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Abstract—The Animation-based Generative Codec (AGC) is
an emerging paradigm for talking-face video compression. How-
ever, deploying its intricate decoder on resource and power-
constrained edge devices presents challenges due to numerous
parameters, the inflexibility to adapt to dynamically evolving
algorithms, and the high power consumption induced by ex-
tensive computations and data transmission. This paper for
the first time proposes a novel field programmable gate arrays
(FPGAs)-oriented AGC deployment scheme for edge-computing
video services. Initially, we analyze the AGC algorithm and
employ network compression methods including post-training
static quantization and layer fusion techniques. Subsequently,
we design an overlapped accelerator utilizing the co-processor
paradigm to perform computations through software-hardware
co-design. The hardware processing unit comprises engines such
as convolution, grid sampling, upsample, etc. Parallelization
optimization strategies like double-buffered pipelines and loop
unrolling are employed to fully exploit the resources of FPGA. Ul-
timately, we establish an AGC FPGA prototype on the PYNQ-Z1
platform using the proposed scheme, achieving 24.9x and 4.1x
higher energy efficiency against commercial Central Processing
Unit (CPU) and Graphic Processing Unit (GPU), respectively.
Specifically, only 11.7 microjoules (1.J) are required for one pixel
reconstructed by this FPGA system.

Index Terms—Animation-based generative codec, talking-face
video compression, FPGA-based accelerator, convolution, edge-
computing.

I. INTRODUCTION

N recent years, there has been a significant increase in

the demand for video conferencing and video calls. These
videos share a common characteristic where the background
remains generally static, requiring focused attention on the
speaking individual’s facial features. This characteristic em-
bodies strong statistical patterns, leading to the emergence of
numerous deep learning-based studies aiming to surpass the
compression capabilities of traditional video codecs. Many
neural video/image compression methods employ Convolu-
tional Neural Network (CNN) based auto-encoders, whose R-
D performance has surpassed that of traditional codecs to some
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extent [1]-[6]. Recently, animation-based generative models
have also been applied to talking-face video compression,
called AGC (Animation-based Generative Codec), leveraging
their powerful generative capabilities to significantly reduce
bitrate and enhance decoding quality, achieving excellent per-
formance in ultra-low bitrate scenarios [[7]—[[10]. These models,
based on prior knowledge, encapsulate face videos into highly
compressed elements such as landmarks, keypoints, com-
pressed features, etc., to represent the evolving information of
video frames over time. After transmission, these compressed
representations can generate complete videos based on a few
source frames, a process referred to as image animation.

However, existing learned codecs including AGC primarily
emphasize compact representations and the reconstruction
ability of generative networks, resulting in complex decoding
processes. For example, the decoding time of a learned codec,
DVC [11], is 37.3x higher than that of X265 (an open-
source software for standard video codec) [12]] [13]]. The
learned decoder demands substantial computational resources
and energy consumption, thus being constrained to high-
performance CPU or GPU platforms, which is absent in edge
devices. Edge deployment of AGC decoders needs to solve
the following challenges:

« Extensive number of parameters. Most edge devices
suffer from heavy computation and memory overheads.
Taking the decoder of [9]] as an example, it has 45M pa-
rameters (i.e., 175 MB in FP32), requiring about 26.72G
FLOPS to reconstruct a single frame.

o Inflexibility for high-speed evolution model. The ex-
peditious innovation of algorithms imposes demands on
the generality of general-purpose accelerators and the re-
configurability of dedicated accelerators. Faster and low-
investment prototyping is particularly needed in research
and development environments where quick iteration and
experimentation are essential.

o Limited energy consumption. Power efficiency is crit-
ical for edge devices and other power-limited scenarios
when massive data needs to be transmitted and processed
locally within battery life [14].

Recently, model compression techniques (e.g., quantization
[15], pruning [15]-[17], deep compression [15], etc.) are
commonly applied to minimize the number of operations
and the memory storage, but it is crucial to compensate the
introduced quality loss. As the most widely used accelerators,
GPUs process a large image batch in parallel efficiently at
high power consumption [18]], which is challenging for video
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stream processing on edge devices or embedded systems.
Additionally, previous works have targeted application-specific
integrated circuits (ASICs) and FPGAs. ASIC achieves opti-
mal performance and energy efficiency through algorithmic
fixation and highly customized design, leading to a long de-
velopment cycle, expensive investment, and high technical risk
[19]-[21]l. As an alternative, FPGA-based accelerators lower
the developing hurdles which provide acceptable through-
put at a reasonable price with low power consumption and
reconfigurability [22]]-[27]. Moreover, High-Level Synthesis
(HLS) provides a more efficient and productive way to develop
FPGA-based accelerators by allowing designers to describe the
design at a higher level of abstraction [28]-[30]. Numerous
instances exist wherein CNNs are mapped onto FPGAs to
attain accelerated inference [31]-[36]. Nevertheless, our in-
vestigation indicates that prevailing acceleration methodolo-
gies predominantly address models tailored for applications
such as image classification [22], [37], [38], object detection
1371, [39]-[142], etc. The distinctive nature of AGC decoders
poses challenges in direct mapping to conventional accelerator
frameworks.

This paper proposes a hardware-software co-design for
AGC decoding based on FPGA using HLS. The deployment
flow presents an agile and scalable solution for FPGA-based
AGC decoders. Models can be compressed using layer fusion
and quantization strategies. The co-processing system involves
the preliminary establishment of a sparse motion field between
two frames based on received key points at first. Subsequently,
the reconstruction of the complete video is achieved through
the acceleration of the dense motion network and deep genera-
tive networks using FPGA. Ultimately, we establish an FPGA
prototype for the AGC decoder. The main contributions are
summarized as follows:

o We undertake a thorough investigation of the AGC algo-
rithm, offering a comprehensive discussion on the novel
challenge of its implementation on edge devices. Our
analysis provides valuable insights for advancing the
future application of high-quality video compression at
ultra-low bitrates on edge devices.

e« We propose the first prototype system for the AGC
decoder deployed on an energy-efficient and configurable
edge platform. Layer fusion and post-training static quan-
tization strategies are adopted to perform lightweight
optimization of the AGC model, obtaining a 0.25x lighter
model. A novel accelerator system is well developed
wherein the AGC decoding is implemented on an FPGA
platform utilizing the software-hardware co-design.

o The extensive experimental results indicate that the pro-
posed system achieves higher reconstruction visual qual-
ity than traditional codecs at lower than 5 kbps bitrate and
attains 24.9x and 4.1 x better energy efficiency compared
to CPU and GPU respectively. Only 11.7 microjoules (1))
are required for one pixel reconstructed by this FPGA
system. We indeed take a practical step forward towards
demonstrating potentials for edge-computing AGC.

