precision discriminator from overpowering the
quantized generator during training. This includes using label
smoothing to penalize overconfidence, enforcing a warm-up
phase where discriminator weights are frozen, and maintaining
a lower learning rate for the discriminator.

The trained model with the architecture, shown in Figure 2,
is then converted to a C model. This model generates the
golden data, consisting of intermediate feature maps and the
quantized weights for the hardware validation.

B. Hardware Architecture

Directly instantiating all layers of a CNN on edge devices
exhausts DSP blocks and on-chip memory. To address this,
we adopt a reusable hardware architecture prioritizing flexible
routing over structural replication.

1) Reconfigurable Dataflow & Streaming: The system
routes data through a small set of parameterized blocks shared
across layers, as shown in Figure 3. FIFO buffers isolate data
streams between blocks, ensuring safe runtime reconfiguration
by the MicroBlaze controller. Memory bottlenecks are elimi-
nated using the AXI4-Stream protocol integrated with DMAs,
which are centralized and reused multiple times during the
running time.

2) Image-to-column and tiling: The format of the feature
maps is H x W x C, allowing us to view it in the continuous
memory with (H-W)x C. This is beneficial as we can convert
the pointwise convolution to a matrix multiplication. To reduce
the BRAM usage, we adopt tiling with tile size 16 x 16.

3) 3-line buffer and sliding window: Depthwise convolu-
tions are implemented using a fully partitioned 3-line buffer
and sliding window architecture, allowing parallel access to
all 9 window elements in a single clock cycle.

4) IDWT Upsampling: We adopt the Inverse Discrete
Wavelet Transform (IDWT) [2] using Haar wavelet filters. This
reduces resource usage and explicitly manages high-frequency
details to mitigate the computational cost of standard trans-
posed convolutions.

III. EXPERIMENTAL RESULTS

TABLE I: Quantitative comparison using the KID metric and
the sizes of the models.

Model KID | Model’s size |
MobileStyleGAN 7.652 35MB
Quantized MobileStyleGAN (Ours) 9.939 18MB
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Fig. 3: This figure shows the hardware architecture of the
proposed GAN accelerator. All FIFOs without explicitly spec-
ified depths have a default capacity of one data frame, which
corresponds to 32 bits in this design. to_image is a pointwise
convolution and modIDWT fuses Bcast with IDWT.

A. Model Compression and Output Quality

As shown in Table I, our approach reduces the size by
nearly 50%, compressing the original from 35MB down to
18MB. Despite the aggressive 16-bit quantization, the model
maintains KID of 9.939, validating that our RHF tracking and
64-bit accumulation effectively preserve perceptual quality.

TABLE II: Resource utilization and performance summary of
HLS IPs on VC707.

P LUT FF DSP Run-Time (ms)
Linear 1,248 1,060 5 0.72
Bcast 2,360 2,531 6 40.11
Idwt 1,794 2,363 4 220.81
Conv 2,550 2,648 5 148.37

Depthwise 4,262 4,442 22 266.48
Pointwise 6,470 4,622 20 592.05
ReLU 3,326 3,477 19 10.38

B. Hardware Resource Utilization

We maintained efficient and competitive DSP and LUT
consumption as shown in the Table II as the model operates on
the 16-bit integer domain. The average Fmax is approximately
275 MHz with IP small resources.

IV. CONCLUSION

This work successfully demonstrates high-resolution image
synthesis on edge devices using strictly integer arithmetic. By
combining a 16-bit symmetric Quantization-Aware Training
pipeline, edge model techniques, such as image-to-column,
line buffer, and a reconfigurable AXI4-Stream hardware ar-
chitecture, we achieved a 50% reduction in model size with
high-performance IPs, which are compatible with the proposed
algorithm. while preserving structural integrity and perceptual
quality. Future work will focus on optimizing FIFO buffer
allocations to further reduce on-chip memory consumption,
integrating the IPs, and evaluating the full system, making it
more compatible with edge devices.
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Abstract—We present a unified systolic array architecture for
GAN-based EEG artifact removal, capable of executing both 1D
convolution and transposed convolution. Batch Normalization is
fused into convolution weights, eliminating batch normalization
hardware, with Q9.14 fixed-point quantization reducing compu-
tational complexity while preserving fidelity. On Pynq-Z1, the
design achieves 100% DSP utilization, 33.93% BRAM usage,
and 2.002 W on-chip power, with Pearson correlation exceeding
0.99 against floating-point software models.

Index Terms—Generative Adversarial Network, Unified Con-
volution and Transpose Convolution Architecture, EEG Artifact
Removal.

