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Abstract—Being capable of extracting more information than
2-D convolutional neural networks (CNNs), 3-D CNNs have
been playing a vital role in video analysis tasks like human
action recognition, but their massive operations hinder the real-
time execution on edge devices with constrained computation
and memory resources. Although various model compression
techniques have been applied to accelerate 2-D CNNs, there
are rare efforts in investigating hardware-friendly pruning of 3-
D CNNs and acceleration on customizable edge platforms like
FPGAs. This work starts from proposing a kernel group row-
column (KGRC) weight sparsity pattern, which is fine-grained
to achieve high pruning ratios with negligible accuracy loss,
and balanced across kernel groups to achieve high computation
parallelism on hardware. The reweighted pruning algorithm for
this sparsity is then presented and performed on 3-D CNNs,
followed by quantization under different precisions. Along with
model compression, FPGA-based accelerators with four modes
are designed in support of the kernel group sparsity in multiple
dimensions. The co-design framework of the pruning algorithm
and the accelerator is tested on two representative 3-D CNNs,
namely C3D and R(2+1)D, with the Xilinx ZCU102 FPGA
platform for action recognition. The experimental results indicate
that the accelerator implementation with the KGRC sparsity and
8-bit quantization achieves a good balance between the speedup
and model accuracy, leading to acceleration ratios of 4.12× for
C3D and 3.85× for R(2+1)D compared with the 16-bit baseline
designs supporting only dense models.

Index Terms—3-D convolutional neural network (CNN), edge
device inference, FPGA, model compression, weight pruning.

I. INTRODUCTION

W ITH one more dimension for temporal feature extrac-
tion than 2-D convolutional neural networks (CNNs)
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that can only extract spatial features, 3-D CNNs have been
employed extensively in multiple video analysis tasks, such
as video classification and human action recognition or detec-
tion [2], [5], [36], [43], [44], [48]. Nonetheless, the high
computation and memory intensity of 3-D CNNs impedes their
deployment on resource-constrained edge devices, especially
in scenes with real-time inference and privacy requirements,
such as unmanned aerial vehicle and autonomous driving.
For example, the AMD-Xilinx ZCU102 FPGA as a customiz-
able edge platform has 32 Mbit on-chip memory space and
2520 DSPs as the primary computation resources, which can
hardly accommodate C3D [43] as the most basic 3-D CNN
structure with 78.41M parameters and 77.24G operations.
This necessitates the combination of (i) model compression
techniques at the algorithm level to reduce the CNN size and
computation complexity with (ii) the accelerator optimizations
at the hardware level to increase the computation parallelism
(i.e., the number of computations in parallel) and resource
utilization efficiency.

The most widely applied model compression approaches
are based on pruning that removes redundant weights and
thus reduces the number of operations [8], [17], [18], [20],
[21], [25], [45], [47], [52], or quantization that reduces the
precisions of weights (and activations) [6], [7], [9], [14], [23],
[24], [51], [53], [54]. Incorporated into hardware implemen-
tations for acceleration, pruning has been studied in [22],
[27], [34] and [13], most of which focus on unstructured
(irregular) pruning, and quantization has been studied in [15],
[16], [31], [32], [46] and [28], most of which work with
binary weights. However, prior compression approaches have
respective shortcomings. For instance, coarse-grained struc-
tured (row, column, etc.) pruning and low-precision (binary,
ternary, and fixed-point with 4-bit or less) quantization suffer
from non-negligible accuracy loss, and unstructured pruning
incurs extra indexing overhead and degradation in computation
parallelism.

Motivated by the efforts in sparsifying 2-D CNNs for image
domain tasks, this work investigates efficient acceleration of
3-D CNNs on the resource-constrained edge FPGA platforms
with algorithm-hardware co-design, considering two critical
targets jointly, i.e., maintaining the original model accuracy,
and enhancing the computation and resource utilization effi-
ciency that is essential for hardware acceleration. From the
perspective of model compression at the algorithm level,
a structured and fine-grained sparsity pattern, called kernel
group row-column (KGRC) sparsity, is proposed for weight

1937-4151 c© 2024 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: BEIJING UNIVERSITY OF TECHNOLOGY. Downloaded on October 16,2024 at 10:26:30 UTC from IEEE Xplore.  Restrictions apply. 

https://orcid.org/0000-0003-3540-1464
https://orcid.org/0000-0003-4437-0671
https://orcid.org/0000-0001-6210-8883
https://orcid.org/0000-0003-0440-438X
https://orcid.org/0000-0003-3121-1823


3028 IEEE TRANSACTIONS ON COMPUTER-AIDED DESIGN OF INTEGRATED CIRCUITS AND SYSTEMS, VOL. 43, NO. 10, OCTOBER 2024

tensors in 3-D CNNs. Each weight tensor to be pruned is
partitioned into equal-sized weight kernel groups, in each
of which the pruning will be performed in the row (output
channel) dimension, the column (within each weight kernel)
dimension, or both. This is an extension of the work [33]
with the kernel group structured (KGS) sparsity eliminating
redundant weights only along the column dimension. It should
be noted that the proposed KGRC sparsity is balanced,
meaning that the number of pruned rows or columns is the
same for all the kernel groups in the weight tensor of a 3-
D CNN layer. With the fine granularity assisting the model
accuracy, the balance of this sparsity facilitates the potential
of high computation parallelism in hardware acceleration. A
corresponding pruning algorithm based on reweighted training
is then conducted to realize the desired sparsity.

From the perspective of acceleration optimizations at the
hardware level, an edge FPGA-based 3-D CNN accelerator is
designed and implemented, efficiently converting the KGRC
sparsity into model inference acceleration. With four operation
modes, this accelerator is general for both dense models and
sparse models with kernel group sparsity in rows, columns or
both, adopting and improving parallel computation techniques
to accommodate weight sparsity in multiple dimensions and
thus increase the computation parallelism and resource uti-
lization efficiency. For further acceleration, 16, 8, and 4-bit
quantization is additionally performed on the models, along
with the low-precision computation support added on the
accelerator. This accelerator design is implemented on the
Xilinx ZCU102 FPGA platform, and tested for two repre-
sentative 3-D CNNs, namely C3D [43] and R(2+1)D [44].
While C3D has convolutional kernels all of 3×3×3 size,
the R(2+1)D structure is more complicated with various
kernel sizes across different layers, like 1×3×3 and 3×1×1.
Our accelerator implementations show ability of speeding up
these two 3-D CNN structures with various sparsity levels
efficaciously.

The following list summarizes our main contributions.
1) A fine-grained and balanced sparsity pattern called

KGRC sparsity is proposed for weight tensors in 3-
D CNNs, with the corresponding reweighted pruning
algorithm. This sparsity enables more pruning flexibility
and increases the potential for higher pruning ratios
while maintaining the accuracy.

2) An edge FPGA-based 3-D CNN accelerator is designed
and implemented, efficiently converting the KGRC spar-
sity into model inference acceleration. This accelerator
is general for both dense models and sparse models
through four operation modes, in all of which the
computation resources are fully utilized.

3) Experiments on two representative 3-D CNNs [C3D
and R(2+1)D] on the Xilinx ZCU102 FPGA platform
demonstrate the effectiveness of the proposed algorithm-
hardware co-design framework with the KGRC sparsity
and the accelerator design. With 8-bit quantization,
KGRC achieves a good balance between the speedup,
energy efficiency, and model accuracy, leading to accel-
eration ratios of 4.12× for C3D and 3.85× for R(2+1)D
compared with the baselines for 16-bit dense models.

