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• Humans use their eyes and their brains to visually sense the world.

• Computers user their cameras and computation to visually sense the world

Jian Sun, “Introduction to Computer Vision and Deep Learning”.

Computer Vision
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Few More Core Problems

3/48



Slide Credit: He et al. (MSRA) 
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• AlexNet (Krizhevsky, Sutskever, and E. Hinton 2012) 233MB

• Network in Network (Lin, Q. Chen, and Yan 2013) 29MB

• VGG (Simonyan and Zisserman 2015) 549MB

• GoogleNet (Szegedy, Liu, et al. 2015) 51MB

• ResNet (K. He et al. 2016) 215MB

• Inception-ResNet (Szegedy, Vanhoucke, et al. 2016)

• DenseNet (Huang et al. 2017)

• Xception (Chollet 2017)

• MobileNetV2 (Sandler et al. 2018)

• ShuffleNet (Zhang, Zhou, et al. 2018)

Some Recent Classification Architectures
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1

1Alfredo Canziani, Adam Paszke, and Eugenio Culurciello (2017). “An analysis of deep neural
network models for practical applications”. In: arXiv preprint. 6/48



Convolution layer is one of the most expensive layers
• Computation pattern

• Emerging challenges

More and more end-point devices with limited memory

• Cameras

• Smartphone

• Autonomous driving

When Machine Learning Meets Hardware
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2

2Song Han and William J. Dally (2018). “Bandwidth-efficient Deep Learning”. In: Proc. DAC,
147:1–147:6.

1st Challenge: Model Size
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3

3Song Han and William J. Dally (2018). “Bandwidth-efficient Deep Learning”. In: Proc. DAC,
147:1–147:6.

2nd Challenge: Energy Efficiency
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Convolution Is the Bottleneck
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2 Convolution Basis

3 GEMM

4 Direct Convolution

5 Sparse Convolution

Outline
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Convolution Basis
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Direct convolution: No extra memory overhead

• Low performance

• Poor memory access pattern due to geometry-specific constraint

• Relatively short dot product

Convolution 101
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Increasing 
distance 
from the 
processor 
in access
time

L1$

L2$

Main Memory

Secondary  Memory

Processor

(Relative) size of the memory at each level

Inclusive–
what is in L1$ 
is a subset of 
what is in L2$  
is a subset of 
what is in MM 
that is a 
subset of is in 
SM

4-8 bytes (word)

1 to 4 blocks

1,024+ bytes (disk sector = page)

8-32 bytes (block)

• Spatial locality

• Temporal Locality

Background: Memory System
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GEMM



Same complexity; same real runtime?
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• Large extra memory overhead

• Good performance

• BLAS-friendly memory layout to enjoy SIMD/locality/parallelism

• Applicable for any convolution configuration on any platform

Im2col (Image2Column) 2D-Convolution
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• Sub matrices in the lowered matrix will be “sgemm” ed in parallel

• Smaller memory foot print, cache locality, and explicit parallelism

4Minsik Cho and Daniel Brand (2017). “MEC: memory-efficient convolution for deep neural
network”. In: Proc. ICML.

SOTA 1: Memory-efficient Convolution
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Over 2×memory saving:

• Over 2x saving
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……

X 2 Rd⇥(k2c)
<latexit sha1_base64="hB2qTO+GpLSPUbONHsZTIgQeYWQ=">AAACE3icbVC7TsMwFHXKq5RXgJHFokUqDFXSBcZKLIwF0YfUpJXjOK1Vx4lsB6mK8g8s/AoLAwixsrDxNzhtBmg5kqXjc+7Vvfd4MaNSWda3UVpb39jcKm9Xdnb39g/Mw6OujBKBSQdHLBJ9D0nCKCcdRRUj/VgQFHqM9Lzpde73HoiQNOL3ahYTN0RjTgOKkdLSyLyoOSFSEy9I+5lDOVz8vPQuG6a+o2hIZH06bOLzrDYyq1bDmgOuErsgVVCgPTK/HD/CSUi4wgxJObCtWLkpEopiRrKKk0gSIzxFYzLQlCM9zE3nN2XwTCs+DCKhH1dwrv7uSFEo5Sz0dGW+slz2cvE/b5Co4MpNKY8TRTheDAoSBlUE84CgTwXBis00QVhQvSvEEyQQVjrGig7BXj55lXSbDVvz22a1ZRVxlMEJOAV1YINL0AI3oA06AINH8AxewZvxZLwY78bHorRkFD3H4A+Mzx+sfp3v</latexit><latexit sha1_base64="hB2qTO+GpLSPUbONHsZTIgQeYWQ=">AAACE3icbVC7TsMwFHXKq5RXgJHFokUqDFXSBcZKLIwF0YfUpJXjOK1Vx4lsB6mK8g8s/AoLAwixsrDxNzhtBmg5kqXjc+7Vvfd4MaNSWda3UVpb39jcKm9Xdnb39g/Mw6OujBKBSQdHLBJ9D0nCKCcdRRUj/VgQFHqM9Lzpde73HoiQNOL3ahYTN0RjTgOKkdLSyLyoOSFSEy9I+5lDOVz8vPQuG6a+o2hIZH06bOLzrDYyq1bDmgOuErsgVVCgPTK/HD/CSUi4wgxJObCtWLkpEopiRrKKk0gSIzxFYzLQlCM9zE3nN2XwTCs+DCKhH1dwrv7uSFEo5Sz0dGW+slz2cvE/b5Co4MpNKY8TRTheDAoSBlUE84CgTwXBis00QVhQvSvEEyQQVjrGig7BXj55lXSbDVvz22a1ZRVxlMEJOAV1YINL0AI3oA06AINH8AxewZvxZLwY78bHorRkFD3H4A+Mzx+sfp3v</latexit><latexit sha1_base64="hB2qTO+GpLSPUbONHsZTIgQeYWQ=">AAACE3icbVC7TsMwFHXKq5RXgJHFokUqDFXSBcZKLIwF0YfUpJXjOK1Vx4lsB6mK8g8s/AoLAwixsrDxNzhtBmg5kqXjc+7Vvfd4MaNSWda3UVpb39jcKm9Xdnb39g/Mw6OujBKBSQdHLBJ9D0nCKCcdRRUj/VgQFHqM9Lzpde73HoiQNOL3ahYTN0RjTgOKkdLSyLyoOSFSEy9I+5lDOVz8vPQuG6a+o2hIZH06bOLzrDYyq1bDmgOuErsgVVCgPTK/HD/CSUi4wgxJObCtWLkpEopiRrKKk0gSIzxFYzLQlCM9zE3nN2XwTCs+DCKhH1dwrv7uSFEo5Sz0dGW+slz2cvE/b5Co4MpNKY8TRTheDAoSBlUE84CgTwXBis00QVhQvSvEEyQQVjrGig7BXj55lXSbDVvz22a1ZRVxlMEJOAV1YINL0AI3oA06AINH8AxewZvxZLwY78bHorRkFD3H4A+Mzx+sfp3v</latexit><latexit sha1_base64="hB2qTO+GpLSPUbONHsZTIgQeYWQ=">AAACE3icbVC7TsMwFHXKq5RXgJHFokUqDFXSBcZKLIwF0YfUpJXjOK1Vx4lsB6mK8g8s/AoLAwixsrDxNzhtBmg5kqXjc+7Vvfd4MaNSWda3UVpb39jcKm9Xdnb39g/Mw6OujBKBSQdHLBJ9D0nCKCcdRRUj/VgQFHqM9Lzpde73HoiQNOL3ahYTN0RjTgOKkdLSyLyoOSFSEy9I+5lDOVz8vPQuG6a+o2hIZH06bOLzrDYyq1bDmgOuErsgVVCgPTK/HD/CSUi4wgxJObCtWLkpEopiRrKKk0gSIzxFYzLQlCM9zE3nN2XwTCs+DCKhH1dwrv7uSFEo5Sz0dGW+slz2cvE/b5Co4MpNKY8TRTheDAoSBlUE84CgTwXBis00QVhQvSvEEyQQVjrGig7BXj55lXSbDVvz22a1ZRVxlMEJOAV1YINL0AI3oA06AINH8AxewZvxZLwY78bHorRkFD3H4A+Mzx+sfp3v</latexit>