I. INTRODUCTION

EEG is widely used for medical diagnostics, brain—computer
interfaces (BClIs), and sleep analysis [1, 2], yet artifact con-
tamination significantly degrades signal quality [3]. Manual
denoising is unsuitable for real-time applications, and deep
learning methods [4] are constrained by ambiguous ground
truth, artifact variability, and high computational cost, limiting
deployment on edge devices. To address these challenges, we
propose a GAN-based temporal U-Net for EEG reconstruction
and implement it on hardware for edge inference, adopting the
EEGdenoiseNet methodology [5] to ensure consistent ground-
truth construction. To further align model complexity with
hardware constraints, we apply Batch Normalization fusion
and fixed-point quantization [6], reducing computational and
resource overhead while preserving signal fidelity.

II. PROPOSED ARCHITECTURE
A. GAN Overview

EEG denoising is formulated as a conditional signal-to-
signal reconstruction problem. Because EEG signals exhibit
strong local temporal correlations, effective restoration re-
quires localized analysis of neighboring samples. Generative
Adversarial Networks (GANs) address the over-smoothing
issue of conventional L1/L2 regression by modeling the con-
ditional distribution of clean signals, where the adversarial
objective preserves high-frequency components and realistic
structures. Convolutional kernels enable efficient local tempo-
ral analysis with hierarchical feature extraction while using
fewer parameters, making the approach suitable for hardware-
efficient real-time deployment.
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Bandung Institute of Technology
Bandung, Indonesia
13223051 @std.stei.itb.ac.id
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B. Generator Structure

By using a GAN-Based model, the generator structure will
be distinct than seed-based traditional models such as [7].
This is because the generator needs to accept the noisy EEG
input and fully denoise artifacts such that the output is clean
EEG signal. To achieve this, compared to other decoder-only
generator architecture [8], our proposed generator will also
employ encoder to detect the patterns of the noisy input to be
mapped to the clean EEG. The generator is composed of four
primary components: encoder, bottleneck, decoder, and output
adjustment.

The model uses computation following this equation for

inference:
z = E w;T; + b
i

where w; are the convolution weights, x; are the input activa-
tions, and b is the convolution bias.

For the purpose of training using multiple discriminators,
the term “critic” will be adopted for the “n critic” training
method. The model itself is relatively simpler than the gener-
ator, with an append module, encoder, and output adjustment.

Other than that, batch normalization fusion onto Convolu-
tion weights was done to reduce computation while taking
advantage of the statics being frozen in inference. The fused
operation can be expressed compactly as:

7 RAS .2}

= T W; | T +
Y zi:<\/02+e ) (\/02+6
where w; and b are the original convolution weights and bias,

u and o2 are the running mean and variance, and +y, 3 are the
BatchNorm scale and shift parameters.

)

b p) ﬁ) ©)

III. HARDWARE ARCHITECTURE
A. Related Works

Several related works on hardware implementations of U-
Net [9, 10] rely on High-Level Synthesis (HLS) to translate
the computational model into hardware yet offer limited
discussion on data flow organization, memory hierarchy, and
resource reuse. Additionally, literature regarding temporal U-
Net architectures supporting both 1D convolution and 1D
transposed convolution remain scarce. To address this, we
propose a unified architecture efficiently supporting both op-
erations within a temporal U-Net framework.
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Fig. 2: Unified accelerator architecture. The central FSM
configures the systolic array for convolution (red), transposed
convolution (blue), or shared paths (black).

B. Overview of Proposed Hardware Design

We implement the generator based on the output-stationary
AXON systolic array [11], which supports both one-
dimensional convolutional and transposed convolutional layers
within a unified architecture as shown in Fig. 2.

Our system implements the U-Net architecture directly
within the system control logic. As a result, no convolution
nor transpose convolution parameters are given by PS. Con-
sequently, the PS is only responsible to supply input data and
recieve the output results in a deterministic order. The PS is not
required to build ifmaps nor channel maps for both convolution
and transposed convolution operations as these operations are
done on PL. As such, the system lessens PS dependency.

IV. IMPLEMENTATION

TABLE I: FPGA Resource Utilization

Resource Estimation  Available  Utilization (%)
LUT 47474 53200 89.24
LUTRAM 1993 17400 11.45
FF 37301 106400 35.06
BRAM 47.50 140 33.93
DSP 220 220 100.00
BUFG 1 32 3.13

For the entire system, timing is constrained at 20ns clock
period. Results as follows:
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TABLE II: Transpose Convolution Timing Analysis Summary

Metric Setup Hold
Worst Negative Slack (WNS)  0.648 ns —
Worst Hold Slack (WHS) — 0.014 ns

Power Consumption: 2.002W, Mainly from PS7 (1.262W).