The remainder of this article is organized as follows.
Section II introduces typical studies on model compression
and hardware acceleration for 2-D and 3-D CNNs. Section III
provides an overview of the proposed algorithm-hardware
co-design framework. The fine-grained and balanced KGRC
weight sparsity with the reweighted pruning algorithm is
discussed in Section IV, and the FPGA accelerator design
with four modes supporting sparsity in different dimensions
is then presented in Section V. Section VI demonstrates
the experimental results of model compression and hardware
acceleration, and Section VII finally concludes this work.

II. RELATED WORK

A. Weight Pruning for 2-D CNNs

Weight pruning reduces the demand for storage and com-
putations by eliminating the redundant weights of CNNs. It
can fall into three categories, namely unstructured pruning,
coarse-grained structured pruning, and fine-grained structured
pruning. Unstructured pruning removes the weight elements
at arbitrary locations [8], [17], [18]. It can achieve the highest
compression ratios among the three pruning types, but incurs
significant indexing overhead in storage and logic consumption
and degrades the parallelism in hardware implementations.

Fig. 1 shows three patterns of structured sparsity, including
the coarse-grained row and column sparsity, as well as the
fine-grained kernel pattern and connectivity sparsity. The row
sparsity is in the output channel (filter) dimension.1 Fig. 1(d)
shows the column sparsity more intuitively than Fig. 1(b) by
reshaping the kernels in each output channel into a 1-D array,
which is typically adopted for matrix multiplication with the
general matrix multiply (GEMM) algorithm. Coarse-grained
structured pruning introduces much less indexing overhead,
resulting in regular model structures that are friendly for par-
allel computations on hardware accelerators. Its shortcoming
lies in evident drops in model accuracy.

Fine-grained structured sparsity attempts to balance between
the fine granularity in unstructured sparsity and the regularity
in coarse-grained structured sparsity. One way is to split the
weight tensor into 2-D blocks and apply row and column
sparsity on each weight block, which is referred to as block
pruning [30]. The balance of column pruning in weight
blocks is realized by setting the same sparsity rate in all
the blocks to maximize GPU parallelism [35], whereas this
block-based sparsity is not as suitable for FPGAs, which will
be elaborated in Section IV. The work [29] presents another
type of fined-grained sparsity at the kernel level, as shown
in Fig. 1(c), where the kernel pattern selects the appropriate
elements in each kernel from several pattern candidates with
the same number of removed elements (4 in 9 here), and
the connectivity sparsity prunes the whole kernel to cut the
connection between a pair of input and output channels.

1Filter sparsity is sometimes mentioned as channel sparsity [21]. They are
essentially equivalent, as removing certain filters in the current layer makes
the corresponding (input) channels in the next layer invalid. However, in most
cases the weight tensor of a convolutional or fully connected layer is followed
by bias or batch normalization parameters, which are retained to maintain the
model accuracy, and the channels in the next layer cannot be simply removed.
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Fig. 1. Structured sparsity in 2-D CNN weight kernels. Pruned weights
are set to zero and marked in gray. (a) and (b) are coarse-grained and (c) is
fine-grained.

There also exists research on improving the pruning algo-
rithms. �1 or �2 norm is incorporated as the penalty factor
into the loss function for output and input channel pruning
in [20], [21] and [47], and the alternating direction method of
multipliers (ADMM) is further applied in [52] and [25] for
accuracy improvement with dynamic regularization penalty.

B. Hardware Acceleration for 2-D and 3-D CNNs

Sparse CNN deployment on FPGAs concentrates primar-
ily on 2-D CNNs like AlexNet and VGG-16. To support
unstructured sparsity, the MnnFast architecture [22] is built
on the basis that the probability vector is highly sparse
for memory-augmented neural networks, and the work [34]
handles spectral-domain CNNs converting convolutions in
the spatial domain into Hadamard products in the spectral
(frequency) domain with Fast Fourier Transform, which may
be not general for other types of CNNs. A tile lookup table
(LUTs) is designed in [27] to match the index between sparse
weights and input pixels, which introduces indexing overhead
and irregularity in model structures to bring about evident
parallelism degradation, as the tiling size is required to be large
along the output and input channel dimensions for sufficient
computation parallelism.

Some endeavors pay attention to structured sparsity, or
mixing sparsity at multiple granularities. Exploiting block,
cyclic, and hybrid memory partition patterns, the OMNI
framework [26] prunes the model weights in a structured
manner, and prevents the workload imbalance by maintaining
the same sparsity rate for different memory partition groups.
The SparTen accelerator [13] presents a greedy load-balancing
strategy that groups filters by the whole-filter density and finer-
grained density like chunking every 128 elements. In [3], filter
pruning for convolutional layers is mixed with unstructured
pruning for fully connected layers, for which the compressed
sparse column format is improved by storing the number
of zeros between two contiguous nonzero weights instead
of row indices. Aside from selecting and clustering nonzero
weights in sparse filters from intralayer unstructured pruning,
the method in [49] realizes interlayer compression by reducing
convolution operations when the convolutional layer is fol-
lowed by a max or average pooling layer.

As for 3-D CNNs, frequency domain conversion is applied
in [4] on 3-D ResNet-18 and U-Net to sparsify convolutional
filters, but there is no related research on hardware imple-
mentation. C3D is first implemented on FPGA in [12] by
employing pixel blocking and filter parallelism, and block
floating-point (BFP) representation is utilized in [10] to reduce
the bit-width while maintaining the classification accuracy.
The Winograd algorithm is incorporated to reduce the amount
of computations for C3D [38], [39]. The work [11] proposes a
specific 3-D CNN structure with “3-D−1” bottleneck residual
blocks, and applies optimizations, including online blocking
and kernel reuse on FPGAs. Nonetheless, these previous
studies only focus on the basic C3D or custom 3-D CNN
structures and lack generality. For example, the Winograd
algorithm is only suitable for the uniform 3×3×3 kernel size
in C3D. If applied on other 3-D CNNs with various kernel
sizes, it may cause significant accuracy loss.

C. Comparison of Our Solution With Existing Similar Efforts

One of the first studies on FPGA-aware pruning for 3-D
CNNs applies a relatively coarse-grained group-wise sparsity
pattern [42], making the whole weight kernel group as the
basic pruning unit. The coarse pruning granularity brings more
difficulty in maintaining the model accuracy than our proposed
balanced KGRC sparsity under the same compression setting.
In addition, the concentration of this work is only on pruning,
but not on quantization, which confines further acceleration.

The fine-grained KGS sparsity for 3-D CNNs has been
implemented on mobile phones [33] by employing a compiler-
assisted code generation framework. The proposed balanced
KGRC sparsity extends from this work. The differences of
KGRC from KGS lie in the following aspects.

1) KGRC covers both row and column sparsity in kernel
groups, while KGS only involves column sparsity.

2) The reweighted pruning algorithm for KGRC uses
pruning ratios to directly control the number of zero
weights for each layer from scratch, which is beneficial
to parallel computations in FPGA implementations. In
the previous KGS designs targeting mobile devices, a
threshold value is used for weight pruning, and the
number of zero weights is unknown until pruning is
finished.

3) The sparsity rate for rows or columns is set the same
for all the kernel groups in a specific 3-D CNN layer,
which is also favorable for FPGA implementations.

