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Abstract; To address the limitations of existing tensor decomposition-based methods for
compressing convolutional kernels, such as the trade-off between spatial and temporal lightweight
and excessive reliance on convolutional bottleneck structure, a compression method with layered
matrices called KCPStack is proposed in this paper which offers considerable compression and
acceleration capabilities. Firstly, from the perspective of matrix multiplication, the convolutional
kernels are split by channel and subjected to a second-order Khatri-Rao Product (KCP)

decomposition and the resulting factor tensors are combined into two-layer weight matrices,
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thereby transforming the convolutional computation into a two-layer lightweight convolutional
structure with higher inference efficiency. Secondly, a comparison is made between the space
complexity regarding parameter reduction and time complexity regarding inference computation of
the KCPStack method and other typical tensor decomposition-based compression methods for
the KCPStack method is deployed on the RK3588 neural

processing unit to develop related applications to meet the object detection and recognition needs

convolutional kernels. Lastly,
for the real scene. The experimental results demonstrate that, compared with existing tensor
decomposition-based methods., the proposed KCPStack method achieves the highest inference
computation efficiency under the same tensor rank or comparable parameter quantity conditions.
On the benchmark datasets CIFAR-10 and ImageNet for image classification, the KCPStack
method controls the accuracy loss to around 1% while achieving a maximum parameter reduction
of 85.0% and a computational saving of 79. 8%. On the benchmark dataset COCO for object
detection and recognition, the KCPStack method exhibits an average precision drop of less than
1% compared to the baseline model. When the KCPStack method is adopted for an object
detection and recognition task in the real scene, an average precision of 95. 4% and of an image
processing frame rate of 35 frames per second are achieved on the RK3588 neural processing unit,
and it requires only 33.1 MB of memory consumption.

Keywords: KCP tensor decomposition; convolutional kernel compression; inference efficiency;

layered matrices; object detection and recognition
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Fig. 1 The im2col algorithm of convolution
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Table 1 Network architecture of VGG-14 compressed by KCPStack
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Table 2 The effect comparison of compressing VGG models on CIFAR-10 dataset in different tensor decomposed methods

£ BEHE B LAY SVDH Tucker™'® BTH" CpHs Kruskal KCPNet'®”  KCPStack
HERR 2/ %% 93.340.05 90.140.12 92.7240.03 93.340.01 92.940.06 92.970.04 93.0=40.01 92.674-0.02
SRR /100 14.7 2.2 2.2 2.2 2.2 2.2 2.2 2.2
T /100 313.2 51.9 78.3 5.0 83.8 83.4 76. 6 63.2

%3 RREKZHMFFEAEL VGG A /£ ImageNet 338 £ £ 4920 F 31tk

Table 3 The effect comparison of compressing VGG models on ImageNet dataset in different tensor decomposed methods

PERE 4R A F LR AR SVD' Tucker!® BT cpil Kruskal"”! KCPNet™’ KCPStack
W2/ % 68.970.02 65.540.02 68.0%£0.01 68.340.01 67.7+0.03 67.440.04 67.8+0.03 67.540.03
SR /10° 15.2 2.7 2.7 2.7 2.7 2.7 2.7 2.7
T /10° 1,232.5 217.6 311. 4 337.3 333.0 331.8 298.5 252.6
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Fig. 7 The compression scheme with KCPStack for YOLOv5
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Fig. 8 Samples in the special dataset of object detection

and recognition for complex environment
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Table 4 The comparison of object detection and recognition results between YOLOv5s and lightweight models on RK3588 for

COCO dataset and the special dataset
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FIIRGEE/ % FHIRE R/ 2 10° MB ms (i - s
YOLOV5s 56.8+0.01 95.9+0.02 211.9 40. 8 41 >24
DW-YOLOvS5s 56.2+0.01 95.6+0.03 176.7 34.5 32 =31
KS-YOLOvS5s 55.8+0.02 95.4+£0.02 164.3 33.1 28 =35
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Fig. 9 The effect of object detection and recognition with KS-YOLOv5s on the special dataset
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