V. EXPERIMENTAL RESULT

Fig. 3: FPGA Implementation of Transposed Convolution

At the time of reporting, the decoder module has been
successfully implemented and functionally verified on the
Pyng-Z1 FPGA platform. The hardware validation utilizes
bottleneck-layer outputs generated by the corresponding soft-
ware model as input stimuli. Table III presents a detailed
comparison between the hardware implementation results and
those obtained from the software reference model. The imple-
mentation is shown in Fig. 3.

TABLE III: Hardware vs Reference Comparison per Layer

Metric Layer 0 Layer 1 Layer 2 Layer 3 Average
RRMSE 0.248120  0.333685  0.322061  0.291938  0.298951
Correlation ~ 0.958084  0.928047  0.935992  0.941088  0.940803
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VII. CONCLUSION

The proposed unified systolic array demonstrates that a
single hardware core can support full temporal U-Net infer-
ence without two distinct hardwares. The architectural sim-
plifications introduced (i.e., BN fusion and fixed-point quan-
tization) improve edge-device application while preserving
signal fidelity. Along with the mentioned validation metrics
as shown in the table above, suggest that the implementaion
was successful in mimicing software models. These results
suggest that GAN-based EEG artifact removal is viable on
resource-constrained devices.
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I. OVERVIEW

Figure 1 shows the overall design flow. A compact ANN-
based GAN model is trained on the MNIST dataset using 100-
dimensional noise input and a three-layer generator consisting
of 1200, 1200, and 784 neurons. Training was performed with
600 images per batch for 15 epochs. After training, only the
generator network is converted to a Spiking Neural Network
(SNN) to enable spike-based hardware execution.

Train Generative
Adversarial
Networks

ANN to SNN
Conversion

Export Generator
SNN’s Parameters

|

RTL
Simulation

ASIC & FPGA
Implementation

Fig. 1. Overall design flow of GAN training and chip implementation

Figure 2 shows the GAN training and conversion from ANN
generator and SNN generator. The ANN-to-SNN conversion
preserves the original network structure while replacing ReLU
activations with Integrate-and-Fire (IF) neurons. Weight nor-
malization is applied using maximum activation per layer to
maintain functional equivalence. Scalar inputs are encoded
into spike trains, and neuron firing rates approximate ANN
activations over multiple timesteps. This approach allows the
SNN to reproduce the behavior of the trained ANN while
enabling hardware-friendly spike processing.

II. HARDWARE ARCHITECTURE

Figure 3 shows the architecture of chip implementation, and
Figure 4 shows the computing core that stores the learned
weights for each layer. Here, we did not utilize the STDP
part, a learning mechanism for SNNs, since the learning was
conducted by the source ANN model. The design consists of
data readings for spike and weight for each layer, crossbar-
based weight memory, arrays of IF neurons, and global control
logic. Input spikes are multiplied by stored weights and
accumulated into membrane potentials. When the membrane
potential exceeds the threshold, an output spike is generated,
and the potential resets. Layer-by-layer spike propagation
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Fig. 2. GAN training and conversion from ANN to SNN
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Fig. 3. Architecture of chip implementation

produces the final output image. The same RTL design is used
for both FPGA implementation and ASIC synthesis.

III. IMPLEMENTATION RESULTS

Once the converted SNN generator is obtained and runs
successfully on the software, the model parameters, including
the trained weights for each layer, are exported for RTL simu-
lation. The model architecture of the original ANN generator
is summarized in Table. I. The model architecture remains
consistent for the ANN and SNN.

Fig. 5 compares the output images obtained from software
and RTL simulation. The Mean Squared Error (MSE) value
for (a) and (b) is 3.02e-05.
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TABLE 1
MODEL ARCHITECTURE AND TRAINING PARAMETERS

Value
MNIST Handwritten Digits
600 Images per Batch x 15 Epochs

Parameter
Training Data
Training Numbers

Input Size 100

Layer 1 1200 Neurons
Layer 2 1200 Neurons
Layer 3 784 Neurons

(a) Software output 1 (b) RTL simulation output 1

Fig. 5. Output image comparison between software and RTL simulation

A. FPGA Implementation

The FPGA implementation was conducted using Vivado
2019.1 and Artix-100T FPGA evaluation board was used. Due
to the memory constraint, the number of neurons in Layers 1
and 2 were changed from 1200 to 64 neurons.