W 2 R(k2c)⇥n
<latexit sha1_base64="WzkRjOXOa3lALoCKVkFfCC+0rks=">AAACFHicbVC7TsMwFHXKq5RXgJHFokUqQqqSLDBWYmEsiD6kJq0c12mtOk5kO0hVlI9g4VdYGECIlYGNv8FpM0DLkSwdn3Ov7r3HjxmVyrK+jdLa+sbmVnm7srO7t39gHh51ZJQITNo4YpHo+UgSRjlpK6oY6cWCoNBnpOtPr3O/+0CEpBG/V7OYeCEacxpQjJSWhuZFzQ2RmvhB2s1cyuHi56d32SCtTwcOPncVDYmEPKsNzarVsOaAq8QuSBUUaA3NL3cU4SQkXGGGpOzbVqy8FAlFMSNZxU0kiRGeojHpa8qRHuSl86MyeKaVEQwioR9XcK7+7khRKOUs9HVlvrNc9nLxP6+fqODKSymPE0U4XgwKEgZVBPOE4IgKghWbaYKwoHpXiCdIIKx0jhUdgr188irpOA1b81un2nSKOMrgBJyCOrDBJWiCG9ACbYDBI3gGr+DNeDJejHfjY1FaMoqeY/AHxucPGkWeJA==</latexit><latexit sha1_base64="WzkRjOXOa3lALoCKVkFfCC+0rks=">AAACFHicbVC7TsMwFHXKq5RXgJHFokUqQqqSLDBWYmEsiD6kJq0c12mtOk5kO0hVlI9g4VdYGECIlYGNv8FpM0DLkSwdn3Ov7r3HjxmVyrK+jdLa+sbmVnm7srO7t39gHh51ZJQITNo4YpHo+UgSRjlpK6oY6cWCoNBnpOtPr3O/+0CEpBG/V7OYeCEacxpQjJSWhuZFzQ2RmvhB2s1cyuHi56d32SCtTwcOPncVDYmEPKsNzarVsOaAq8QuSBUUaA3NL3cU4SQkXGGGpOzbVqy8FAlFMSNZxU0kiRGeojHpa8qRHuSl86MyeKaVEQwioR9XcK7+7khRKOUs9HVlvrNc9nLxP6+fqODKSymPE0U4XgwKEgZVBPOE4IgKghWbaYKwoHpXiCdIIKx0jhUdgr188irpOA1b81un2nSKOMrgBJyCOrDBJWiCG9ACbYDBI3gGr+DNeDJejHfjY1FaMoqeY/AHxucPGkWeJA==</latexit><latexit sha1_base64="WzkRjOXOa3lALoCKVkFfCC+0rks=">AAACFHicbVC7TsMwFHXKq5RXgJHFokUqQqqSLDBWYmEsiD6kJq0c12mtOk5kO0hVlI9g4VdYGECIlYGNv8FpM0DLkSwdn3Ov7r3HjxmVyrK+jdLa+sbmVnm7srO7t39gHh51ZJQITNo4YpHo+UgSRjlpK6oY6cWCoNBnpOtPr3O/+0CEpBG/V7OYeCEacxpQjJSWhuZFzQ2RmvhB2s1cyuHi56d32SCtTwcOPncVDYmEPKsNzarVsOaAq8QuSBUUaA3NL3cU4SQkXGGGpOzbVqy8FAlFMSNZxU0kiRGeojHpa8qRHuSl86MyeKaVEQwioR9XcK7+7khRKOUs9HVlvrNc9nLxP6+fqODKSymPE0U4XgwKEgZVBPOE4IgKghWbaYKwoHpXiCdIIKx0jhUdgr188irpOA1b81un2nSKOMrgBJyCOrDBJWiCG9ACbYDBI3gGr+DNeDJejHfjY1FaMoqeY/AHxucPGkWeJA==</latexit><latexit sha1_base64="WzkRjOXOa3lALoCKVkFfCC+0rks=">AAACFHicbVC7TsMwFHXKq5RXgJHFokUqQqqSLDBWYmEsiD6kJq0c12mtOk5kO0hVlI9g4VdYGECIlYGNv8FpM0DLkSwdn3Ov7r3HjxmVyrK+jdLa+sbmVnm7srO7t39gHh51ZJQITNo4YpHo+UgSRjlpK6oY6cWCoNBnpOtPr3O/+0CEpBG/V7OYeCEacxpQjJSWhuZFzQ2RmvhB2s1cyuHi56d32SCtTwcOPncVDYmEPKsNzarVsOaAq8QuSBUUaA3NL3cU4SQkXGGGpOzbVqy8FAlFMSNZxU0kiRGeojHpa8qRHuSl86MyeKaVEQwioR9XcK7+7khRKOUs9HVlvrNc9nLxP6+fqODKSymPE0U4XgwKEgZVBPOE4IgKghWbaYKwoHpXiCdIIKx0jhUdgr188irpOA1b81un2nSKOMrgBJyCOrDBJWiCG9ACbYDBI3gGr+DNeDJejHfjY1FaMoqeY/AHxucPGkWeJA==</latexit>