The remainder of the paper is organized as follows. In Sec-
tion|lIl we conducted a review of relevant works from two per-

spectives: video codec algorithms and hardware acceleration
of image/video codecs. Section details the AGC pipeline
with model compression strategies. Section describes the
prototype system of the AGC decoder. Section shows
the various experiment results and system demonstration. We
conclude the work in Section

II. RELATED WORKS

In this section, we provide a comprehensive literature re-
view on the related progress of video compression, which is
organized as hybrid video compression, end-to-end video com-
pression, and animation-based generative codec. Additionally,
we classified existing FPGA-based CNN accelerators and pre-
sented several achievements related to generative image/video
codecs.

A. Progress of Video Compression

Hybrid Video Compression. Cutting-edge video coding
standards employ a hybrid framework that consists of predic-
tion, transformation, quantization, and entropy coding. Ver-
satile Video Coding (VVC) [43]], issued by the Joint Video
Experts Team (JVET) of the ITU-T Video Coding Experts
Group (VCEG) and the ISO/IEC Moving Picture Experts
Group (MPEG) in 2020, serves as one of the state-of-the-art
video coding standards, significantly improving compression
performance of 50% upon the predecessors HEVC [44]. The
Alliance for Open Media consortium finalized AV1 [45] in
2018, which achieves about a 30% reduction in bit rate
compared with its predecessors VP9 [46] for the same quality.
To fulfill the great demand for Ultra-High Definition (UHD)
content, the Audio Video Standard (AVS) in China finalized
the first phase of AVS3 [47] in 2019, which outperforms
AVS2 [48] on bit rate reduction by about 24%. Recently, a
few works have explored the possibility of adopting deep-
learning strategies to optimize the compression performance
of hybrid video compression by either replacing [49]-[51] or
optimizing [49]], [52]-[55] coding tools.

End-to-End Video Compression. Most of the recent
end-to-end learning-based image/video compression algo-
rithms [[1]-[6]], [S6]-[S8] target to optimize the compression
framework based on auto-encoder networks or diffusion mod-
els. The first end-to-end image compression framework [1] is
proposed by Ballé and its successors [2]], [6] exploit Variational
Auto-Encoding (VAE) [59] with hierarchical priors to achieve
superior compression performance than traditional image com-
pression standards such as JPEG [60], JPEG2000 [61]], and
BPG [62]. As for learning-based video compression, Lu et
al. [[11] proposed the first end-to-end deep video compression
(DVC) framework by implementing all modules of typical
video compression with deep neural networks. Hu et al. [|63]]
proposed a feature-space video compression (FVC) model by
performing major operations in feature space. Additionally,
Liu et al. [64] also extended to predict and reconstruct videos
from the latent vector space through a deep neural network
(DNN).

Animation-based Video Compression. With the rapid
development of deep generative models such as Generative



Adversarial Network (GAN) [65] and VAE, numerous genera-
tive compression models based on image animation [[66] have
emerged. Incorporating the merit of animation, these video
compression models can achieve low-bitrate compression by
transmitting only the compressed source image and keypoints
to reconstruct the whole video through a dense motion es-
timation network. DAC [9], as one of the first generative
models exploring animation-based compression, animate the
ROI regions of videos with a very low bitrate as well as
realistic perceptual quality. Based on DAC [9], the latter
HDAC [67]] and RDAC [68] enhance the reconstructed quality
by incorporating frames compressed by HEVC and resid-
ual frames compressed by learning-based codec, respectively.
Chen et al. [69]], [70] model temporal trajectories by compact
feature representation instead of key points, and facilitate the
synthesis based on a sparse-to-dense estimation strategy. Wang
et al. [[71] perform principal component analysis on key points
to further explore the potential of motion representations.
Instead of key points, Feng et al. [10] and Oquab et al. [§]]
extract facial landmarks to depict the structure information of
face videos, while Wang et al. [7]] extend to 3D canonical key
points and head pose. Considering inaccurate reconstruction
due to the single reference frame, several works [[72[]-[75]] have
been done to leverage multiple reference frames to estimate
more comprehensive motion maps.

B. FPGA-based CNN Accelerators

Existing FPGA-based methods for network acceleration
can be categorized into two architectures: overlapping and
streaming. The fundamental concept of the overlapping archi-
tecture involves designing a reusable, large-scale processing
engine instantiated in hardware, with hardware control and
data scheduling executed by driver programs running on
the CPU [31], [32], [76], [[77]. By properly partitioning the
network, the processing engine is invoked multiple times to
perform various acceleration tasks. This architecture can adapt
flexibly to dynamic models, requiring only modifications to
the upper-level driver program without the need for hardware
reconfiguration. However, excessive generality may lead to
suboptimal acceleration effects, as it fails to fully leverage
all computational and bandwidth resources on the hardware
platform, resulting in non-linear relationships between accel-
eration performance and different workloads.

In contrast, the streaming architecture entails designing
dedicated hardware modules for each segment of the model,
conducting the entire model computation in hardware [33]-
[36]. Through the utilization of pipeline parallelism to enhance
throughput by concurrently processing multiple input sets, this
architecture allows for specialized optimization of components
based on the characteristics of each computation part, thereby
achieving optimal acceleration effects. Nevertheless, due to its
lack of generality, hardware reconfiguration is required when
the model changes to match different computational tasks. In
addition, there exist some more distinctive architectures, such
as Neurosynaptic processors [/78]].