The most similar study [55] to ours with regard to the FPGA
implementation adopts the same sparsity pattern as KGS,
but evaluates only on fully sequential 2-D CNNs, including
LeNet, AlexNet, and VGG-16, with relatively low overall
sparsity rates (lower than 40%). Additionally, the computation
parallelism is only explored in the output and input channel
dimensions, which is not sufficient for 3-D CNNs with high
pruning ratios, especially in cases with quantization.

III. OVERVIEW OF PROPOSED 3-D CNN
COMPRESSION-ACCELERATOR CO-DESIGN FRAMEWORK

Our proposed 3-D CNN acceleration framework lever-
ages algorithm-hardware co-design. At the algorithm level,
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TABLE I
NOTATIONS IN THE PROPOSED MODEL COMPRESSION AND ACCELERATION FRAMEWORK

(a) (b)

Fig. 2. Algorithm-hardware co-design framework for 3-D CNN acceleration with balanced kernel group sparsity. (a) Algorithm side. (b) Hardware side.

fine-grained and structured sparsity is performed with balance
among the kernel groups of a pretrained (dense) 3-D CNN. At
the hardware level, an FPGA-based accelerator is designed and
implemented to support the proposed sparsity and therefore
convert the reduction of operations into actual acceleration of
3-D CNNs.

Table I gives all the notations appearing in the framework.
As displayed in Fig. 2, the whole weight tensor in a 3-D CNN
layer originally has the size of M × N × (KD × KH × KW)

in five dimensions. Each output channel (namely filter) is
treated as a row, and the other four dimensions (input channel,
kernel depth, kernel height, and kernel width) are reshaped
as one treated as the column dimension. For convenience
in representation and exploration of computation parallelism
later, each 3-D kernel in the lth layer is reshaped into an array
of 1-D called “the kernel dimension,” with the size of Kl =
KD×KH×KW . Similarly, each output feature map is reshaped
into an array of 1-D called “the feature dimension,” with the
size of F = D×H ×W. Considering the constrained amount

of on-chip storage and computation resources on edge FPGAs,
the accelerator is designed leveraging the common-used loop
tiling technique [50], which can be generally applied onto the
output and input channel, as well as the kernel and feature
dimensions. The size of a dense weight tile is TM × TN × TK ,
and that of an output tile is TM×TF , where TF = TD×TH×TW .

It is important to mention the difference between the kernel
group size GM , GN , and GK and the tiling size TM , TN , and TK .
GM , GN , and GK determine the granularity of pruning, which
depends on the model accuracy requirement, while TM , TN ,
and TK are the numbers of output channels, input channels,
and kernel elements to be handled at a time on hardware accel-
erators, and are affected by the number of available resources
on the FPGA and the speed requirement. Considering both
the convolutional kernel size and the hardware memory space,
GK is actually set to the lower value of Kl and TK , and
TK ≤ Kl in most cases (e.g., Kl is 3×3×3 in C3D and
1×3×3 in R(2+1)D). In spite of this, the following discussion
focuses on GK = Kl cases for simplicity without loss of
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generality. As pruning will cause sparsity in weights, the
accelerator is designed to manage multiple kernel groups for
full exploitation of the computation resources, i.e., a weight
tile contains �(TM/GM)� × �(TN/GN)� kernel groups.

Fig. 2 illustrates the acceleration framework overview with
tiling sizes TN = TF = 1, focusing on the output channel
and kernel dimensions. The accelerator is designed in favor of
the compressed weight format containing three parts: 1) the
compact weight tensor of all the nonzero elements that are
not pruned; 2) row indices in the original dense kernel group
for nonzero weights, which will be used in accumulation after
MatMul of the input and weight tensors; and 3) column indices
in the original dense kernel group for nonzero weights, which
will be used in data reading of the input tensor. When the
weight tensor of a 3D CNN layer is pruned, the number of
nonzero rows or columns is the same across all the kernel
groups, so that the pruned weight tensor can be rearranged in
a compact manner, and the computation resources allocated
by the implementation can always be exploited adequately to
assist the inference acceleration.

IV. 3-D CNN COMPRESSION WITH BALANCED

KERNEL GROUP SPARSITY

Several studies have been conducted on mobile phones and
GPUs for fine-grained structured sparsity, such as block-based
column (and row) sparsity [30], [35] and kernel group-based
column sparsity [33]. Different from these devices that can
finish image-to-column of the whole input and weight tensors
before computing, edge FPGAs must rely on loop tiling to
buffer partial input and weight data due to small on-chip
memory. This necessitates novel design principles for weight
sparsity. It is worth reemphasizing the key features of our
KGRC sparsity and reweighted pruning algorithm, including
1) covering both row and column sparsity in kernel groups;
2) using pruning ratios to directly control the number of zero
weights for each layer from scratch; and 3) the same row
or column sparsity rate for all the kernel groups in a 3-D
CNN layer. The 2) and 3) are both beneficial to parallel
computations in FPGA implementations.

The KGRC sparsity carries out column pruning at the kernel
group level (one kernel group contains all the elements of one
or more kernels), rather than at the block level [30], [35] (the
elements in one kernel may be split and allocated to different
blocks). The reason for this is explained with Fig. 3, with
three rows of three kernels each having six elements, labeled
as Kij, i = 1, 2, 3, j = 1, 2, . . . , 6. All the kernels compose a
kernel group in (a), while they are split into blocks of size
3× 8 in (c), where the sparsity distribution is more irregular.
This is more clear when the same elements of the kernels are
arranged together in (b) and (d). It can be seen from (b) that the
1st, 3rd, and 4th elements in all the kernels within the kernel
group are removed, and only three indices need to be stored
for input reading in the accelerator. In contrast, even balanced
block-based column sparsity [50% sparsity in all the blocks
in (c)] is still distributed irregularly in (d), and needs indexing
for every retained element, impeding FPGA implementations
with high parallelism. For a kernel group with size GN along

Fig. 3. Comparison between kernel group-based [(a) and (b)] and block-based
[(c) and (d)] column sparsity. (a) and (c) indicates the original arrangement of
weight elements in kernels. (b) and (d) give another arrangement concatenating
the same element in all the kernels together.

the input channel dimension, KGRC reduces the indexing cost
by GN× through eliminating irregular and repetitive reading
of input elements.

A. Balanced Kernel Group Row and Column Sparsity

The granularity of kernel group sparsity is between those
of coarse-grained structured and fine-grained unstructured
sparsity, leading to both regular structures friendly to hardware
acceleration and fine granularity to maintain the model accu-
racy. Specifically, the weight tensor of a 3-D CNN layer with
M output channels and N input channels is partitioned into
equal-sized kernel groups, each containing GM ×GN kernels.
Fig. 4(a) and (b), respectively, give an example of the row and
column sparsity in a kernel group, called the kernel group row
(KGR) and column (KGC) sparsity. Within the kernel group,
KGR removes the whole rows, while KGC applies the same
sparsity pattern for each kernel. The KGRC sparsity illustrated
in Fig. 4(c) combines KGR and KGC, removing both rows and
columns in a kernel group concurrently, which is displayed
more clearly in Fig. 4(d).