Y 2 Rd⇥n
<latexit sha1_base64="YmPkeJlIVJEaJpLSd9HqFkIjj5g=">AAACD3icbVC7TsMwFHXKq5RXgZHFogUxVUkXGCuxMBZEH6gJleM6rVXHiewbpCrKH7DwKywMIMTKysbf4LYZoOVIlo7PuVf33uPHgmuw7W+rsLK6tr5R3Cxtbe/s7pX3D9o6ShRlLRqJSHV9opngkrWAg2DdWDES+oJ1/PHl1O88MKV5JG9hEjMvJEPJA04JGKlfPq26IYGRH6R3mcslnv/89Ca7Twcu8JBpLLNqv1yxa/YMeJk4OamgHM1++csdRDQJmQQqiNY9x47BS4kCTgXLSm6iWUzomAxZz1BJzCAvnd2T4ROjDHAQKfMk4Jn6uyMlodaT0DeV03X1ojcV//N6CQQXXsplnACTdD4oSASGCE/DwQOuGAUxMYRQxc2umI6IIhRMhCUTgrN48jJp12uO4df1SsPO4yiiI3SMzpCDzlEDXaEmaiGKHtEzekVv1pP1Yr1bH/PSgpX3HKI/sD5/ACa1nKc=</latexit><latexit sha1_base64="YmPkeJlIVJEaJpLSd9HqFkIjj5g=">AAACD3icbVC7TsMwFHXKq5RXgZHFogUxVUkXGCuxMBZEH6gJleM6rVXHiewbpCrKH7DwKywMIMTKysbf4LYZoOVIlo7PuVf33uPHgmuw7W+rsLK6tr5R3Cxtbe/s7pX3D9o6ShRlLRqJSHV9opngkrWAg2DdWDES+oJ1/PHl1O88MKV5JG9hEjMvJEPJA04JGKlfPq26IYGRH6R3mcslnv/89Ca7Twcu8JBpLLNqv1yxa/YMeJk4OamgHM1++csdRDQJmQQqiNY9x47BS4kCTgXLSm6iWUzomAxZz1BJzCAvnd2T4ROjDHAQKfMk4Jn6uyMlodaT0DeV03X1ojcV//N6CQQXXsplnACTdD4oSASGCE/DwQOuGAUxMYRQxc2umI6IIhRMhCUTgrN48jJp12uO4df1SsPO4yiiI3SMzpCDzlEDXaEmaiGKHtEzekVv1pP1Yr1bH/PSgpX3HKI/sD5/ACa1nKc=</latexit><latexit sha1_base64="YmPkeJlIVJEaJpLSd9HqFkIjj5g=">AAACD3icbVC7TsMwFHXKq5RXgZHFogUxVUkXGCuxMBZEH6gJleM6rVXHiewbpCrKH7DwKywMIMTKysbf4LYZoOVIlo7PuVf33uPHgmuw7W+rsLK6tr5R3Cxtbe/s7pX3D9o6ShRlLRqJSHV9opngkrWAg2DdWDES+oJ1/PHl1O88MKV5JG9hEjMvJEPJA04JGKlfPq26IYGRH6R3mcslnv/89Ca7Twcu8JBpLLNqv1yxa/YMeJk4OamgHM1++csdRDQJmQQqiNY9x47BS4kCTgXLSm6iWUzomAxZz1BJzCAvnd2T4ROjDHAQKfMk4Jn6uyMlodaT0DeV03X1ojcV//N6CQQXXsplnACTdD4oSASGCE/DwQOuGAUxMYRQxc2umI6IIhRMhCUTgrN48jJp12uO4df1SsPO4yiiI3SMzpCDzlEDXaEmaiGKHtEzekVv1pP1Yr1bH/PSgpX3HKI/sD5/ACa1nKc=</latexit><latexit sha1_base64="YmPkeJlIVJEaJpLSd9HqFkIjj5g=">AAACD3icbVC7TsMwFHXKq5RXgZHFogUxVUkXGCuxMBZEH6gJleM6rVXHiewbpCrKH7DwKywMIMTKysbf4LYZoOVIlo7PuVf33uPHgmuw7W+rsLK6tr5R3Cxtbe/s7pX3D9o6ShRlLRqJSHV9opngkrWAg2DdWDES+oJ1/PHl1O88MKV5JG9hEjMvJEPJA04JGKlfPq26IYGRH6R3mcslnv/89Ca7Twcu8JBpLLNqv1yxa/YMeJk4OamgHM1++csdRDQJmQQqiNY9x47BS4kCTgXLSm6iWUzomAxZz1BJzCAvnd2T4ROjDHAQKfMk4Jn6uyMlodaT0DeV03X1ojcV//N6CQQXXsplnACTdD4oSASGCE/DwQOuGAUxMYRQxc2umI6IIhRMhCUTgrN48jJp12uO4df1SsPO4yiiI3SMzpCDzlEDXaEmaiGKHtEzekVv1pP1Yr1bH/PSgpX3HKI/sD5/ACa1nKc=</latexit>

⇥
<latexit sha1_base64="o/TztkgjxWN4eKNCgAhptEPqjkA=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lpjIRwIXsrfswYa9vXN3zoRc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94DThfkRHSoSCUbRSt9pHEXFTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGeponaLny3unZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieO1nQiUpcsWWi8JUEozJ/HkyFJozlFNLKNPC3krYmGrK0EZUsiF4qy+vk3a95rk1775eadzkcRThDM7hEjy4ggbcQRNawEDCM7zCm/PovDjvzseyteDkM6fwB87nD3ASj44=</latexit><latexit sha1_base64="o/TztkgjxWN4eKNCgAhptEPqjkA=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lpjIRwIXsrfswYa9vXN3zoRc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94DThfkRHSoSCUbRSt9pHEXFTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGeponaLny3unZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieO1nQiUpcsWWi8JUEozJ/HkyFJozlFNLKNPC3krYmGrK0EZUsiF4qy+vk3a95rk1775eadzkcRThDM7hEjy4ggbcQRNawEDCM7zCm/PovDjvzseyteDkM6fwB87nD3ASj44=</latexit><latexit sha1_base64="o/TztkgjxWN4eKNCgAhptEPqjkA=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lpjIRwIXsrfswYa9vXN3zoRc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94DThfkRHSoSCUbRSt9pHEXFTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGeponaLny3unZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieO1nQiUpcsWWi8JUEozJ/HkyFJozlFNLKNPC3krYmGrK0EZUsiF4qy+vk3a95rk1775eadzkcRThDM7hEjy4ggbcQRNawEDCM7zCm/PovDjvzseyteDkM6fwB87nD3ASj44=</latexit><latexit sha1_base64="o/TztkgjxWN4eKNCgAhptEPqjkA=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lpjIRwIXsrfswYa9vXN3zoRc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94DThfkRHSoSCUbRSt9pHEXFTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGeponaLny3unZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieO1nQiUpcsWWi8JUEozJ/HkyFJozlFNLKNPC3krYmGrK0EZUsiF4qy+vk3a95rk1775eadzkcRThDM7hEjy4ggbcQRNawEDCM7zCm/PovDjvzseyteDkM6fwB87nD3ASj44=</latexit>