Numerous studies have already concentrated on the hard-
ware implementation of conventional video codecs, with ac-
celeration targets spanning from H.263 [79]] to H.264 [80],

HEVC [81]], [82], and VVC [83]-[86]]. However, there exists
a paucity of investigations about the hardware acceleration
of neural network-based video codecs. FPX-NIC [76] stands
as the pioneering and exclusive hardware-driven neural video
codec architecture designed to facilitate 4K UHD all-intra
video coding. It introduces an innovative fully CNN-based
auto-encoder in an end-to-end manner, together with a two-
stage optimization approach aimed at mitigating the train-
test gap through hard quantization. Execution of FPX-NIC
is implemented on FPGA devices, manifesting proficient 4K
UHD codec capabilities with limited resource utilization.
However, due to its intra-frame coding strategy, the inter-
frame redundancy characteristics of the videos have not been
exploited, leaving the potential for bitrate compression.

Expanding the relevant literature to the domain of image
codecs and even virtual image codecs reveals the existence
of alternative hardware-based solutions. Shao et al. [77] pro-
pose an FPGA-based processor suitable for deep learning
image compression [1]] to accelerate operations using distinct
processing units for layers such as the generalized divisive
normalization and upsampling to suit picture encoding and de-
coding needs. Using the Xilinx Zynq ZCU104 as the hardware
implementation platform, the processor throughput reaches
283.4 GOPS at 200 MHz. VR telepresence is a recently devel-
oped technology that can reproduce authentic human presence
including real-time expressions in VR environments to reform
remote communication. F-CAD [87] is the first automation
tool that supports the whole design flow of hardware accelera-
tion of codec avatar decoders for resource-constrained devices,
allowing joint optimization on decoder designs in popular
machine learning frameworks and corresponding customized
accelerator design with cycle-accurate evaluation. It delivered
the highest throughput and efficiency, peaking at 122.1 FPS
and 91.6%.

III. HARDWARE-ORIENTED AGC MODEL

In this section, we present a typical AGC scheme, depicted
in Fig[I[a). Specifically, the entire codec consists of an en-
coder with the capability of extracting crucial information and
a decoder that employs animation strategies and possesses
robust generative capabilities. To map this model onto a
hardware platform, we implement hardware-oriented model
compression, including post-training static quantization and
layer fusion, aiming to alleviate the workload without unduly
compromising reconstruction capabilities.

A. AGC Scheme

1) Encoder: The task of the encoder segment is to achieve
ultralow bitrate encoding of videos. Our method can be
summarized as compressing selected source frames along with
motion-related information extracted from video sequences.
The segment consists of the following three components:

Source frame encoding. We set the group of pictures
(GOP) size to the fixed value of 32 for simplicity. The first
frame of each GOP is selected as a source frame, based
on which the consecutive frames are reconstructed by the
motion estimation and frame generation. Hence the image
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Fig. 1. The AGC model and decoding system on FPGA platform. (a) is the AGC pipeline. The source frame Fj and extracted keypoints of frames F} are
encoded by BPG and entropy coding, respectively. The decoder estimates the sparse motion between Fy and F} first. Then the dense motion is predicted by
a neural network and F} is reconstructed by a network finally. (b) is the high-level diagram of the FPGA system on which the decoder is deployed. PS and

PL serve as preprocessor and neural network accelerator, respectively.

encoder is necessary to accurately compress the first frame.
Following [9], [67]], we compressed the first frame with the
BPG image codec [[62] under the given Quantization Parameter
(QP), which manifests one of the widely used image compres-
sion standards.

Keypoint extraction. We utilize keypoints extracted with
the method [88] to represent the motion information of each
frame. Keypoints are predicted with a U-net [89] architecture
neural network in a self-supervised fashion. In the last layer
of the decoder, one heatmap is generated as a detection
confidence map for each keypoint. Each keypoint coordinate
is estimated using average operation. With proper methods for
training, the keypoints extracted by the network are semanti-
cally consistent in most cases, which enables image animation
based on keypoint trajectories.

Bitstream generating. Each keypoint is stored as a 2-
dimension vector with FP16 precision and compressed using
Entropy Coding (EC) methods. The coded information and
compressed source images form the bitstream which is sent to
the decoder together.

2) Decoder: The main task of our decoder segment is to
reconstruct frames from the input bitstream. To reconstruct
the #*" non-intra driving frame of the current GOP (denoted
as F}), we need to utilize the decoded source frame Fj
and 2-dimension keypoints K;, K, extracted from the two
frames. The decoder segment consists of the following four
components:

Bitstream parsing. The source frames and keypoints are
parsed from the bitstream before further processing.

Sparse motion estimation. To reconstruct F; (non-intra
driving frame) from Fj (source frame), a precise backward
optical flow map Trocre should be computed. Since the
motion patterns in TF0<_ ¢ are aligned with F} rather than
Fy, leading to a misalignment issue, the optical map cannot
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Fig. 2. The detailed architecture of Dense Motion Network and frame
generation. Here, we take the example of an input frame resolution of
256x256 and a keypoint count of 10. The background color here corresponds
one-to-one with the modules’ color in Fig[Tfa).

be directly computed. Instead, we conduct a preliminary
estimation of the backward optical flow (denoted as T'ro« ¢,
comprising K flow maps) :

+ Ko(k)-Ki(k),

TF0<—Ft (Z

k)
k=

=2z
1.2, (D
where Ko(k), K;(k) respectively denotes k‘" keypoint coor-
dinates of the driving frame K and driving frame K, while z
denotes arbitrary pixel in the driving frame. For each keypoint,
we apply the equation to warp the source frame and obtain a
deformed frame roughly depicting motion in the neighborhood
of the keypoint. Additionally, K heatmaps roughly indicating
where each warping transformation happens are computed in



the following manner:

Hk(Z) = exp(w) — exp(w)’

v 2
k=12,... K. @

The source frame Fp, the K transformed frames Fol,FOQ,. .
FOK and heatmaps Hy,Hs,... ,H are used as input of the next
module.