The setting of the kernel group sparsity is a tradeoff
between the model accuracy and the inference speed. We
would like a relatively small kernel group size for high
accuracy, but it incurs difficulty for pruned models to fully
exploit the parallelism on FPGAs, since the allocation of on-
chip buffers and computation resources is fixed in an FPGA
implementation, and can hardly adapt to the irregularity from
pruned models. Considering the KGR sparsity with GM = 8
and PM = 4, when the number of nonzero rows after pruning
is lower than 4, the resource utilization rate cannot reach
100%. If some kernel group contains five nonzero rows, two
cycles are needed to finish the computations, and the resource
utilization rate in the second cycle is only 25%.

Our solution to this problem is to fix the numbers of pruned
rows and columns for all the kernel groups in the weight
tensor, to balance the hardware workload between these kernel
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Fig. 4. Kernel group sparsity patterns for in 3-D CNNs, including row
sparsity (KGR), column sparsity (KGC), and row-column sparsity (KGRC),
with each kernel group containing GM × GN kernels. (a) KGR sparsity.
(b) KGC sparsity. (c) KGRC sparsity. (d) KGRC sparsity with reshaped
kernels.

groups. In addition, the indices of pruned elements (columns)
are set the same for all the kernels within a kernel group, to
reduce the indexing cost of input reading on hardware accel-
erators. For more flexibility, the locations of pruned rows and
columns are allowed to be various in different kernel groups.
Furthermore, for hardware acceleration, multiple kernel groups
are processed simultaneously to improve the parallelism,
which will be elaborated in Section V-B.

B. Reweighted Pruning With Kernel Group Sparsity

To realize the desired sparsity, the loss function associated
with a CNN needs to be modified. For a 3-D CNN with a
total of L layers, the original loss function without pruning
is denoted as f (W, b), where W = {Wl}Ll=1 is the collection
of weight tensors, and b = {bl}Ll=1 the collection of bias
tensors from layers l ∈ {1, . . . , L}. Partitioning Wl along
the output and input channel dimensions generates kernel
groups {WGp,q

l } each with GM × GN kernels, where p ∈
{1, 2, . . . , �(M/GM)�}, q ∈ {1, 2, . . . , �(N/GN)�}. Reshaping
the kernels into 1-D arrays with size Kl, each element in the
kernel group W

Gp,q
l can be expressed as W

Gp,q
l (m, n, k), where

m ∈ {(p−1)GM+1, . . . , pGM}, n ∈ {(q−1)GN+1, . . . , qGN},
and k ∈ {1, . . . , Kl}.

The pruning algorithm with reweighted regularization adds a
regularization term to the loss function to penalize the weights,
which can be formulated as

minimize
W,b

f (W, b)+ λ

L∑

l=1

R
(
Wl

)
(1)

where R(Wl) is the regularization term for sparsity, and λ

acts as a global penalty factor indicating the importance
of regularization. No matter which kernel group sparsity is
adopted, R(Wl) for the lth layer is the summation of the terms
of all the kernel groups, i.e., R(Wl) =∑P

p=1
∑Q

q=1 R(W
Gp,q
l ),

where R(W
Gp,q
l ) appears in the form of �g norm that can be

selected from �1 norm, �2 norm or their combination. R(Wl)

aims to dynamically reweight the penalties, i.e., reduce the
penalties on weights with large magnitudes (that are likely to
be more critical), and increase the penalties on weights with
small magnitudes, which is performed in a systematic, gradual
way to avoid a greedy solution pruning a large number of
weights at the early stage.

For the KGR sparsity, the regularization term of a kernel
group can be expressed as

R
(
W

Gp,q
l

) =
∑

m∈Gp,q

(
PGp,q,m

l,t ◦
∥∥∥W

Gp,q
l (m, :, :)

∥∥∥
g

)
(2)

where ◦ denotes element-wise multiplication. ‖ · ‖g denotes
the �g norm, and

∥∥∥W
Gp,q
l (m, :, :)

∥∥∥
g
= g

√√√√√
∑

n∈Gp,q

Kl∑

k

|Wl(m, n, k)|g. (3)

PGp,q,m
l,t is the penalty parameter for reweighting, and is

updated in every iteration t following:

PGp,q,m
l,(t+1) =

1
∥∥∥W

Gp,q
l,t (m, :, :)

∥∥∥
2

g
+ ε

(4)

where W
Gp,q
l,t is the instance of W

Gp,q
l in iteration t, and

ε is a small positive number to avoid a zero denominator.
The reweighted regularization pruning algorithm updates the
penalty parameters based on current weight values without
incurring extra hyperparameters, and thus converges in short
order. After this, the weights close to zero are pruned (set to
zero). Considering the more complicated KGC sparsity, the
regularization term of a kernel group can be written as

R
(
W

Gp,q
l

) =
Kl∑

k=1

(
PGp,q,k

l,t ◦
∥∥∥W

Gp,q
l (:, :, k)

∥∥∥
g

)
(5)

where
∥∥∥W

Gp,q
l (:, :, k)

∥∥∥
g
= g

√ ∑

(m,n) ∈Gp,q

|Wl(m, n, k)|g (6)

and the penalty parameter is

PGp,q,k
l,(t+1) =

1
∥∥∥W

Gp,q
l,t (:, :, k)

∥∥∥
2

g
+ ε

. (7)

An intuitive method to achieve the KGRC sparsity is mixing
the KGR and KGC sparsity by solving the problem (1)
with the kernel group-based regularization terms (2) and (5)
sequentially and separately. If the weight tensors are first
pruned with the KGR sparsity, then they are further pruned
with the KGC sparsity while masking the pruned rows as
zeros. This method can ensure the convergence to a mixture of
these two sparsity patterns, but the performance of the latter
sparsity is affected by the former one, as training for one
sparsity pattern does not consider the potential existence of the
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Algorithm 1: Reweighted Pruning With KGRC Sparsity

Input : Pretrained model weights W = {Wl}Ll=1;
M, N, GM , GN , Kl defined in Table I;
Total training epochs T;
Initialized reweighting penalty parameters

PGp,q,m
l,0 , PGp,q,k

l,0 ;
Iteration times I ⊆ {1, . . . , T} to update them;

Output: Pruned model with KGRC sparsity.

// Reweighted training
1 for t ≤ T do
2 foreach layer l do
3 Wl ← SGDTrain(Wl) following (8);
4 if t ∈ I then

5 Update PGp,q,m
l,t following (4);

6 Update PGp,q,k
l,t following (7);

// Hard pruning

7 {WGp,q
l } ← Partition(Wl), p ∈ {1, . . . , � M

GM
�},

q ∈ {1, . . . , � N
GN
�};

8 foreach W
Gp,q
l do

9 W
Gp,q
l (:, n, k)← RowPrune(W

Gp,q
l (:, n, k)), (n, k) ∈ Gp,q;

10 W
Gp,q
l (m, n, :)← ColPrune(W

Gp,q
l (m, n, :)), (m, n) ∈ Gp,q,

Gp,q = m ∈ {(p− 1)GM + 1, . . . , pGM}, n ∈
{(q− 1)GN + 1, . . . , qGN }, k ∈ {1, . . . , Kl};

// Retraining
11 Wl ← SGDTrain(Wl) while fixing the zero elements.

other sparsity pattern. The better way is simultaneous training
of these two as

minimize
W,b

f (W, b)+ λ

2

L∑

l=1

P∑

p=1

Q∑

q=1⎡

⎣
∑

m∈Gp,q

(
PGp,q,m

l,t ◦
∥∥∥W

Gp,q
l (m, :, :)

∥∥∥
g

)

+
Kl∑

k=1

(
PGp,q,k

l,t ◦
∥∥∥W

Gp,q
l (:, :, k)

∥∥∥
g

)]
(8)

with the global penalty factor halved. This can save the
training effort and explore with more flexibility for better
overall sparsity.