Fig. II shows the resource utilization. The proposed design
occupies 2,952 flip-flops (23.28% utilization) and 46,920
LUTs (74.01% utilization), on the targeted FPGA Chip.

B. ASIC Implemenation

In order to calculate the area consumption of GAN model
Design Compiler Shell is used. Design Compiler Shell is
command-line interface of Synopsys Design Compiler used to
perform logic synthesis, where RTL descriptions are translated
into optimized gate-level netlists based on timing, area, and
power constraints.

A clock period of 2ns is specified, and synthesis is performed
using the CMOS PDK45 technology node.
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TABLE II
RESOURCES UTILIZATION OF FPGA IMPLEMENTATION

Resource Utilization  Available  Utilization (%)
LUT 46920 63400 74.01
LUTRAM 7296 19000 38.40
FF 29523 126800 23.28
TABLE III
AREA SUMMARY OF ASIC SYNTHESIS
Category Area
Combinational logic ~ 151,198.92 um?
Sequential logic 71,773.18 pm?
Memories 485,376 bits
Total 222,972.10 um?

Table. III shows the area consumed by combinational logic,
sequential logic, and memory, resulting to a total of around
222,972 pm? by combinational and sequential logic. For the
total number of bits required by memory:

Layer 1 = 100 x 64 = 6,400 bits (D)
Layer 2 = 64 x 64 = 4,096 bits 2)
Layer 3 = 64 x 784 = 50,176 bits 3)

Combining the bits of all these 3 layers, we get 485,376
bits in total for memory.

IV. CONCLUSION

This work presents SpikeGAN, a hardware-oriented frame-
work that converts an ANN-based GAN generator into an
SNN suitable for spike-based implementation. The proposed
approach maintains output equivalence between software and
RTL, achieves successful FPGA deployment, and demon-
strates ASIC synthesis feasibility in 45 nm technology. The
results indicate the potential of SNN-based generative models
for energy-efficient Al hardware systems.
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Abstract—We designed a hardware-software co-design system
for a HiFiC GAN accelerator that performs high-fidelity image
compression on FPGA. By employing FP16 quantization for
both weights and activations, we achieved a significant reduction
in memory bandwidth while maintaining reconstruction quality.
The system fits within the FPGA’s resources and provides a faster
computation time compared to software-based execution.

Index Terms—FPGA, Convolutional Neural Network, HLS,
GAN, Optimization

I. INTRODUCTION

Learned image compression, particularly High-Fidelity
Generative Image Compression (HiFiC) [1], produces percep-
tually superior reconstructions at low bitrates compared to
traditional codecs|cite: 1471]. However, the immense com-
putational complexity of GANs remains a barrier for de-
ployment on resource-constrained edge devices[cite: 1472].
While FPGAs offer high parallelism, direct 32-bit floating-
point (FP32) implementation results in prohibitive resource
consumption[cite: 1473].

We propose a hardware-software co-design on the AMD-
Xilinx ZCU104 platform using an FP16 quantization strategy
to halve memory bandwidth while preserving the dynamic
range essential for GANs[cite: 1474]. By leveraging High-
Level Synthesis (HLS) at 250 MHz, our architecture achieves
a 3.87 x end-to-end speedup over the ARM Cortex-AS3 base-
line[cite: 1475]. Remarkably, our hardware engine processes
individual Residual Blocks nearly 5x faster than a high-
performance Intel Core i9 processor, proving its efficiency for
generative compression on edge hardware[cite: 1476, 1477].

II. POST-TRAINING MIXED-PRECISION QUANTIZATION
(FP16) METHODOLOGY

Post-Training Mixed-Precision Quantization (FP16) is a
retraining-free technique that maps tensors from FP32 to FP16
to reduce storage and increase throughput. This approach
enforces FP16 arithmetic in the computational core while pre-
serving FP32 semantics at system interfaces for compatibility.

A. Theoretical Formulation and 10 Architecture

FP16 quantization is modeled as a projection onto repre-
sentable binaryl6 numbers: & = Qi6(x) = flig(z). While
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FP16 reduces memory bandwidth, it increases susceptibility
to underflow/overflow due to a reduced exponent range.

To maintain system compatibility, the mixed-precision
boundary mapping is expressed as:

(min)7

where zj, and z., are the external FP32 input and output
tensors. Internal operators process only FP16 data, allowing
significant hardware acceleration without modifying existing
pre/post-processing stages.