Optical flow alignment and occlusion map generation
by Dense Motion Network. Frames generated from the last
module are concatenated and processed by a U-net, as shown
in Fig[2] Two parallel convolutional layers (with softmax
activation) are introduced following the output layer of U-
net. The first one is utilized for generating K + 1 masks
Ap, Ay, ..., Ak to indicate where each warping transforma-
tion holds. We conduct the following computation to obtain
the precise backward optical flow Tpm_ Pt

K
Trocri(2) = Ao(2)2 + Z Ai(2)Troeri(z,0)  (3)
i—1

The second convolutional layer is utilized for computing an
occlusion map OF0<_ rt. The occlusion map indicates which
parts of the driving image can be reconstructed by warping
the source image and where should be inpainted.

Frame generation. As shown in Figl2] the module
comprises a convolutional network Generator to restore
a non-intra driving frame F}; with corresponding source
frame F{,, backward optical flow TFm_Ft and occlusion
map OAF()eFt. The input frame first goes through two
downsampling blocks, after which we obtain a feature
map U. U is warped with Tpm_ r¢. Hadamard product of
the deformed feature map U’ and OAF0<_ F¢ 18 computed
consequently and sent to the decoder part of Generator.
Finally, a high-quality reconstructed frame is generated at the
end of the decoder.

3) Training Method: The codec pipeline is trained on a
large training set of videos depicting talking faces. Recon-
struction perceptual loss proposed in [90]] is selected for
optimization, which allows the keypoint predictor network to
extract keypoints that enable our codec to precisely reconstruct
each frame. An equivariance loss is utilized to enforce the
keypoint extraction network to be equivariant to random
geometric transformations [88]], which significantly improves
the stability of keypoint extraction. A GAN loss proposed
in [91] is implemented at the end of our codec pipeline to
enhance reconstruction quality.

B. Model Compression

Deploying CNN models on resource-constrained embed-
ded or edge devices necessitates lightweight optimizations to
conserve space and reduce computational overhead. Quantiza-
tion and operator fusion are essential measures. When CNN
computations encounter memory bottlenecks, redundant and
inefficient computational resources become a critical concern,
making data movement a pivotal issue for performance opti-
mization.

1) Layer Fusion: The BatchNorm layer is commonplace
following the convolution layer as it often reduces training
time and enhances generalization. It normalizes intermediate
tensors, ensuring zero mean and unit variance per channel, as
expressed by the following,

~ xr — :u’ + ﬂ
T=7— .

7 Vo?+e
w and o2 are the mean and variance of a batch, and ¢ is a small

constant to avoid zero division. Convolutions can be simplified
as,

“4)

y =wz + b. (®)]

Convolution layer and BatcnNorm layer can be merged into a
new convolution-like pattern by calculating [92]], [93]:

J=w'z+b, (6a)
’ Y
= — 6b
w \/027—&-611)’ (6b)
y=2020 g (60)

Vo?+e
As a result, with appropriate rescaling and bias-shifting, the
new Conv+BatchNorm layer reduces the frequency of data
transfers and saves space for intermediate data, remaining
functionally equivalent to the original two layers at the same
time.

2) Quantization: Quantization is a powerful tool for per-
forming both computations and memory accesses with lower
precision data, which enables a significant reduction in model
size, memory width, and inference time. A floating point
model can be quantized to IV,,-bit precision after two quantizer
parameters are derived, the scale Z and the zero-point Z. The
mapping between the floating point values and the integer
values is simplified as follows:

wy = round(%) + 7, (7
waq = S(wg — Z). (8)

where w, is quantized interger weight, wy is floating point
weight, and wy, is the weight after inverse quantization. In
our framework, the GPU-trained AGC model with floating
point 32 precision is quantized into an int 8-bit model without
fraction bits. A per-channel quantization technique is adopted
to maintain higher accuracy wherein weights of each output
channel in a convolution layer or linear layer are independently
quantized.

The typical dynamic quantization involves mapping weights
into int§ representation, and dynamically converting acti-
vations to int8 on the fly before performing computation
between weights and activations. However, these activations
are read and written to the memory in the format of floating
point, resulting in the improvement room of latency. Hence,
we conduct Post-Training Static Quantization (PTSQ) in our
framework to enable both integer computation and integer
memory accesses. In static quantization, the calibration dataset
is required to feed into the network for recording and comput-
ing the data distributions of different activations, which is done
by observer modules that are inserted in the network ahead of
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time. These distributions are used to derive specific quantizer
parameters for different activations at inference time. Hence
quantized integer values can be consistently passed between
operations without repetitive mapping between floats and ints,
bringing about a remarkable speed-up compared to dynamic
quantization.

IV. ACCELERATOR SYSTEM

In this section, a novel accelerator system in which the
AGC decoding is implemented on an FPGA platform using
software-hardware co-design. In particular, a universal devel-
opment flow is proposed to establish connectivity between the
trained model and the deployment platform. Considering the
general purpose and flexibility, the FPGA system has been
meticulously designed as an overlapping accelerator architec-
ture. Constrained by the computational and storage resources
of the FPGA, various optimizations have been applied to
enhance the performance of the accelerator.

A. Development Flow

Fig[3| delineates the overall deployment workflow of AGC
decoding onto the FPGA board. Initially, a rigorous analysis of
the original codec methodology is conducted, delineating the
entire process into two distinct components to be implemented
in the Processing System (PS) and Programmable Logic (PL)
domains, as indicated by the vertical dashed line in Fig[l] The
PS is conducive to the execution of flexible functionalities
requiring frequent development and maintenance, whereas the
PL is suitable for handling complex computational tasks.
Additionally, considering the finite resources of the FPGA,
tasks with lower workloads tend to be delegated to the PS for
execution, thereby freeing up computational resources, storage
space, and bandwidth of PL for more intricate hardware tasks.
In AGC applications, the PS domain encompasses data pre-
processing tasks, including entropy decoding, BPG decoding,
and sparse motion estimation, while the PL. domain accom-
modates dense computations (as shown in Fig[2) amenable to
acceleration by specialized engines.