Algorithm 1 describes the steps in reweighted training for
KGRC sparsity. Different from the method in [33] where the
pruning ratios for KGS are known only after the pruning is
finished (decided by a threshold value for weights), here the
pruning ratios of KGR and KGC follow predefined settings of
each layer. Masked retraining is then executed to regain the
model accuracy without updating the pruned weights fixed to
zeros.

C. Quantization of Sparse 3-D CNNs

To further explore the effect of compression on model
accuracy and hardware efficiency, quantization is carried out
on top of pruning for 3-D CNNs, following the ADMM-based
method in [37]. Both weights and activations are quantized
in one of 16, 8, and 4-bit precisions. For weights, only the
retained nonzero elements are quantized, and the locations of

pruned elements are no longer changed, which is similar to
the processing in masked retraining.

V. FPGA ACCELERATOR DESIGN AND OPTIMIZATION

FOR KERNEL GROUP SPARSITY

The proposed accelerator design for KGRC sparsity
processes the convolution computations layer by layer, sup-
porting four operation modes, respectively, for 1) dense models
without sparsity; 2) KGR sparsity; 3) KRC sparsity; and
4) KGRC sparsity. For fair comparisons, the baseline designs
only supporting dense models with 16, 8, and 4-bit precisions
are also implemented. In each of these precisions, the KGRC
accelerator design outperforms the baseline in terms of the
model inference speed without introducing evident resource
overhead, as will be elaborated in Section VI-C.

Fig. 2(b) illustrates the workflow of the proposed framework
on the hardware side. The accelerator is designed based
on loop tiling due to the limited amount of storage and
computation resources on edge FPGAs. The input feature
maps and model weight tensor are split into tiles, and when
a group of input and weight tiles is loaded from the off-
chip DDR to the on-chip block RAM (BRAM) buffers, the
image-to-column (Im2col) procedure is performed on the
input tile for convenience of array partitioning and thus
parallel computations along the feature and kernel dimensions.
Correspondingly, column-to-image (Col2im) is performed on
the output tile generated by the input and weight tiles before
storing from on-chip to off-chip.

MultiDimensional Parallelism: To handle multiply-add
(MAC) operations as the primary computations in 3-D CNNs,
most of the utilized computation resources are allocated for
parallel computations along the output channel, input channel,
and feature dimensions, in both baseline design for dense
models without pruning and the proposed design for KGRC-
sparsified models. In the KGRC design, the parallelism also
exists in the kernel dimension to maintain high utilization
rates of computation resources after model compression. The
parallel factor along each dimension is determined based
on the model pruning ratio as well as the quantization
precision.

A. Acceleration Mechanism With KGRC Sparsity

Compact Weight Format: For each kernel group within a
KGRC-sparsified weight tensor, the row and column indices of
nonzero elements are prestored off-chip. Take the two weight
kernel groups (denoted as KG1 and KG2) in Fig. 2(a) as an
instance, each kernel group has eight output channels (with the
original indices [1, 2, . . . , 8]), one input channel, and Tk = 9
as the tiling size along the kernel dimension (with the original
indices [1, 2, . . . , 9]). The indices Row_Idx for nonzero rows
along the output channel dimension are [1, 2, 4, 7] for KG1
and [3, 5, 6, 8] for KG2. Similarly, the nonzero column indices
Col_Idx for all the kernels within KG1 are [1, 2, 4, 5, 6, 9],
and those for KG2 are [2, 3, 5, 6, 8, 9], as displayed in the
Compact Weight Format part in Fig. 2(b). As mentioned in
Section IV-A, the pruning ratio for rows or columns is the
same across all the kernel groups for a specific 3-D CNN
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Fig. 5. Processing of multiple sparse kernel groups.

layer, resulting in a uniform size for kernel groups after
eliminating the zeros to form a compact model structure. In
actual hardware implementations, the row and column indices
are stored as relative values within the kernel group to save
memory usage. Specifically, the four nonzero rows in KG2
are actually labeled with [3, 5, 6, 8] − 1 = [2, 4, 5, 7] in 3-
bit, instead of the absolute indices of output channels in the
whole weight tensor. The relative indices of columns depend
on TK , which is in most cases not smaller than maxl Kl for a
model with L layers. While for a large kernel size like Kl = 27
in C3D, TK must be smaller than Kl due to the limited on-
chip memory capacity. In the case where a C3D kernel is split
into three parts each with TK = 9, the relative indices can be
represented by 4-bit 0 to 8 values.

Convolution Processing for Sparse and Dense Layers: The
convolution computations are processed on-chip with the
following steps.

1) According to the column indices (Col_Idx), select the
valid input elements (from the Input Tile) of each kernel
group corresponding to the nonzero weight columns (in
the Weight Tile) retained after pruning.

2) Execute the MatMul to output a temporary result.
3) According to the row indices (Row_Idx), accumulate the

temporary multiplication result corresponding to each
nonzero weight row (in the Weight Tile) to the valid
output channel of the Output Tile.

4) After accumulating from all the input channels for the
result of an output channel, post-process with opera-
tions, including batch normalization, shortcut addition,
activation (ReLU), pooling, etc.

Fig. 5 further illustrates the convolution processing with more
kernel groups and their respective row and column indices.
Since multiple kernel groups along the row dimension (e.g.,
KG1 and KG3) may have different nonzero row indices, all
the output channels require to be maintained for the output
tile. Similarly, the input tile must maintain all the elements
after Im2col expansion to accommodate different nonzero
column indices from multiple kernel groups along the column
dimension (e.g., KG1 and KG2). A special case is for a dense
layer, for which one kernel group can be split into two compact
weight matrices, respectively, with continuous row indices 1,
2, 3, 4 and 5, 6, 7, and 8 to compose one weight tile. The
convolutions can be managed in the same manner as for sparse
layers. In summary, the column indices are used for reading
from the Input Tile, while the row indices are for accumulating
to the Output Tile.

B. Size Setting of Kernel Groups and Weight Tiles

A weight tile as the unit in hardware acceleration is different
from a weight kernel group as the unit in kernel group-wise
pruning. Each tile may consist of one kernel group, or multiple
kernel groups that are adjacent along the output channel
dimension for concurrent processing. The kernel group size
has a direct influence on the accuracy of pruned models, and
the number of kernel groups in each tile depends on the
parallelism requirement.

Setting Pruning Ratios: The pruning ratios can be dif-
ferent across the layers in a 3-D CNN. In the example in
Figs. 2 and 5, the kernel group size is GM × GN = 8 × 1,
and the kernel tile size is TK = Kl = 9. The sparsity rate of
rows is RR = 50%, making four of the eight rows retained
in each kernel group. Besides, the sparsity rate of columns is
RC = 33.3%, making six of the nine elements retained in each
kernel, and the locations of these six elements are the same
across all the kernels within each kernel group. The nonzero
weight tile size is actually TM(1− RR)× TN × TK(1− RC) =
8× 1× 6, with TM = 2× GM and TN = GN , and the overall
pruning ratio is (1/1− RR)× (1/1− RC) = 3×.