=<latexit sha1_base64="kaDWDxarIbt8b7begmsQdMm2hCQ=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsabUyINpYYBUngQvaWOdiwt3fZ3TMhF36CjYXG2PqL7Pw3LnCFgi+Z5OW9mczMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4GMwvpn5j0+oNI/lg5kk6Ed0KHnIGTVWuq9eVfvliltz5yCrxMtJBXI0++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzU6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDSz7hMUoOSLRaFqSAmJrO/yYArZEZMLKFMcXsrYSOqKDM2nZINwVt+eZW06zXPrXl39UrjOo+jCCdwCufgwQU04Baa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz9Dq40b</latexit><latexit sha1_base64="kaDWDxarIbt8b7begmsQdMm2hCQ=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsabUyINpYYBUngQvaWOdiwt3fZ3TMhF36CjYXG2PqL7Pw3LnCFgi+Z5OW9mczMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4GMwvpn5j0+oNI/lg5kk6Ed0KHnIGTVWuq9eVfvliltz5yCrxMtJBXI0++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzU6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDSz7hMUoOSLRaFqSAmJrO/yYArZEZMLKFMcXsrYSOqKDM2nZINwVt+eZW06zXPrXl39UrjOo+jCCdwCufgwQU04Baa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz9Dq40b</latexit><latexit sha1_base64="kaDWDxarIbt8b7begmsQdMm2hCQ=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsabUyINpYYBUngQvaWOdiwt3fZ3TMhF36CjYXG2PqL7Pw3LnCFgi+Z5OW9mczMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4GMwvpn5j0+oNI/lg5kk6Ed0KHnIGTVWuq9eVfvliltz5yCrxMtJBXI0++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzU6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDSz7hMUoOSLRaFqSAmJrO/yYArZEZMLKFMcXsrYSOqKDM2nZINwVt+eZW06zXPrXl39UrjOo+jCCdwCufgwQU04Baa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz9Dq40b</latexit><latexit sha1_base64="kaDWDxarIbt8b7begmsQdMm2hCQ=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsabUyINpYYBUngQvaWOdiwt3fZ3TMhF36CjYXG2PqL7Pw3LnCFgi+Z5OW9mczMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4GMwvpn5j0+oNI/lg5kk6Ed0KHnIGTVWuq9eVfvliltz5yCrxMtJBXI0++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzU6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDSz7hMUoOSLRaFqSAmJrO/yYArZEZMLKFMcXsrYSOqKDM2nZINwVt+eZW06zXPrXl39UrjOo+jCCdwCufgwQU04Baa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz9Dq40b</latexit>

=<latexit sha1_base64="kaDWDxarIbt8b7begmsQdMm2hCQ=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsabUyINpYYBUngQvaWOdiwt3fZ3TMhF36CjYXG2PqL7Pw3LnCFgi+Z5OW9mczMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4GMwvpn5j0+oNI/lg5kk6Ed0KHnIGTVWuq9eVfvliltz5yCrxMtJBXI0++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzU6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDSz7hMUoOSLRaFqSAmJrO/yYArZEZMLKFMcXsrYSOqKDM2nZINwVt+eZW06zXPrXl39UrjOo+jCCdwCufgwQU04Baa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz9Dq40b</latexit><latexit sha1_base64="kaDWDxarIbt8b7begmsQdMm2hCQ=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsabUyINpYYBUngQvaWOdiwt3fZ3TMhF36CjYXG2PqL7Pw3LnCFgi+Z5OW9mczMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4GMwvpn5j0+oNI/lg5kk6Ed0KHnIGTVWuq9eVfvliltz5yCrxMtJBXI0++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzU6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDSz7hMUoOSLRaFqSAmJrO/yYArZEZMLKFMcXsrYSOqKDM2nZINwVt+eZW06zXPrXl39UrjOo+jCCdwCufgwQU04Baa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz9Dq40b</latexit><latexit sha1_base64="kaDWDxarIbt8b7begmsQdMm2hCQ=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsabUyINpYYBUngQvaWOdiwt3fZ3TMhF36CjYXG2PqL7Pw3LnCFgi+Z5OW9mczMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4GMwvpn5j0+oNI/lg5kk6Ed0KHnIGTVWuq9eVfvliltz5yCrxMtJBXI0++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzU6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDSz7hMUoOSLRaFqSAmJrO/yYArZEZMLKFMcXsrYSOqKDM2nZINwVt+eZW06zXPrXl39UrjOo+jCCdwCufgwQU04Baa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz9Dq40b</latexit><latexit sha1_base64="kaDWDxarIbt8b7begmsQdMm2hCQ=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsabUyINpYYBUngQvaWOdiwt3fZ3TMhF36CjYXG2PqL7Pw3LnCFgi+Z5OW9mczMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4GMwvpn5j0+oNI/lg5kk6Ed0KHnIGTVWuq9eVfvliltz5yCrxMtJBXI0++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzU6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDSz7hMUoOSLRaFqSAmJrO/yYArZEZMLKFMcXsrYSOqKDM2nZINwVt+eZW06zXPrXl39UrjOo+jCCdwCufgwQU04Baa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz9Dq40b</latexit>