Subsequently, a post-training static quantization process is
applied to the computations designated for the PL domain,
resulting in the derivation of compressed weight and bias.

The data are subsequently exported and stored in the off-
chip memory on the FPGA board. Furthermore, the operators
earmarked for acceleration in the PL domain undergo HLS
design, with C synthesis exporting them as Register Transfer
Level (RTL) representations of accelerator IP. Concurrently, a
driver program, authored in a high-level language (e.g. C++),
is requisite to control the activation of individual Processing
Engines (PEs) within the accelerator.

Ultimately, the compressed weight data, accelerator IP,
and driver program are individually deployed onto the off-
chip memory, programmable hardware resources, and ARM
processor within the FPGA-based System-on-Chip (SoC). The
deployment flow outlined above bridges the research gap be-
tween software-based AGCs and hardware-based accelerators
for them, offering a universal and adaptable FPGA deployment
process and a comprehensive array of selectable PEs for
prospective AGC algorithms.

B. High-level Diagram of FPGA System
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Fig. 4. SoC-level diagram. The SoC is divided into two distinct subsystems:
the Processing System (PS) and the Programmable Logic (PL).

Fig[T[b) presents a high-level schematic of the entire sys-
tem and FigH] shows a SoC-level diagram. Specifically, the
entire FPGA system comprises two main components: PS and
PL. The PS consists of numerous components, including the
Application Processing Unit (APU), comprising two ARM
Cortex-A9 processors, the Advanced Microcontroller Bus Ar-
chitecture (AMBA) interconnect, DDR3 memory controller,
and various peripheral controllers. The ARM CPU in the PS
serves as a preprocessor, utilizing a BPG decoding program
to decode source frames from the bitstream. Additionally,
it employs entropy decoding to extract keypoints for each
frame from the bitstream. The decoded information, including
the source frame and keypoints for both the current driving
frame and the source frame, enables the estimation of sparse
motion between the two frames. Considering data exchange
between the FPGA board and external platforms, the PS is
also responsible for read/write operations to portable memory
storage devices such as SD cards.

The Double Data Rate Synchronous Dynamic Random-
Access Memory (DDR) memory, as an off-chip storage re-
source, stores all the operational data, including sparse mo-
tion, the source frame, network weights, and network results.
Managed by the DDR controller in the PS, DDR acts as
an intermediary hub facilitating substantial data exchanges
between the PS and PL.



The PL constitutes a meticulously designed accelerator
IP, serving as a peripheral connected to the interconnect,
incorporating Block Random Access Memory (BRAM) as on-
chip caches and a Processing Unit (PU) consisting of multiple
Processing Engines (PEs). The BRAM stores partial data for
on-chip processing. Operators supported by PU is illustrated in
Fig[I(b). In addition to conventional CNN operators (such as
Conv2d, Activation, Pooling, etc.), indispensable specialized
operators for AGC decoding (including grid_sample, upsam-
pling, and Hadamard product) are also incorporated. Following
Vivado HLSH the PL IP is synthesized with interfaces using
the appropriate protocol (i.e., m_axi for a pointer to I/O data
and s_axilite for scalar passing) to communicate with the
external. Considering the substantial volume of input-output
feature maps (FM) and weight parameter data (W), as well
as the stringent latency requirements, high-performance AXI
interfaces (AXI HP Ports) are employed to connect with the
PS. Conversely, parameters such as kernel size, stride, and
presence of bias (bundled as CTRL) demand less bandwidth,
thus establishing connectivity with the PS through general-
purpose AXI interfaces (AXI GP Ports) suffices. A driver
program running in the PS enables modules and one of the
PEs within the PL according to the specified network structure,
achieved through manipulating functional registers of the PL.
Simultaneously, the operational status of the PL is relayed
back to the PS through status registers.

C. Tile-based Processing Dataflow

Due to constraints in on-chip memory, it is impractical to
cache all data in on-chip RAMs. Therefore, a strategy of tile-
wise computation is employed to partition the entire compu-
tational task. Taking the convolution operator as an example,
the data flow within the accelerator will be elucidated.
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Fig. 5. An example of off-on-off-chip tile-based convolution dataflow. Data
movement marked with “*” keeps happening when the output tile stores partial
sums. Data movement marked with “**” only happens when all the tiles along
channel_in dimension are computed.

The data flow within the convolution operator accelerator is
depicted in Fig. 5] Input feature maps, with shape H;,, X W, x
Ciin, and convolution kernels, with shape k x k x C;;, X Cout,

Thttps://docs.xilinx.com/r/en-US/ug1399-vitis-hls/Introduction
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Fig. 6. LOAD/STORE and computation overlap due to ping-pong buffers, so
as to hide data transmission delay.

are pre-stored in off-chip DDR. Initially, input tiles of size
T; x T; x T,, and kernels of size k x k x T,, x T,, are loaded
into on-chip buffers. Subsequently, convolution computations
are performed on the PE, yielding intermediate results of size
T, x T, xT,,, which are temporarily stored in the output buffer.
New input tiles and kernels are continuously loaded onto the
chip, where the PE conducts convolution operations on the
fresh input, accumulating the results with the intermediate
values stored in the output buffer. This process is iterated
Cin /T, times until the tile in the output buffer represents the
final accumulated result, which is then transmitted back to the
off-chip DDR. This entire process is repeated until all output
tiles are obtained, forming the complete output feature map of
size Hout X Wout X Oout-

Bias and activation are implemented within the process. In
the case of bias, initialization of the output buffer with bias
occurs before the beginning of computations for each output
tile. Consequently, when PE undertakes the first accumulation
of convolution operation results with the data in the output
buffer, the bias is naturally incorporated into the outcome.
If activation is needed, subsequent to the completion of
computations for each output tile, activation operations are
performed on each data before storage to DDR.