Relationship of Pruning Ratio, Tiling and Parallel
Parameters: To fulfill the requirements of parallel factors PM

and PK , and fully utilize computation resources, the tiling and
parallel parameters should satisfy

TM(1− RR)%PM = 0

TK(1− RC)%PK = 0 (9)

which applies to sparse layers and also dense layers with
RR = 0 and RC = 0. Another parallel parameter PN along the
input channel dimension can be determined according to PM

and PK as well as the number of available resources.
Tiled Convolution Details: The procedure of tiled con-

volutions for 3-D CNNs is detailed in Algorithm 2, which
is applicable for both dense layers and sparse ones. In the
Compute module, the for loops under the #PIPELINE pragma
are all unrolled, generating a total parallelism of Ptot = PF ×
PK × PM × TN . With 16-bit precision, this parallelism can
support Ptot simultaneous MAC operations. Along the input
channel dimension, the tiling size TN is equal to the kernel
group size GN , since covering more kernel groups will bring
about higher indexing storage demand. The parallel factor is
PN = TN to exploit the computation potential. Consequently,
TN , GN , and PN are set equal to each other.

C. FPGA Resource and Performance Analysis

Computation Resource Analysis: FPGAs mainly contain two
types of computation resources, DSPs, and LUTs. In line with
the analysis in Algorithm 2, the total DSP usage of a KGRC
design can be calculated as

UDSP = Uprec
DSP × PM × TN × PK × PF (10)

where Uprec
DSP is the DSP usage of one MAC operation in a

specific precision. For 16, 8, and 4-bit, the Uprec
DSP values are,

respectively, 1, 0.5, and 0.25, as one 27×18-bit DSP can
accommodate one 16×16-bit, two 8×8-bit, or four 4×4-bit
multiplications, which has been demonstrated in the work [41].
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Algorithm 2: Tiled Convolution for 3-D CNNs in Dense
and KGRC-Sparsified Modes

Parameter: TF = TD × TH × TW , T in
F = T in

D × T in
H × T in

W ;
TN = GN = PN .

1 for � D
TD
� × � H

TH
� × � W

TW
� feature tiles do

2 for � M
TM
� × � N

TN
� output and input channel tiles do

3 Load Iin
buf[TN ][T in

F ];
4 Load Row_Idx[TM(1− RR)];

5 for � Kl
TK
� kernel tiles do

6 Ibuf[TN ][TF][TK ]←Im2Col(Iin
buf);

7 Load Col_Idx[ TM
GM

][TK(1− RC)];
8 Load Wbuf[TM(1− RR)][TN ][TK(1− RC)];
9 Obuf[TM][TF]←Compute(Ibuf, Wbuf);

10 Post-Processing (BatchNorm, Shortcut, ReLU, Pool);
11 Store Obuf[TM][TF];

12 Compute(Ibuf, Wbuf):
13 for tf = 0; tf < TF; tf+ = PF do
14 for tk = 0; tk < TK(1− RC); tk+ = PK do
15 for tm = 0; tm < GM(1− RR); tm+ = PM do

#PIPELINE

16 for gm ← 0 to TM
GM

do
#UNROLL

17 for k← 0 to PK, m← 0 to PM do
#UNROLL

18 ik = Col_Idx[gm][tk + k];
iw = gm × GM(1− RR)+ tm + m; io = Row_Idx[iw];

19 for f ← 0 to PF, n← 0 to TN do
#UNROLL

20 Obuf[io][tf + f ]+ =
Ibuf[n][tf + f ][ik]×Wbuf[iw][n][tk + k];

Although it is difficult to estimate the total LUT usage, the
required LUT amount for accumulation after convolutions can
be derived as

ULUT = Uprec
LUT × TM × PF (11)

considering the parallel factors TM for the output channel
dimension and PF for the feature dimension, with Uprec

LUT as the
LUT usage of one MAC in a specific precision.

On-Chip Memory Resource Analysis: The BRAMs are
utilized to buffer the input and output feature tiles as well as
the weight tiles for the convenience of on-chip computations.
For the Im2col conversion, the BRAM usage for the input
tile is

Uin
BRAM =

TN

Ab
×

⌈
TF × TK × b× Ab

18k

⌉
(12)

where b stands for the bit-width, and 18k bits is the typical
size of a single BRAM bank on Xilinx FPGAs. Data packing
is used to save the memory and reduce the data transfer
latency by concatenating Ab low-precision numbers into one,
and the packing size Ab depends on b. In our implementations,
Ab = 4 for 16-bit precision, and Ab = 8 for 8 and 4-bit
precisions. The Iin

buf data before Im2col needs (TN/Ab) ×
�([T in

F × b× Ab]/18k)� BRAMs, which is negligible com-
pared with Uin

BRAM. Similarly, the BRAM usage of weight and
output tiles are

Uwgt
BRAM =

TN

Ab
×

⌈
TM(1− RR)× TK(1− RC)× b× Ab

18k

⌉

Uout
BRAM =

TM

Ab
×

⌈
TF × b× Ab

18k

⌉
. (13)

TM and TN are usually set such that TM%Ab = 0 and
TN%Ab = 0 to optimize the BRAM utilization rate. The con-
straints of the most intensive FPGA resources (i.e., DSPs and
BRAMs, as LUTs and flip-flop (FFs) are usually sufficient)
for the accelerator design are therefore expressed by

2× UBRAM ≤ SBRAM

UDSP ≤ SDSP × ρDSP (14)

employing the double buffering technique to overlap the data
transfer latency with computations. The DSP utilization ratio
is restricted below a certain level (ρDSP ≤ 80% generally) to
avoid placement and routing issues during implementations.

Latency Performance Analysis: The model inference latency
is proportional to the clock cycle count given a specific
working frequency of the accelerator implementation. The
latency performance is analyzed based on one group of input
feature, output feature, and weight tiles, as the data of one
layer are handled group (of tiles) by group. Im2col can
be performed by reading each element in Iin

buf only once,
consuming clock cycle counts calculated as

Lin = TN

Ab
×

⌈
T in

F

Bin

⌉
. (15)

The clock cycle counts for weight loading, computation, and
output storing in one tile group can be expressed by

Lwgt = TM(1− RR)× TN

Ab
×

⌈
TK(1− RC)

Bwgt

⌉

Lcmpt =
⌈

TF

PF

⌉
×

⌈
TK

PK

⌉
×

⌈
GM(1− RR)

PM

⌉

Lout = TM

Ab
×

⌈
TF

Bout

⌉
. (16)

Double buffering enables the input loading, weight loading,
and computation to be executed concurrently. The clock cycle
count for this is

Lload_cmpt = max
{
Lin, Lwgt, Lcmpt

}
. (17)

Each output channel accumulates results from �(N/TN)�
weight tiles. With the output storing conducted in the mean-
time, the clock cycle count for this is

Lstore = max

{⌈
N

TN

⌉
× Lload_cmpt + Lcmpt, Lout

}
. (18)

And the total clock cycle count for the whole layer l is

Ll =
⌈

D

TD

⌉
×

⌈
H

TH

⌉
×

⌈
W

TW

⌉
×

⌈
M

TM

⌉
× Lstore + Lout. (19)

The data transfers and computations should be balanced in
latency to guarantee that the accelerator design is compute-
bounded rather than memory-bounded. Specifically, Lin and
Lwgt should be hidden by Lcmpt, and Lout should be hidden by
Lload_cmpt, i.e.,

max{Lin, Lwgt} ≤ Lcmpt(⌈
N

TN

⌉
+ 1

)
× Lcmpt ≥ Lout. (20)

Authorized licensed use limited to: BEIJING UNIVERSITY OF TECHNOLOGY. Downloaded on October 16,2024 at 10:26:30 UTC from IEEE Xplore.  Restrictions apply. 