⌦
<latexit sha1_base64="BKxXdQ+px1MKj+qr7bW3X9GVajs=">AAAB8HicbVA9SwNBEJ3zM8avqKXNYiJYhbs0WgZsLCOYD0mOsLfZJEt2947dOSEc+RU2ForY+nPs/Ddukis08cHA470ZZuZFiRQWff/b29jc2t7ZLewV9w8Oj45LJ6ctG6eG8SaLZWw6EbVcCs2bKFDyTmI4VZHk7WhyO/fbT9xYEesHnCY8VHSkxVAwik56rPRiFIrbSr9U9qv+AmSdBDkpQ45Gv/TVG8QsVVwjk9TabuAnGGbUoGCSz4q91PKEsgkd8a6jmrotYbY4eEYunTIgw9i40kgW6u+JjCprpypynYri2K56c/E/r5vi8CbMhE5S5JotFw1TSTAm8+/JQBjOUE4docwIdythY2ooQ5dR0YUQrL68Tlq1auD4fa1cr+VxFOAcLuAKAriGOtxBA5rAQMEzvMKbZ7wX7937WLZuePnMGfyB9/kDO5uP9w==</latexit><latexit sha1_base64="BKxXdQ+px1MKj+qr7bW3X9GVajs=">AAAB8HicbVA9SwNBEJ3zM8avqKXNYiJYhbs0WgZsLCOYD0mOsLfZJEt2947dOSEc+RU2ForY+nPs/Ddukis08cHA470ZZuZFiRQWff/b29jc2t7ZLewV9w8Oj45LJ6ctG6eG8SaLZWw6EbVcCs2bKFDyTmI4VZHk7WhyO/fbT9xYEesHnCY8VHSkxVAwik56rPRiFIrbSr9U9qv+AmSdBDkpQ45Gv/TVG8QsVVwjk9TabuAnGGbUoGCSz4q91PKEsgkd8a6jmrotYbY4eEYunTIgw9i40kgW6u+JjCprpypynYri2K56c/E/r5vi8CbMhE5S5JotFw1TSTAm8+/JQBjOUE4docwIdythY2ooQ5dR0YUQrL68Tlq1auD4fa1cr+VxFOAcLuAKAriGOtxBA5rAQMEzvMKbZ7wX7937WLZuePnMGfyB9/kDO5uP9w==</latexit><latexit sha1_base64="BKxXdQ+px1MKj+qr7bW3X9GVajs=">AAAB8HicbVA9SwNBEJ3zM8avqKXNYiJYhbs0WgZsLCOYD0mOsLfZJEt2947dOSEc+RU2ForY+nPs/Ddukis08cHA470ZZuZFiRQWff/b29jc2t7ZLewV9w8Oj45LJ6ctG6eG8SaLZWw6EbVcCs2bKFDyTmI4VZHk7WhyO/fbT9xYEesHnCY8VHSkxVAwik56rPRiFIrbSr9U9qv+AmSdBDkpQ45Gv/TVG8QsVVwjk9TabuAnGGbUoGCSz4q91PKEsgkd8a6jmrotYbY4eEYunTIgw9i40kgW6u+JjCprpypynYri2K56c/E/r5vi8CbMhE5S5JotFw1TSTAm8+/JQBjOUE4docwIdythY2ooQ5dR0YUQrL68Tlq1auD4fa1cr+VxFOAcLuAKAriGOtxBA5rAQMEzvMKbZ7wX7937WLZuePnMGfyB9/kDO5uP9w==</latexit><latexit sha1_base64="BKxXdQ+px1MKj+qr7bW3X9GVajs=">AAAB8HicbVA9SwNBEJ3zM8avqKXNYiJYhbs0WgZsLCOYD0mOsLfZJEt2947dOSEc+RU2ForY+nPs/Ddukis08cHA470ZZuZFiRQWff/b29jc2t7ZLewV9w8Oj45LJ6ctG6eG8SaLZWw6EbVcCs2bKFDyTmI4VZHk7WhyO/fbT9xYEesHnCY8VHSkxVAwik56rPRiFIrbSr9U9qv+AmSdBDkpQ45Gv/TVG8QsVVwjk9TabuAnGGbUoGCSz4q91PKEsgkd8a6jmrotYbY4eEYunTIgw9i40kgW6u+JjCprpypynYri2K56c/E/r5vi8CbMhE5S5JotFw1TSTAm8+/JQBjOUE4docwIdythY2ooQ5dR0YUQrL68Tlq1auD4fa1cr+VxFOAcLuAKAriGOtxBA5rAQMEzvMKbZ7wX7937WLZuePnMGfyB9/kDO5uP9w==</latexit>