D. Design for Parallelism

To fully exploit the system’s acceleration capabilities, it is
essential to leverage all the resources provided by the FPGA
hardware platform, i.e., enabling the concurrent processing
of multiple tasks. Computation and communication represent
the two primary constraints for optimizing system through-
put, where the system may be either computation-bound or
memory-bound [23]].

System optimization. Pipelining a loop allows the opera-
tions of the loop to be implemented in a concurrent manner.
Fig[f] illustrates a pipeline processing architecture comprised
of dual buffering. This architecture facilitates the overlap of
computation and data transfer times, thereby reducing the total
time for the entire process to be determined by the longer of
the two sub-processings. Dual buffering is employed for both
input feature buffers and output feature buffers, as evident in
Fig[5] The total time for each output tile to obtain the final
result is determined by the longest duration among the load
times of all input tiles, convolution computations, and the store
time for that specific output tile.

Computation optimization. Loop unrolling is pivotal for
utilizing all available computational resources and maximizing
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CNN accelerators.

computation parallelism. Taking convolution PE as an exam-
ple, as illustrated in Fig[7] the loops of dimensions 7Tn and
Tm are unrolled, generating computation instances consisting
of Tm groups with Tn multiplications and adder trees. Each
input feature map needs to be broadcasted to all instances in
the Tm dimension, allowing simultaneous computation for 7n
input feature maps.

Communication optimization. Within the available storage
resources, it is paramount to maximize the on-chip buffer to
enhance data reusability, thereby reducing the frequency and
duration of data transfers.

E. AGC-specific PEs

The inclusion of operators such as upsampling, Hadamard
Product and grid sampling is indispensable in AGC, which
is not commonly observed in conventional CNN algorithms.
The implementations of upsampling and Hadamard Product
are relatively straightforward, requiring only adjustments to
the tile size to achieve a balance between speed and re-
source utilization. In contrast, grid sampling stands out as
the most representative specialized operator. Subsequently, its
implementation will be described using it as an example.lts
implementation process is illustrated in Fig[§]

The objective of lattice sampling is to distort the source im-
age into the target image based on a grid map describing affine
transformations. This grid has the same height and width as

the destination image and contains two channels representing
coordinate information in two dimensions. The semantic in-
formation in the image generally remains unchanged, allowing
human eyes to still recognize it, thereby achieving the function
of the "Warp” module in the AGC algorithm. Firstly, each
position of the grid map is traversed, and based on the biaxial
information recorded, a non-integer coordinate position (2
fraction bits within 8 bits) on the source image is mapped back.
After rounding down, the nearest integer coordinate position
(no fraction bits within 6 bits) to the upper-left position of the
point is obtained, while the difference between the non-integer
coordinates and the integer coordinates in the biaxial direction
is calculated through subtraction (2 fraction bits):

du=u—ug,dv=1v—1g ©)]

Secondly, each position of the destination image is traversed,
and the pixel value at that location is calculated using bilinear
interpolation, which considers the values of the four neighbor-
ing pixels on the source image:

dst(x,y) =(1 — du) x (1 — dv) x sre(ug, vo)
+(1 — du) x dv x src(ug,vo + 1)
+du x (1 — dv) x src(ug + 1,vg)
+du x dv x sre(ug + 1,v9 + 1)

Due to the relatively small dimensions of the images to be pro-
cessed (64x64) and a large number of channels (256), the tile
size is set to 1x64x64, representing a single complete channel
in the image. This choice simplifies the design while ensuring
that on-chip storage space is not exceeded. Loop unrolling is
performed along the tile dimension, where multiple tiles utilize
the same buffer containing mapped source image coordinate
information, facilitating simultaneous sampling calculations
and accelerating the overall process.

(10)

V. EXPERIMENTS

We conducted comprehensive experiments to validate the
effectiveness of the hardware-oriented AGC decoding and its
prototype system based on FPGA. Section [V-A] showcases
the dataset and experimental settings. Section presents
the comparison of compression performance among standard
codecs including HEVC and VVCEL and AGC models includ-
ing the float AGC (refer to [[lI-A) and the integer AGC (refer
to[[II-B). Section [V-C|demonstrates the implementation details
and system-level features of the FPGA prototype.

A. Experiment Setup

1) Datasets: Following [9]], two datasets are employed for
training and testing. The VoxCeleb dataset [94] contains face
videos extracted from YouTube. Following the pre-processing
of [66]], original videos are filtered, cropped, and resized into
12331 training videos and 444 test videos with a resolution of
256 %256 and with lengths less than 1024 frames. The Xiph.org
datasetﬂ includes 16 sequences of talking faces. Similar pre-
processing is utilized on them and the results videos are used
for test only.

2We use the HEVC reference software FFmpeg x265-medium and VVC
reference software VIM-10.0 in our evaluation.
3https://media.xiph.org/video/derf/
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Fig. 9. R-D curves of traditional codecs (HEVC and VVC) and the AGC models (float AGC and integer AGC), utilizing (a) PSNR, (b) MS-SSIM, and (c)
LPIPS as quality evaluation metrics. The bitrate of compressed videos is calculated as kilobits per second (kbps). PSNR and MS-SSIM are calculated in YUV

color space while LPIPS is calculated in RGB color space.

2) Quality Metrics: To evaluate the objective reconstruction
performance, PSNR (Peak Signal-to-Noise Ratio), MS-SSIM
(Multi-Scale Structural Similarity) [95]] and LPIPS (Learned
Perceptual Image Patch Similarity) [96] is adopted. PSNR is
a traditional and widely-used metric focusing on pixel-wise
fidelity. It quantifies the difference between the original and
compressed versions by comparing their peak signal power to
the power of the noise introduced during image processing.
MS-SSIM [95]] assesses the perceptual similarity between two
images. It evaluates the luminance, contrast, and structural
information at multiple scales, taking into account the human
visual system’s (HVS) characteristics. LPIPS [96]] compares
feature representations extracted from different layers of a
pre-trained neural network. It measures the similarity of deep
semantic features to better align with human perceptual judg-
ments, which is often preferred in video talking scenarios
where perceptual quality is a crucial consideration.

