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[Abstract]

Convolutional neural networks (CNNs) often require large receptive fields, making acceleration
algorithms and GPU kernel configurations key factors in optimizing inference performance. In
decomposable Winograd convolution algorithms, previous thread indexing methods lead to thread
divergence, where threads within a warp are serialized due to differences in filter sizes. In this paper, we
introduce a channel-wise thread indexing that eliminates thread divergence by mapping each convolutional
filter channel to the same warp. This approach ensures uniform filter sizes across threads within a warp,
significantly enhancing performance. Experiments show that the proposed method removes all potential
thread divergence across diverse convolution configurations, including various filter sizes and input/output
channel counts, reducing execution time up to 15% on state-of-the-art CNN models. These results

demonstrate the potential for improving CNN computational efficiency on SIMT architectures.

» Key words: GPU, GPGPU(General Purpose computing on Graphics Processing Units),
CUDA(Compute Unified Device Architecture), CNN(Convolutional Neural Network),
thread divergence
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I. Introduction
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II. Backgrounds and Related Works

1. Backgrounds
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2. Related Works

2.1. Implementation of Winograd Convolution
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Algorithm 1 Parallel Filter Split (Channel-wise indexing)

Require: filter W (size: K x C x H x W), sub-filter count SF
Ensure: Transformed Filter W

j 5 procedure SPLIT WITH EXPANSION(W, SF)
BK + ¢4 ©> Threads per block in K dimension
3 BC «8 © Threads per block in C dimension
4 BLOCK_SIZE «+ (BK,BC) © Define thread block size
5 Define threads block grid: ([K - SF/(BK)], [C/BC])
6: for each thread block (b,,by) in parallel do
7
8
9

Allocate shared memory array Gw[BLOCK_SIZE][21]
for each thread (1, ty) in threads block in parallel do

- k4=by / Countgyptippers
10: 4 by-BC+ty

11: gid « k- BK + t > Filter out channel index
12: sid + by mod (Countgyp fiters) & Sub-filter index
13: ifk < Kand ¢ < C then

14: Guwlty * BK+ ty][0: 9] - W]]

15: Compute G - w transformation

16: Compute (G - w) - G' transformation

17: Store result in W[::, gid, :, :, sid]

18: Synchronize threads in work-group

19: return W

Algorithm. 1. Parallel Filter Split (Channel-wise indexing)
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IV. Experiments

4.1. Experimental Setup
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Table 1. RTX 3080 Hardware Configuration

Configuration Value
SMs 68
Thread / SM 128
Warp / SM 4
Threads / Warp 32

4.2. Experimental Results
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Transformation
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Table 2. Convolution Layers with Filter Size Larger
than 3 in ConvNeXt[14]

Layer Output (HXW) Filter(C,RXS,K)
Stagel 56%56 [96,7%7,96]
Stage2 28%28 [96,7%7,192]
Stage3 14X14 [192,7%7,384]
Stage4 7X7 [384,7%7,768]
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Fig. 6. Execution Time by ConvNeXt Layers
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