16 .
Ty, = castzai6

e))

_ . 16
Tous = casti6-32(Tont ),

III. PROPOSED ARCHITECTURE

A. Hardware-Software Design Flow and Partitioning

The HiFiC model is deployed using a co-design methodol-
ogy where the system is partitioned based on computational
workload. The Encoder and Hyperprior networks are exe-
cuted in software on the Processing System (PS), while the
Generator’s nine residual blocks—the primary bottleneck—are
offloaded to the Programmable Logic (PL) as a custom accel-
erator (Fig. 1).
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Fig. 1. System-level hardware-software co-design and design flow.

The interaction follows a coarse-grained model via shared
DDR4 memory. The PS generates the latent representation
(16 x 16 x 960) and configures the PL via AXI-Lite. The
PL autonomously fetches data via AXI4-Master, performs
pipelined computations, and writes results back to DDR.
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B. Pipelined and Parallel Convolution Architecture

Our design utilizes a two-line buffer mechanism to stream
feature maps in raster-scan order, enabling parallel window
generation and maximizing on-chip data reuse. A dedicated
Processing Element (PE) Cluster processes all valid convo-
Iution windows on a row simultaneously, mapping arithmetic
operations directly to FPGA DSP blocks (Fig. 2).
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Fig. 2. PE Cluster architecture and two-pass execution strategy.

The architecture employs a two-pass execution strategy to
hide memory latency: leftmargin=*

o Pass A: Focuses on convolution production, writing
results to a Ping-Pong OFM buffer.

o Pass B: Concurrently reads from the buffer to perform
normalization, ReLU, and residual addition.

To sustain a fully streaming dataflow, we utilize HLS
pragmas (PIPELINE II=1 and UNROLL), ensuring the in-
nermost loops initiate a new operation every clock cycle while
exploiting spatial parallelism across PEs.

IV. EXPERIMENTAL RESULTS

A. Quantization Results and Evaluation

We evaluated the impact of transitioning from FP32 to
FP16 on a 256 x 256 test image. As summarized in Table
I, the compression performance of the HiFiC model is strictly
preserved after quantization.

TABLE I
COMPARISON OF FP32 AND FP16 HIFIC MODELS

Metric FP32 Baseline | FP16 (Proposed) Delta
Bitstream Size (Bytes) 6,522 6,517 -5
Compression Ratio 3.97x 3.97x 0.00
PSNR (dB) 19.08 19.05 -0.03
SSIM 0.8315 0.8314 -0.0001

The degradation in PSNR (0.03 dB) and SSIM (-0.0001) is
negligible and falls below the threshold of human perceptual
visibility. The reconstructed images from the FP16 hard-
ware accelerator are virtually indistinguishable from the FP32
baseline, validating that our quantization strategy effectively
balances computational efficiency with high-fidelity output
quality.
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B. Hardware Implementation and Performance

The accelerator was implemented on the ZCU104 board,
operating at a clock frequency of 250 MHz. Table II details
the post-implementation hardware resource utilization.

TABLE II
RESOURCE UTILIZATION ON ZCU104 PLATFORM
Resource Available Used Utilization (%)
LUT / FF 230,400 / 460,800 | 57,291 / 73,774 24.86 / 16.01
BRAM Tile 312 105 33.65
DSP48E 1,728 48 2.77

Latency analysis indicates that the nine Residual Blocks
constitute the primary bottleneck (88.17% of CPU workload).
By offloading these blocks to the PL, execution time for the
sequence is reduced to 193.5 seconds. The total co-design
inference time is 357.3 seconds, yielding an approximately
3.87 x speedup over the ARM Cortex-A53 software execution
(1384.8 seconds). Notably, the ResBlock processing speed is
nearly 5 times faster than a high-performance Intel Core 19
processor.

Thput Tmage OUEpUt Tmage

Fig. 3. Hardware demonstration of the HiFiC pipeline on the ZCU104 board.

Practical applicability was validated through a hardware
demonstration: the system captures input via a USB 3.0 cam-
era, executes the generative pipeline, and streams reconstructed
images to an external monitor (Fig. 3).

V. CONCLUSION

We presented a hardware-software co-design for the HiFiC
GAN model. By offloading intensive blocks to a custom
FP16 engine, we achieved a 3.87x end-to-end speedup with
negligible quality loss. Low resource utilization (e.g., 2.77%
DSP) provides headroom for future parallelism and ultra-high-
resolution support.
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Abstract—This paper presents of an implementation for GAN
based voice conversion generator on 80x80 mel-spectrograms
inside an FPGA. The design integrates BN folding, dyadic
residual scaling, channel-serialized MACs with 8-way DSP mul-
tiplexing, and a sync BRAM bottleneck reusing one convolution
engine across three residual blocks. Brevitas 8-bit QAT [13]
achieves NMSE = 0.16. Post-implementation on Zynq XC7Z020
at 100 MHz yields 2.271W at 52.80% LUT and 80.45% DSP
utilization.