Filters: n⇥ c⇥ k ⇥ k
<latexit sha1_base64="QcvUOuC/A9a18l9pIaEjFzMO4Rg=">AAACEHicbZDNSsNAFIVv6l+tf1GXbgZb0VVJulFcFQRxWcG2QhvKZDpph04mYWYilNBHcOOruHGhiFuX7nwbJ20Ubb0w8HHOvdy5x485U9pxPq3C0vLK6lpxvbSxubW9Y+/utVSUSEKbJOKRvPWxopwJ2tRMc3obS4pDn9O2P7rI/PYdlYpF4kaPY+qFeCBYwAjWRurZx5eMa+Ofo4pAXc1CqhD5htEPVHp22ak600KL4OZQhrwaPfuj249IElKhCcdKdVwn1l6KpWaE00mpmygaYzLCA9oxKLDZ46XTgyboyCh9FETSPKHRVP09keJQqXHom84Q66Ga9zLxP6+T6ODMS5mIE00FmS0KEo50hLJ0UJ9JSjQfG8BEMvNXRIZYYpJlVDIhuPMnL0KrVnUNX9fKdSePowgHcAgn4MIp1OEKGtAEAvfwCM/wYj1YT9ar9TZrLVj5zD78Kev9C2YQm3k=</latexit><latexit sha1_base64="QcvUOuC/A9a18l9pIaEjFzMO4Rg=">AAACEHicbZDNSsNAFIVv6l+tf1GXbgZb0VVJulFcFQRxWcG2QhvKZDpph04mYWYilNBHcOOruHGhiFuX7nwbJ20Ubb0w8HHOvdy5x485U9pxPq3C0vLK6lpxvbSxubW9Y+/utVSUSEKbJOKRvPWxopwJ2tRMc3obS4pDn9O2P7rI/PYdlYpF4kaPY+qFeCBYwAjWRurZx5eMa+Ofo4pAXc1CqhD5htEPVHp22ak600KL4OZQhrwaPfuj249IElKhCcdKdVwn1l6KpWaE00mpmygaYzLCA9oxKLDZ46XTgyboyCh9FETSPKHRVP09keJQqXHom84Q66Ga9zLxP6+T6ODMS5mIE00FmS0KEo50hLJ0UJ9JSjQfG8BEMvNXRIZYYpJlVDIhuPMnL0KrVnUNX9fKdSePowgHcAgn4MIp1OEKGtAEAvfwCM/wYj1YT9ar9TZrLVj5zD78Kev9C2YQm3k=</latexit><latexit sha1_base64="QcvUOuC/A9a18l9pIaEjFzMO4Rg=">AAACEHicbZDNSsNAFIVv6l+tf1GXbgZb0VVJulFcFQRxWcG2QhvKZDpph04mYWYilNBHcOOruHGhiFuX7nwbJ20Ubb0w8HHOvdy5x485U9pxPq3C0vLK6lpxvbSxubW9Y+/utVSUSEKbJOKRvPWxopwJ2tRMc3obS4pDn9O2P7rI/PYdlYpF4kaPY+qFeCBYwAjWRurZx5eMa+Ofo4pAXc1CqhD5htEPVHp22ak600KL4OZQhrwaPfuj249IElKhCcdKdVwn1l6KpWaE00mpmygaYzLCA9oxKLDZ46XTgyboyCh9FETSPKHRVP09keJQqXHom84Q66Ga9zLxP6+T6ODMS5mIE00FmS0KEo50hLJ0UJ9JSjQfG8BEMvNXRIZYYpJlVDIhuPMnL0KrVnUNX9fKdSePowgHcAgn4MIp1OEKGtAEAvfwCM/wYj1YT9ar9TZrLVj5zD78Kev9C2YQm3k=</latexit><latexit sha1_base64="QcvUOuC/A9a18l9pIaEjFzMO4Rg=">AAACEHicbZDNSsNAFIVv6l+tf1GXbgZb0VVJulFcFQRxWcG2QhvKZDpph04mYWYilNBHcOOruHGhiFuX7nwbJ20Ubb0w8HHOvdy5x485U9pxPq3C0vLK6lpxvbSxubW9Y+/utVSUSEKbJOKRvPWxopwJ2tRMc3obS4pDn9O2P7rI/PYdlYpF4kaPY+qFeCBYwAjWRurZx5eMa+Ofo4pAXc1CqhD5htEPVHp22ak600KL4OZQhrwaPfuj249IElKhCcdKdVwn1l6KpWaE00mpmygaYzLCA9oxKLDZ46XTgyboyCh9FETSPKHRVP09keJQqXHom84Q66Ga9zLxP6+T6ODMS5mIE00FmS0KEo50hLJ0UJ9JSjQfG8BEMvNXRIZYYpJlVDIhuPMnL0KrVnUNX9fKdSePowgHcAgn4MIp1OEKGtAEAvfwCM/wYj1YT9ar9TZrLVj5zD78Kev9C2YQm3k=</latexit>