3036 IEEE TRANSACTIONS ON COMPUTER-AIDED DESIGN OF INTEGRATED CIRCUITS AND SYSTEMS, VOL. 43, NO. 10, OCTOBER 2024

VI. EXPERIMENTAL RESULTS

The proposed co-design framework of model compression
and hardware acceleration is unified for various 2-D and
3-D CNNs, while the edge deployment of 3-D CNNs is
more challenging than that of 2-D CNNs. In the experiments,
this framework is evaluated on two representative 3-D CNN
structures, C3D [43] and R(2+1)D [44]. The C3D network
has a basic structure comprised of eight convolutional layers
with kernel size of 3×3×3 and three fully connected layers.
R(2+1)D consists of 37 convolutional layers in 5 blocks and
1 fully connected layers. The first block contains two layers,
and the others are residual blocks, each containing eight layers
with kernel sizes of 1×3×3 and 3×1×1 in turn. Besides, the
final three blocks each have a residual layer. Fully connected
layers contribute little to the total number of operations in the
two models (0.263% for C3D, and <0.001% for R(2+1)D, so
the compression focuses on the convolutional layers.

A. Experimental Setup for Training

Compression Settings for 3-D CNNs: The model com-
pression procedure contains reweighted pruning and masked
retraining for weights, and quantization for both weights and
activations. The hyperparameter settings are the same for all
the sparsity patterns, sparsity rates (pruning ratios), and quan-
tization precisions. The original C3D and R(2+1)D models
are pretrained on the Kinetics dataset [2] and transferred onto
the UCF101 dataset [40]. The compression steps afterward are
all performed on UCF101. The batch size is fixed to 32, and
the video clip length adopts 16 frames. The initial learning
rate (LR) is 5e−3 when training the dense models, and is
reduced to 2e−4 in pruning and retraining for stability. Pruning
is split into several stages, and LR is decreased gradually
within each stage and increased when entering the next stage.
Retraining adopts warmup and cosine decay for LR. Adjusting
the initial LR to 5e−4, quantization is also split into stages,
with LR halved from the current stage to the next one. It
takes 150 epochs for pruning, 90 epochs for retraining, and
200 epochs for quantization. The global penalty factor λ in
pruning is set to 1e−6. Additional training tricks [19] are
utilized to improve the results, such as label smoothing in
pruning and distillation in retraining. The whole compression
process is performed with one NVIDIA A100 GPU with the
PyTorch 1.13 framework, requiring memory up to 25 GB.

Pruning Ratio Configurations for 3-D CNNs: While the
majority of previous weight pruning research places emphasis
on reducing the number of parameters (weights generally) to
mitigate the storage burden, we aim at reducing the number of
operations to speed up the model inference, by setting larger
pruning ratios for layers with more computations than others.
Tables II and III provide the pruning ratio of each layer or
block for C3D and R(2+1)D with KGR, KGC, and KGRC
sparsity. Regarding the sparsity granularity, the kernel group
size is GM = GN = 8 and GK = TK = 9 when the kernel
size Kl ≥ 9 (suitable for the C3D layers with kernel size of
3×3×3 and the R(2+1)D layers with kernel size of 1×3×3),
or GK = 3 when Kl < 9 (suitable for the R(2+1)D layers with
kernel size of 3×1×1). All the layers with 3×1×1 kernels in
R(2+1)D are not pruned.

TABLE II
C3D PRUNING CONFIGURATIONS

TABLE III
R2+1-D PRUNING CONFIGURATIONS

B. Evaluation of Kernel Group Sparsity and Reweighted
Pruning

Table IV provides the pruning results of C3D and R(2+1)D
on UCF101 under multiple compression settings of sparsity
patterns (None, KGR, KGC, and KGRC), pruning ratios, and
quantization precisions (32-bit without quantization, 16, 8, and
4-bit). The accuracy of R(2+1)D is higher than that of C3D
in the same setting because of the more complicated structure,
including residual connections and batch normalization layers.
There is hardly accuracy degradation from 16 to 8-bit quan-
tization for both models in each sparsity setting, whilst 4-bit
quantization leads to evident accuracy loss [4.15%∼6.68% for
C3D and 2.55%∼6.07% for R(2+1)D]. This motivates us to
concentrate on settings with 8-bit quantization for acceptable
accuracy [controlling the loss within 4.5% for C3D and within
2.5% for R(2+1)D] and high acceleration ratios.

C. Evaluation of 3-D CNN Acceleration With Kernel Group
Sparsity on FPGA

The accelerators are implemented on ZCU102 with the
working frequency of 150 MHz through Xilinx Vivado 2020.1
with HLS. Table V shows the implementation parameters for
tiling and parallelism, as well as the utilization of DSP,
LUT, BRAM36, and FF resources of the accelerator design
under different compression settings. For 16, 8, and 4-bit
precisions, the accelerator is designed in two ways, one for
dense models without pruning (denoted as Dense), and the
other for pruned models with KGR, KGC or KGRC sparsity
(denoted as Sparse). The Sparse designs are compatible with
dense models, while their extra logic usage for kernel group
sparsity slows the execution of dense models, so a Dense
design is additionally implemented for more fair comparisons
to demonstrate the efficiency of our Sparse implementations.
With the kernel group size GM = GN = 8, the 16 and
8-bit Sparse designs can accommodate four kernel groups
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TABLE IV
3-D CNN ACCURACY, INFERENCE LATENCY, AND POWER ON UCF101 DATASET UNDER DIFFERENT COMPRESSION SETTINGS

TABLE V
3-D CNN ACCELERATOR IMPLEMENTATIONS ON ZCU102 FPGA UNDER DIFFERENT COMPRESSION SETTINGS

TABLE VI
C3D IMPLEMENTATION COMPARISON BETWEEN THE PROPOSED FRAMEWORK, PRIOR WORK USING FPGA, AND MOBILE CPU/GPU EXECUTION

(FOR OUR 8-BIT SPARSE IMPLEMENTATIONS, THE THROUGHPUT, ENERGY EFFICIENCY, AND DSP EFFICIENCY ARE PROVIDED IN TWO CASES,
ONE CONSIDERING THE ACTUAL AMOUNT OF OPERATIONS AFTER PRUNING, AND THE OTHER IN PARENTHESES CONSIDERING

THE ORIGINAL AMOUNT OF OPERATIONS IN THE MODEL)

along the output dimension at a time, and the 4-bit Sparse
design can hold eight kernel groups. In addition to the
implementation parameters listed in Table V, other parameters
include TD = 4, TR = TC = 14, and TK = 9 for all the
designs.

The 16-bit Dense design is treated as the overall baseline.
The DSP usage of the 16-bit Sparse design is lower, because
the parallelism is set lower to prevent LUT over-utilization
causing placement and routing failures. In 8-bit designs with
the same DSP usage, the Sparse one utilizes 47% more LUTs
than the Dense one. In 4-bit designs, the Sparse one consumes
52% more LUTs than the Dense one, as the tiling size TM

increases from 32 to 64, requiring more LUTs for input and
output indexing.