3) Hardware Platform Configuration: To valid the effec-
tiveness of the proposed deployment flow and system, we
targeted PYNQ-ZIEL a Zynq deployment board equipped with
a ZYNQ XC7Z020-1CLG400C chip, comprising 650MHz
ARM®Cortex®-A9 dual-core processor and programmable
logics. 512MB DDR3 with 16-bit bus @ 1050Mbps is used
as off-chip storage, equipped with a MicroSD slot and UART
interface. The development environment is Vitis HLS 2020.1
for PL, Vivado 2020.1 for hardware platform design, and Vitis
Unified IDE 2020.1 for software platform. For comparison,
commercial CPU and GPU are chosen as target devices for
deployment. Here we used Intel®Xeon CPU E5-2620 v4 and
Nvidia Titan RTX.

B. Comparison of Compression Performance

The Rate-Distortion (R-D) curves depicted in Fig[9] compare
high-performance traditional codecs (HEVC and VVC) with
the float AGC and integer AGC. Since AGC incorporates the
merit of image animation and tends to compress videos at
lower bitrates, we assigned larger QPs for HEVC and VVC
to facilitate comparable low-bitrate comparisons among these

“https://digilent.com/reference/programmable-logic/pynq-z 1 /reference-
manual

three compression frameworks. Specifically, we set the QPs of
HEVC and VVC as (40,45,48,51) and set the QPs of source
frames in our AGC models as (25,30,35,40).

Fig[| (a), (b), and (c) utilize PSNR, MS-SSIM, and LPIPS
as quality evaluation metrics, respectively. The arrows in
the legend of the Y-axis represent the trend of numerical
transformations of quality metrics corresponding to better
reconstruction quality of compressed videos. For example, a
downward arrow for LPIPS indicates that lower LPIPS values
represent better reconstruction quality. Note that while PSNR
calculates the pixel-level distortion and MS-SSIM compares
the structural similarity, the calculation of both is based on
pixel values. As for LPIPS, on the other hand, its use of deep
learning models trained on large-scale image datasets to mimic
human perception allows it to capture complex perceptual
differences that traditional metrics may overlook. As a result,
LPIPS often provides more reliable and consistent assessments
of image similarity and quality. The curves illustrate that, in
comparison to conventional codecs, the AGC models exhibit
superior reconstruction MS-SSIM and LPIPS at ultra-low
bitrates (lower than 5 kbps). However, AGC exhibits a slightly
inferior performance in terms of PSNR. In other words, the
perceptual quality superiority of AGC comes at the cost of
a reduction in fidelity, aligning with the well-known rate-
distortion-perception theory [97]-[99], which is a common
limitation in generative models. It is worth noting that the
integer AGC has a negligible performance gap against the
float counterpart, especially for LPIPS focusing on perceptual
quality.

Table [[] presents the degradation in reconstruction quality
introduced by quantization at QP=30 and QP=40 for source
frames. The data in the table indicates that quantization
unavoidably introduces a decline in all three metrics, albeit by
a mere -1.66dB, -0.077, and +0.008 for PSNR, MS-SSIM, and
LPIPS, respectively for average at two QPs. This level of qual-
ity loss is deemed acceptable for edge devices in low-power
scenarios. Furthermore, in scenarios where the AGC performs
optimally at ultra-low bit rates, users exhibit tolerance towards
minor losses in video quality. Since the quantization process
is exclusive to the decoder, it is imperative to note that the
bitrate, as determined by the encoding end, remains constant
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TABLE I
QUALITY DECLINE CAUSED BY QUANTIFICATION. THE BITRATES, PSNR, MS-SSIM, AND LPIPS WERE COMPARED FOR THE MODEL BEFORE
QUANTIZATION AND AFTER POST-TRAINING STATIC QUANTIZATION UNDER TWO DIFFERENT QPS.

Source QP=30 Source QP=40
kbps [ PSNR (dB)T | MS-SSIMT [ LPIPS] | kbps | PSNR (dB)T | MS-SSIMT | LPIPS]
Float-point Baseline | 2.958 26.477 0.894 0.066 1.306 26.099 0.886 0.099
After Calibration 2.958 24717 0.868 0.077 1.306 24.533 0.835 0.104
HEVC vvC Float AGC Integer AGC

Ground truth

3.39 kbps

2.85 kbps

2.47 kbps

2.47 Kbps

Fig. 10. Qualitative results of evaluated compression frameworks including HEVC, VVC, animation-based generative codec before post-training static
quantization (AGC before PTSQ), and animation-based generative codec before post-training static quantization (AGC after PTSQ), from left to right
respectively. Bitrates measured by kilobits per second (kbps) of each compressed video are shown at the bottom.

TABLE 11
MODULE-WISE FPGA RESOURCE UTILIZATION

Module LUT LUTRAM FF BRAM DSP
Convolution | 12842 (30.00%) | 2100 (35.46%) | 18000 (40.65%) 90 (70.00%) 148 (70.48%)

Pooling 2140 (5.00%) 350 (5.91%) 2100 (4.74%) 6 (4.67%) 12 (5.71%)
AXI related | 12842 (30.00%) | 1480 (25.00%) | 13285 (30.00%) 16 (12.40%) 0 (0.00%)

Others 15000 (35.00%) | 1992 (33.63%) | 11000 (24.85%) 16 (12.40%) 50 (23.81%)

Overall 42806 (80.46%) | 5922 (34.03%) | 44284 (41.62%) | 129 (52.14%) | 210 (95.45%)

and undergoes no variation.

