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In recent years, 3D convolutional neural networks (CNNs)
have achieved improved accuracy across various 3D data
processing tasks, such as video understanding, medical im-
age analysis, and point cloud processing. This success
is largely attributed to their ability to effectively extract
spatio-temporal and volumetric features.

However, 3D CNNs demand substantial computational
resources, primarily because their 3D kernels are compu-
tationally intensive. Practical deployment on real-world
devices is often hindered by constraints such as inference
runtime, memory limitations, and cost. To address these
challenges, recent studies [1-3] have explored two comple-
mentary optimization strategies. At the operator level, fast
convolution algorithms such as Winograd convolution [4] re-
place spatial convolution operations with element-wise prod-
ucts, eliminating redundant multiplications and reducing
the computational load of 3D convolutions. At the model
level, network pruning techniques [5] simplify network com-
plexity by removing unnecessary units, significantly decreas-
ing parameters and computational demands. Combining
Winograd convolution and network pruning holds promise
for enabling deployment on resource-constrained devices.
However, these methods are not inherently compatible. The
sparsity introduced by pruning is often negated by the kernel
transformation used in the Winograd algorithm.

To tackle this incompatibility, some studies have applied
the Winograd transformation to CNNs, followed by prun-
ing and retraining the models within the Winograd domain.
These efforts, however, have primarily focused on 2D CNNs.
Extending this approach to 3D CNNs presents two key chal-
lenges. First, directly applying the Winograd transforma-
tion to 3D CNNs leads to a substantial increase in param-
eters, resulting in model redundancy and elevated resource
costs. Additionally, existing methods struggle to accelerate
pruned Winograd models owing to irregular sparse weight
matrices, which fail to fully utilize vector processing archi-
tectures or memory buses. Therefore, the issue of accelerat-
ing the Winograd transformation, particularly for 3D CNNs,
remains unsolved. See Appendixes A and B for more elab-
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oration.

This study introduces a novel low-rank Winograd trans-
formation tailored for 3D CNNs, addressing the challenges
associated with high parameter counts and computational
complexity inherent in traditional Winograd transforma-
tions. To further enhance efficiency, we propose a low-rank-
oriented sparse granularity, which enables more regular and
efficient sparse patterns in computations.

We evaluate our method across various 3D CNN back-
bones and datasets, with experimental results demonstrat-
ing not only superior performance but also significant re-
ductions in computational overhead. To validate the prac-
ticality of our approach, we developed a custom accelera-
tion kernel optimized for the proposed sparse granularity on
mobile ARM (advanced RISC machine) CPUs (central pro-
cessing units). The experimental results indicate that our
method achieves practical acceleration with minimal perfor-
mance loss compared to the vanilla Winograd transforma-
tion.

Proposed method.
transformation and network pruning techniques for practical

To efficiently integrate Winograd

acceleration, our method follows three main steps.

First, we convert 3D convolutional layers into 3D Wino-
grad layers using the Winograd transformation.
lyzed, weight updates in the Winograd domain should focus
on principal directions within the Winograd space. Conse-
quently, we introduce the low-rank Winograd transforma-
tion (illustrated on the right part of Figure 1(a)). This ap-
proach simplifies weight updates by representing the tran-
sition from a pre-trained Winograd weight tensor to a fine-

As ana-

tuned one with two smaller matrices. By strategically up-
dating weights along the principal directions during spar-
sity training, this method significantly reduces the number
of trainable parameters in the Winograd domain and out-
performs the vanilla Winograd transformation (shown in the
left part of Figure 1(a)).

Next, we present a low-rank-oriented sparse granular-
ity that is highly acceleration-friendly. This granularity
leverages the position-sensitive characteristics of Winograd
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Figure 1

(Color online) (a) Comparison between the vanilla Winograd transformation (left) and our low-rank Winograd trans-

formation (right). We freeze Gw and optimize the whole Winograd weights by two low-rank matrices G, and G., leading to a
significant reduction in trainable parameters. (b) Sparse training of our low-rank oriented sparse granularity. (c¢) Dense inference

after applying our low-rank oriented sparse granularity.

weights to establish a regularized column sparsity pattern.
As depicted in Figure 1(b), we introduce a scoring sequence
that quantifies the significance of weight columns by accu-
mulating the magnitude and gradient of column locations
during each training iteration. After thorough evaluation,
only the most important weight columns are retained, while
the rest are pruned. The model is then retrained efficiently
using only the updated low-rank matrices, completing the
training process for the regularized sparse Winograd model.

Finally, as shown in Figure 1(c), we compress the pruned
model by retaining the non-zero columns. This compres-
sion enables the model to perform dense element-wise prod-
ucts during inference. This strategy not only capitalizes
on the inherent performance benefits of the Winograd al-
gorithm but also effectively converts the achieved sparsity
into a practical acceleration ratio. This ensures the model
remains highly efficient while delivering accelerated perfor-
mance.

For more detailed methods, please refer to Appendix C.
Our methodology is applied to 3D CNN
models consisting of plentiful standard 3D convolution lay-
ers. We replace all these layers with 3D Winograd layers
and apply the low-rank Winograd transformation on these
layers for sparse training.

FExperiments.

We validated the effectiveness of our proposed method
from two perspectives: reduction in computational load and
practical speedup. First, we compared our method with
state-of-the-art pruning methods designed for 3D CNNs.
Experimental results indicate that our method significantly
reduces computational load while achieving superior perfor-
mance. Second, when tested on mobile devices against other
common acceleration methods, our approach demonstrated
higher acceleration ratios without severely impacting accu-
racy. These results demonstrate both the theoretical and
practical advantages of our method. Additional experimen-
tal results are available in Appendix D.

Conclusion. This study presents a novel low-rank Wino-

grad transformation to address the over-parameterization
issue in 3D CNNs. By decoupling the original Winograd
weight matrix into two space-efficient matrices, we achieve a
remarkable reduction in trainable parameters. The low-rank
constraint eliminates redundant parameters and directs up-
dates toward the principal directions of the Winograd space,
resulting in improved performance.

In addition, we propose low-rank-oriented sparsity to
achieve effectual speedups. This approach models the
column-wise importance of the Winograd weight matrix and
removes the low-scoring ones. By promoting a more regular
sparsity pattern, our method supports practical acceleration
more effectively than irregular sparsity.
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