Index  Terms—CycleGAN, voice
quantization-aware training, Brevitas.

conversion, FPGA,

I. INTRODUCTION

Voice conversion (VC) modifies speaker identity while
preserving linguistic content [1], enabling speech synthesis
[2] and enhancement [3]. GAN-based methods CycleGAN-VC
[5], StarGANV2-VC [6] achieve state-of-the-art quality [4] but
are computationally prohibitive for edge devices. Prior FPGA
GAN accelerators use zero-skipping [8] or memory tiling [9];
FastWave [10] and ROLIN [11] target voice synthesis. Non-
autoregressive VC on low-cost FPGAs remains unexplored [7].

We propose an integer-only architecture integrating: (1) BN
folding, (2) dyadic shift-add residual scaling, (3) channel-
serialized MAC with 8-way DSP multiplexing, and (4) ping-
pong BRAM bottleneck with single-engine reuse, using Bre-
vitas W8AS8 QAT [13].

II. PROPOSED DESIGN
A. Model Architecture

The generator adopts an Encoder—Bottleneck—Decoder
structure derived from CycleGAN-VC [5], processing 80x80
single-channel mel-spectrograms. Only the inference-only
generator is implemented on-chip. Table I details the layer
configuration.

B. BN Folding and Quantization
2

)

We fold BN parameters running mean g, variance o
learned scale ~, and offset § offline into the convolution bias
[12]:

bfused = ﬁ + Y (bconv - ,u)/ \% 02 +e€ (1)
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TABLE 1
GENERATOR ARCHITECTURE (80 %80 MEL-SPECTROGRAM INPUT)

Stage Operation K/S/P  Ch  Output
Encoder 0 Conv2D 3/2/1 1—32 40x40
Encoder 3 Conv2D 3/2/1 32—32 20x20
Bottleneck ResBlockx3 3/1/1 32 20%x20
Decoder 0 DeConv2D 3/2/1 32—32 40x40
Decoder 3 DeConv2D 3/2/1 32—1 80x80

Using Brevitas W8AS8 QAT [13], the integer output is:

Qout = Clamp[(z w-r + bim) X My > S] 2)

where by, is the quantized fused bias, M, is a 32-bit integer
rescaling multiplier, s is the barrel-shift amount, Siy/S/Sou
are the Brevitas input/weight/output scales, ay, is the folded
BN gain, and Moy = Sin-Sw @n/Sout = Min-27° ensures
bit-exact SW/HW correspondence.

C. Dyadic Residual Scaling

Residual rescaling uses zero-DSP shift-add:
Taligned™ )_peic(® > k). Factors 0.50 and 0.75 map to
>1 and (>>1) + (2>>2).

III. HARDWARE IMPLEMENTATION

Fig. III shows the pipeline on the Zynq XC7Z2020 (PYNQ-
Z1) at 100 MHz. PS7 streams data via AXI DMA (32<8-bit
converters); all modules use AXI-Stream handshaking with 8-
bit weights and 32-bit fused biases/multipliers.

CycleGAN generator hardware pipeline on Zynq XC7Z020.

Each Encoder/Decoder layer pipelines a stream padder,
(K —1)-row BRAM line buffers (3x3 windows), and a serial-
ized MAC with 8-way DSP time-multiplexing. The Bottleneck
reuses one conv engine for 3 ResBlocks via sync BRAMs
(PASS;: conv A—B; PASS,: dyadic residual add back to A),
eliminating 5 redundant instantiations. The Decoder reuses
Conv2D with zero-insertion upsampling and 180° kernel flip
for transposed convolution.

The core operation of these convolutions lie on Fig 1, 2, 3.
Fig 1 shows the line buffer architecture to form the window
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output_resulis

needed for the convolution operation, while Fig 2 shows the ar-
chitecture that executes multiplication and accumulation using
only one core of MAC, consisting of Kernel Size’ DSP. While
there is also padder and upsampler, those operations only
control the data needed for the core operation between real
input pixels or zero. Lastly, the bottleneck layer that consists
of 3 convolution operations that have the exact architecure, are
implemented with resource sharing, shown by Fig 3. It uses 2
BRAMs as the memory to store the input of the convolution,
and the output of the convolution operation.
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Fig. 4. FPGA deployment setup.