In addition to the RD curves, sampled frames of the recon-
struction results for three test videos are presented for both
traditional codecs and AGC models. As illustrated in Fig.
at ultra-low bitrates (below 5 kbps), the videos reconstructed
by AGC models exhibit superior visual quality compared to
the reconstruction outputs of HEVC and VVC. The contours
of facial features are more distinct and smooth in AGC-
reconstructed videos, while traditional codec-reconstructed
videos at this bitrate display evident artifacts such as blurring
and block effects. Furthermore, the videos reconstructed by the
integer AGC show a minimal perceptual difference compared
to the counterparts reconstructed by the float AGC, with subtle
granularity discernible upon close examination.

TABLE III
RESOURCE UTILIZATION OF THE FPGA SYSTEM
Resource DSP BRAM(KB) FF LUTRAM LUT
Utilization 210 328.48 44284 5922 42806
Utilization (%) | 95.45 52.14 41.62 34.03 80.46

C. FPGA Prototype

Fig[TT] shows a picture of the proposed prototype, which
could be regarded as a special instance of deep generative
codec accelerated by FPGA-based heterogeneous computing.
The prototype consists of the FPGA system, video display,
MicroSD card with a card reader, and a host for launching
the driver program in PS (not depicted in the illustration).
The PS-PL-based system for the deep generative codec is
deployed in the FPGA platform. The PS UART control can be
connected to the appropriate MIO pins to control the MicroSD
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Fig. 11. The picture of the proposed prototype. In addition to the FPGA
board, a MicroSD card and a card reader have been employed as the data
transmission pathway between the FPGA system and the display device.
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Fig. 12. The place-and-routed result and resource utilization.

port. MicroSD has been employed as the data transmission
pathway between the FPGA system and the display device, and
consideration may be given in the future to the substitution of
more efficient methodologies. Furthermore, the transmission
of bitstreams and weights for the network to the FPGA is also
facilitated through the utilization of MicroSD.

The resource utilization in the FPGA device are shown
in Table The prototype system has consumed 42 806
Slice LUTs and 44 284 Slice Registers(e.g. Flip-Flops (FFs)
in FPGA) that correspond to 80% of total Slice LUTs and
42% of total Slice Registers. Furthermore, 328 KB on-chip
memory(e.g. BRAM in FPGA) has been used. Besides, the
system has almost fully used 220 DSP blocks in the FPGA
device. From Fig[T2] it can be observed that convolutional
operations consume a significant portion of DSP resources,
along with a portion of logic and storage resources. This is
attributed to the fact that convolutional operations constitute
a fundamental component of AGC tasks, and the large size
and frequent occurrences of these operations ensure the potent
generative capabilities of AGC, making them the most time-

TABLE IV
PERFORMANCE COMPARISON BETWEEN CPU, GPU, AND FPGA
PLATFORMS, WITH THE VIDEO RESOLUTION OF 256X 256

Platform Jetson Xavier NX PYNQ-Z1
CPU GPU XC7Z020
Precision FP32 FpP32 Mix(INT8+FP32)
Throughput (FPS) (1) 0.12 2.21 2.38
Power (W) ({) 6.7 10.1 1.83
Energy Efficiency (Frame/J) (1) | 0.052 0.321 1.30

! Throughput/power (Frame/J).

consuming tasks requiring a substantial allocation of com-
putational resources. Additionally, the AXI bus, serving as
the protocol for data exchange between the PS and PL, also
occupies a considerable amount of resources. Furthermore,
there is a substantial amount of unused Slices and BRAMs
on the FPGA, providing optimization potential for further
performance enhancement in our system.

The system-level features of the system are shown in Table
m The system, running in XC7Z020 at 100 MHz, decodes a
256x256 video with a throughput of 2.38 frames per section
(FPS). To validate the efficiency of the proposed system, the
AGC decoder without model compression is implemented on
Intel®Xeon®CPU and Nvidia Titan RTX GPU. It should be
noted that the table exclusively enumerates the task charac-
teristics on the PL side. This is due to the fact that tasks on
the PS side are uniformly executed on the CPU across all
platforms and, as such, have been excluded from the scope
of the statistics. The table reveals that our system achieves
throughput close to that of the CPU at extremely low power
consumption, with an energy efficiency (FramesW or FrameJ)
ratio of 24.9x that of the CPU and 4.06x that of the GPU.
Specifically, our system only requires 11.7 pJ to produce a
one-pixel result, compared to 47.6 pJ for the GPU and 292
uJ for the CPU.

To the best of our knowledge, we are the first to implement
animation-based generative talking-face video decoding on the
FPGA platform, showing potential in the deployment of future
video compression algorithms on embedded systems or edge
devices.

VI. FUTURE WORK

Despite experimental evidence demonstrating the potential
performance of our pioneering AGC system, additional and
more in-depth research is warranted. Primarily, the PYNQ-Z1
used here has limited resources, while resource-rich develop-
ment boards are imperative for applications in deep learning.
Furthermore, as an inaugural project developing the FPGA
system tailored for AGC applications, many AGC-specific
operators have been analyzed exhaustively and implemented
functionally correctly with proper resource utilization. In fu-
ture endeavors, we anticipate the deployment of this project on
resource-rich development boards, showcasing enhanced capa-
bilities through optimized parallelism. Beyond experimental
development boards, we also envision the deployment of this
system on authentic edge devices, thereby demonstrating its
significant application potential in industrial settings.



VII. CONCLUSION

This paper presents a hardware-software co-design process-
ing system for the AGC decoder. We initially analyze AGC
methods, with a specific focus on the decoder possessing
robust generative capabilities. To deploy this decoder on
resource-constrained hardware platforms, we employ quanti-
zation and layer fusion techniques for network compression,
resulting in a 0.25x reduction in model size. Our integer
AGC achieves superior visual quality in the reconstruction of
videos at less than 5 kbps compared to traditional codecs.
Leveraging the proposed generic deployment flow, we estab-
lish a hardware-based AGC decoding system within an SoC-
based FPGA. The prototype system demonstrates that FPGAs
are promising candidates for efficient AGC decoders in edge
devices, achieving 24.9x and 4.1x higher energy efficiency
against commercial CPU and GPU.
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