The inference latency and power results of C3D and
R(2+1)D with different precisions and sparsity settings are
provided in Table IV. Compared with the 16-bit designs
under a specific sparsity and pruning ratio, 8-bit quantiza-
tion can accelerate C3D by 1.69×∼1.93× and R(2+1)D
by 1.70×∼1.86×. The 4-bit quantization further improves
the acceleration ratio to 3.53×∼3.83× for C3D and
3.42×∼3.51× for R(2+1)D. Compared with the Dense
designs under a specific quantization precision, the KGR
sparsity results in 1.50×∼1.64× acceleration for C3D
with 1.76× pruning and 1.42×∼1.51× acceleration for
R(2+1)D with 1.84× pruning. The acceleration ratio with
KGC is 1.70×∼1.94× for C3D with 1.93× pruning, and
1.58×∼1.63× for R(2+1)D with 1.75× pruning. With KGRC,
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(a) (b)

Fig. 6. Latency of each layer (block) in C3D and R(2+1)D with 8-bit quantization and four sparsity settings (None, KGR, KGC, and KGRC). (a) C3D
layer latency (ms). (b) R(2+1)D layer/block latency (ms).

TABLE VII
R(2+1)D IMPLEMENTATION COMPARISON BETWEEN THE PROPOSED FRAMEWORK AND MOBILE GPU/CPU EXECUTION (FOR OUR 8-BIT SPARSE

IMPLEMENTATIONS, THE THROUGHPUT, ENERGY EFFICIENCY, AND DSP EFFICIENCY ARE PROVIDED IN TWO CASES, ONE CONSIDERING

THE ACTUAL AMOUNT OF OPERATIONS AFTER PRUNING, AND THE OTHER IN PARENTHESES CONSIDERING THE

ORIGINAL AMOUNT OF OPERATIONS IN THE MODEL)

the speedup ratio increases to 2.29×∼2.43× for C3D with
3.04× pruning, and 2.05×∼2.27× for R(2+1)D with 3.02×
pruning. Generally, the power consumption of R(2+1)D is
similar to that of C3D under the same compression setting,
except for the KRC case where R(2+1)D dissipates slightly
more power. Despite the higher peak throughput, the 4-bit
Sparse design consumes 4.15 W∼4.23 W (53.2%∼54.6%)
higher power than the 8-bit Sparse one, degrading its energy
efficiency. This makes the 8-bit Sparse implementation more
preferable. In summary, the KGRC sparsity with 8-bit quan-
tization achieves a good balance between the speedup, model
accuracy, and power consumption, leading to acceleration
ratios of 4.12× for C3D and 3.85× for R(2+1)D compared
with the baselines.

Fig. 6 illustrates the latency of each layer or block in C3D
and R(2+1)D with 8-bit quantization and the four sparsity
settings. As the pruning ratios are set higher for convolutional
layers (blocks) with massive operations [e.g., conv2 and
conv3b in C3D and conv2_x in R(2+1)D], the decrease
in latency is correspondingly higher for the whole model.
The latency of KGR, KGC, and KGRC designs might be
higher than that of the Dense design for some layers (blocks)
[e.g., conv5a+5b in C3D, as well as conv1 and conv5_x in
R(2+1)D], because the Dense design is specially for dense
models without sparsity. Despite this, the overall latency is
shortened for both models, as shown above in Table IV.

Furthermore, Tables VI and VII compare the C3D and
R(2+1)D performance on our FPGA accelerators with that on
previous FPGA implementations as well as executions on the
NVIDIA Jetson Orin NX 16 GB platform [1] with an 8-core
Arm Cortex CPU and an Ampere GPU in the MAXN mode.
The GPU execution based on CUDA is tested, respectively,

with the PyTorch framework in 32-bit floating-point precision,
and the TensorRT builder on one deep learning accelerator
(DLA) compiler. For our 8-bit Sparse implementations, the
throughput, energy efficiency, and DSP efficiency are provided
in two cases, one considering the actual amount of operations
after pruning, and the other in parentheses considering the
original amount of operations in the model. It can be seen
from the latter case that higher pruning ratios result in
better performance. For the former case, the KGC executions
perform better, as the KGC sparsity incurs less irregularity
than KGR when running on hardware. There is a negative
correlation between the irregularity and the actual throughput
enhancement. An intuitive example is that the totally unstruc-
tured sparsity can hardly accelerate the model inference. The
KGRC sparsity combines KGR and KGC, becoming more
irregular than either of the two, although it is still hardware-
friendly. It is worth emphasizing that the significance of KGRC
lies in the higher pruning flexibility than KGR and KGC,
meaning higher potential to maintain the model accuracy under
similar pruning ratios. Generally, for an overall pruning ratio
lower than 2×, KGR or KGC sparsity is preferred, while for an
overall pruning ratio higher than 3×, KGRC is more suitable.

Compared with [10], our implementations can achieve
2.69×∼11.06× acceleration on C3D and 20.7%∼21.7% less
power consumption, indicating 4.70×∼5.81× higher energy
efficiency. For fair comparison with implementations based
on the Winograd algorithm in [38] and [39], the original
amount of model operations should be considered. The equiv-
alent efficiency of the accelerator in [39], realized on a
large-scale FPGA (VCU118 with 6840 DSPs), reaches 157.9
GOPS/W and 0.975 GOPS/DSP. Our 8-bit KGRC design
attains 1.46× higher energy efficiency, and comparable DSP
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efficiency (1.11×). Executed on the same platform, all of
our implementations acquire higher performance than those
in [42]. In detail, our C3D designs acquire 3.72×∼4.66×
higher throughput, and this ratio is 1.48×∼1.99× for our
R(2+1)D designs.

In comparison with the Orin NX CPU executions, the
energy efficiency of our implementations is 6.86×∼8.49×
higher for C3D and 6.68×∼8.78× higher for R(2+1)D. As
for the Orin NX GPU executions, the TensorRT framework
has a better optimization effect on power consumption and
thus on energy efficiency. The energy efficiency of our 8-bit
Sparse implementation with the KGC sparsity is higher than
that of the PyTorch-based execution, and competitive with that
of the TensorRT-based execution for both C3D and R(2+1)D.
Finally, our KGRC implementation is 6.96×∼9.81× more
energy efficient than the custom-designed E3DNet implemen-
tation [11] with 9.60 GOPS/W.

VII. CONCLUSION

This work designs and implements a 3-D CNN acceleration
framework through algorithm-hardware co-design, targeting
edge FPGAs with constrained resources. The proposed KGRC
sparsity is fine-grained to achieve high pruning ratios with
negligible accuracy loss (as nonstructured pruned models do),
and balanced across kernel groups to achieve high computation
parallelism on hardware accelerators (as structured pruned
models do). The corresponding reweighted pruning algorithm
is performed with quantization in different precisions for the
tradeoff between the model accuracy and inference speed. An
FPGA-based accelerator with four modes is then designed
to support the kernel group sparsity in multiple dimensions.
This co-design framework is tested on the C3D and R(2+1)D
networks for action recognition on the ZCU102 FPGA. The
experimental results indicate that the accelerator implementa-
tion with the KGRC sparsity and 8-bit quantization can achieve
speedup of 4.12× for C3D and 3.85× for R(2+1)D, compared
with the 16-bit baseline designs supporting only dense models.
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