TABLE II
POST-IMPLEMENTATION RESULTS (ZYNQ XC7Z020, 100 MHZ)

Resource
LUT / FF

Used Available Util. (%)
28,092 /34,919 53,200 / 106,400 52.80 / 32.82
BRAM 61 140 43.57
DSP48E1 177 220 80.45
Power: 2.271W — Junc. Temp: 51.2°C (margin 33.8°C)
WNS: 0.472 ns (setup) / 0.01 ns (hold), 0 failures / 95,335 EP

IV. FPGA IMPLEMENTATION AND DEPLOYMENT

We implement the system on FPGA. The sound recorded by
mic on host side, will be converted into mel spectogram and
send it into FPGA. The result will be catch by the host system
and then reconstruct using vocoder. The result we got approx
666.18ms/chunk, or thoughput 1.47 chunk/sec which 1 chunk
80x80. Fig. 4 shows the end-to-end setup. The host captures
audio via microphone, extracts 80x80 mel-spectrograms, and
streams each chunk to the Zynq PS through AXI DMA. The
converted output is returned to the host for vocoder-based
waveform reconstruction. Measured latency is 666.18 ms per
chunk, yielding a throughput of 1.47 chunks/s.

V. RESULTS AND ANALYSIS

Experimental result shows that 8-Bit QAT on 231 unseen
utterances yields NMSE=0.16 (0=0.03), confirming fidelity
under 8-bit quantization. Table II reports post-implementation
utilization. The bitstream deployed on PYNQ-Z1 achieves bit-
exact agreement with the PyTorch simulation, confirmed via
PS-side Jupyter Notebook orchestrating AXI-DMA transfers.

VI. CONCLUSION

We presented an FPGA architecture for CycleGAN voice
conversion integrating BN folding, dyadic scaling, serialized
MACs, and ping-pong BRAM bottleneck. WSA8 QAT pre-
serves quality (NMSE = 0.16); post-implementation on Zynq
XC77Z020 at 100MHz yields 2.271 W at 52.80% LUT /
80.45% DSP with timing closure (WNS = 0.472 ns), validating
GAN deployment on low-cost FPGAs.
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Abstract

We propose "Matrix Accelerator”, a high-frequency
FPGA accelerator specialized for GAN inference, aimed
at accelerating post-rendering processing in 3D game
scenes. Convolutional and transposed convolutional
operations are unified into matrix multiplications and
implemented on the Xilinx Alveo US5C. We achieved
stable operation at 600 MHz and realized parallel
computation across 120 blocks through a hierarchical
cache structure and spatiotemporal parallelization.
Evaluation results confirm a performance improvement
of up to 15.5 times compared to a high-end GPU
(NVIDIA RTX pro-6000). A demonstration video is
available at:

Keywords- Generative Adversarial Networks (GAN),
AlveoUS55C, Domain-Specific Architecture, Speculative
Carry Propagation

I. Introduction

In recent years, real-time 3D rendering has faced an
increasingly pronounced trade-off between improved
image quality and growing computational cost, as
illustrated by a high-fidelity scene rendered in Unreal
Engine (Fig. 1). Post-processing techniques that generate
low-resolution images and subsequently enhance them
using Al have proven effective, with GANs
demonstrating strength in restoring high-frequency
components[1][2]. However, GAN generators consist of
numerous convolution operations, resulting in
substantial computational demand and memory
bandwidth requirements. To address this challenge,
convolution operations are transformed into matrix
multiplications, and a high-frequency, domain-specific
architecture [3] is implemented on an FPGA to enable
real-time inference.

Low Quality (33.6 FPS) High Quality (5.3 FPS)

Fig.1 Example of a high-fidelity real-time 3D scene.
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II. System Overview

The proposed system consists of a host PC and an Alveo
USS5C accelerator [4]. On the host side, feature maps and
weights are transformed into matrix form using the
image-to-column (im2col) method [5] and transferred to
High Bandwidth Memory (HBM) via PCle. Within the
FPGA, a hierarchical memory architecture is adopted in
which data are supplied from HBM to each computation
Block through L3 and L2 caches. Fig. 2 illustrates the
hardware configuration, including the Super Logic
Region (SLR) structure employed. An L3 cache
implemented with UltraRAM is placed within each SLR,
while BlockRAM-based L2 caches and multiple
computation Blocks are implemented in each die. By
replicating this structure across multiple SLRs, a total of
120 Blocks operate in parallel.

‘ HOST PC Memory(GPU) |

PCIE4.0X8 l l 1 l l | 1 l

‘ 16GB HBM |
[ HEENREEEN RERNREREN
NN RR RN I ]
AXIX10 AXIH10 AXIX10
L3 Cache L3 Cache L3 Cache
Ultra RAM Ultra RAM Ultra RAM
‘ Die0 | I Die0 | | Die0 |
[ Die1 | l Die1 | ! Diel |
‘ Die2 | I Die2 | | Die2 |
\ Die3 | l Die3 | | Die3 |
‘ Died | I Died | | Died |
SLRO SLR1 SLR2

Fig.2 Hardware Architecture.

III. Hardware System

The proposed Matrix Accelerator is designed for high-
frequency operation and achieves stable performance at
600MHz. Each Block is responsible for 16x16 matrix
multiplication and contains 16 Units with a total of 64
Cores internally.

A. Speculative Carry Propagation

To avoid the wiring delay of multiplexers in a variable-
precision adder, Carry8 primitives are directly connected
to propagate the carry speculatively to the most
significant stage, and the result is determined afterward
using a logical mask. This approach enables stable high-
frequency operation.


https://youtu.be/zd_Zkgok_J8
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B. Spatiotemporal Convolution

As shown in Fig. 3, instead of increasing the
computation circuitry spatially (i.e., by enlarging the
area), the design expands the computation along the
temporal axis through time-division processing, thereby
minimizing data movement while achieving high
parallelism. Furthermore, by adopting a four-Tile
architecture and introducing phase-shifted control in
which the computation start timing of each Tile is
staggered by one clock cycle, data hazards are physically
avoided and computational resources requiring four
clock cycles are utilized with high efficiency.

4Ctock E I‘ E o
stiack 8] [10n) o] [
s 1] e o] ][] o] e
1Clock | Ay By | |tz EETJ E E

Corat | [ coret | |cor2 |

Dzpagez | || | DSPasE2 pspagez | || | DSPasE2

Fig. 3 Multiplication (left) and addition (right) units
inside the Core.

C. Hierarchical Cache Architecture

As illustrated in Fig. 4, the cache architecture is
organized into four hierarchical levels L3, L2, L1, and
registers (REG) to promote the reuse of weights and
feature maps and thereby reduce the frequency of HBM
accesses. By integrating these spatial and temporal
optimizations into a unified pipeline and minimizing
control overhead, the system successfully maximizes
overall throughput without stalling the 600 MHz
computational performance.

| HBM ‘

l

| L3 Cache(Ultra RAM) |

]

| L2 Cache(Block RAM) |

]

| L1 Cache(LUT RAM) |

]

| REG Cache(Register) |

]

Unit

Core Core Core Core
0 1 2 3

Fig. 4 Hierarchical cache architecture.

IV. Implementation

The accelerator was designed at the RTL level, and
control was implemented using XRT. By overlapping
data loading from HBM to the L3 cache with
computation, data transfer and processing are executed
in parallel. The architecture was optimized to maximize
overall system throughput, achieving stable operation at
600 MHz even under worst-case conditions.
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V. Evaluation

Performance measurements were conducted in the
established evaluation environment (Table.1). With 120
blocks operating in parallel, high throughput was
confirmed not only in theoretical performance but also in
measured values. As shown in the table, this architecture
achieved an effective performance improvement of
approximately 15.5 times compared to a high-end GPU.
While existing GPUs waste about 99% of their
processing time on data movement and preprocessing
(such as im2col), this result is due to our design
completely hiding this overhead through a hierarchical
cache structure and spatiotemporal parallelization.
Through this logic-free data flow, we have demonstrated
the true nature of computational efficiency in the post-
GPU era.

Table.1 Inference Time Comparison (input: Full HD).

Device Processing time [s] | im2col [s]
Our Accelerator 0.0924 -

EPYC 9755 (16-core) | 0.2313 1.3472
RTX PRO 6000 0.0136 1.4361

VI. Conclusion

We have designed a high-frequency, matrix-arithmetic-
specific FPGA accelerator and applied it to GAN
inference. We demonstrated high-throughput and high-
efficiency inference processing through an SLR-based
large-scale parallel structure, speculative carry
propagation,  spatiotemporal  parallelization, and
hierarchical cache architecture.

As future work, we plan to fully implement the
variable-precision architecture, particularly extending it
from the adder to the multiplier to enhance
computational flexibility. In addition, we will further
develop the spatiotemporal design concept toward a
more dataflow-adaptive architecture that fundamentally
minimizes data movement.
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