• Transform convolution to matrix multiplication

• Unified calculation for both convolution and fully-connected layers

Im2col (Image2Column) 3D-Convolution
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Direct Convolution



for(q=0; q<Q; q++){

for (s=0; s<S; s++){

OA[q] += IA[q+s] * W[s];

}

} 

Input 
Activation

Output 
ActivationWeight

a b c d e 1 2 3 A B C

W S Q

Output Stationary (OS) 
Dataflow

for (s=0; s<S; s++){

for(q=0; q<Q; q++){

OA[q] += IA[q+s] * W[s];

}

} 

Weight Stationary (WS) 
Dataflow

1D Convolution Example
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Input 
Activation

Output 
ActivationWeight

a b c d e 1 2 3 A B C

W S Q

for(q=0; q<Q; q++){ // Q =9
for (s=0; s<S; s++){ // S=4

OA[q] += IA[q+s] * W[s];
}

} 

Cycle Cycle Cycle

In
de
x

Buffer Access Pattern 1: Output Stationary
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Input 
Activation

Output 
ActivationWeight

a b c d e 1 2 3 A B C

W S Q

Cycle Cycle Cycle

for (s=0; s<S; s++){// S=4
for(q=0; q<Q; q++){// Q =9
OA[q] += IA[q+s] * W[s];

}
} 

In
de
x

Buffer Access Pattern 2: Weight Stationary
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1 for (n=0; n<N; n++) {
2 for (k=0; k<K; k++) {
3 for (p=0; p<P; p++) {
4 for (q=0; q<Q; q++) {
5 OA[n][k][p][q]= 0;
6 for (r=0; r<R; r++) {
7 for (s=0; s<S; s++) {
8 for (c=0; c<C; c++) {
9 h = p * stride - pad + r;

10 w = q * stride - pad + s;
11 OA[n][k][p][q] += IA[n][c][h][w] * W[k][c][r][s];
12 } } } } } } }

…
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Direct Convolution

28/48



1 for (n=0; n<N; n++) {
2 for (r=0; r<R; r++) {
3 for (s=0; s<S; s++) {
4 for (c=0; c<C; c++) {
5 for (k=0; k<K; k++) {
6 float curr_w = W[r][s][c][k];
7 for (p=0; p<P; p++) {
8 for (q=0; q<Q; q++) {
9 h = p * stride - pad + r;

10 w = q * stride - pad + s;
11 OA[n][k][p][q] += IA[n][c][h][w] * curr_w;
12 } } } } } } }

…
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Direct Convolution: Loop Ordering
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1 for (n=0; n<N; n++) {
2 for (r=0; r<R; r++) {
3 for (s=0; s<S; s++) {
4 spatial_for (c=0; c<C; c++) {
5 spatial_for (k=0; k<K; k++) {
6 float curr_w = W[r][s][c][k];
7 for (p=0; p<P; p++) {
8 for (q=0; q<Q; q++) {
9 h = p * stride - pad + r;

10 w = q * stride - pad + s;
11 OA[n][k][p][q] += IA[n][c][h][w] * curr_w;
12 } } } } } } }

…
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Direct Convolution: Loop Ordering + Unrolling
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1 for (n=0; n<N; n++) {
2 for (r=0; r<R; r++) {
3 for (s=0; s<S; s++) {
4 for (c_t=0; c_t<C/16; c_t++) {
5 for (k_t=0; k_t<K/64; k_t++) {
6 spatial_for (c_s=0; c_s<16; c_s++) {
7 spatial_for (k_s=0; k_s<64; k_s++) {
8 int curr_c = c_t * 16 + c_s;
9 int curr_k = k_t * 64 + k_s;

10 float curr_w = W[r][s][curr_c][curr_k];
11 for (p=0; p<P; p++) for (q=0; q<Q; q++) {
12 h = p * stride - pad + r; w = q * stride - pad + s;
13 OA[n][curr_k][p][q] += IA[n][curr_c][h][w] * curr_w;
14 } } } } } }

Questions:

• How many configurations we have?

• How to search for the BEST configuration?

• How to handle different backend devices?

Direct Convolution: Loop Ordering + Unrolling + Tiling
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1 for (n=0; n<N; n++) {
2 for (r=0; r<R; r++) {
3 for (s=0; s<S; s++) {
4 for (c_t=0; c_t<C/16; c_t++) {
5 for (k_t=0; k_t<K/64; k_t++) {
6 spatial_for (c_s=0; c_s<16; c_s++) {
7 spatial_for (k_s=0; k_s<64; k_s++) {
8 int curr_c = c_t * 16 + c_s;
9 int curr_k = k_t * 64 + k_s;

10 float curr_w = W[r][s][curr_c][curr_k];
11 for (p=0; p<P; p++) for (q=0; q<Q; q++) {
12 h = p * stride - pad + r; w = q * stride - pad + s;
13 OA[n][curr_k][p][q] += IA[n][curr_c][h][w] * curr_w;
14 } } } } } }

Questions:

• How many configurations we have?

• How to search for the BEST configuration?

• How to handle different backend devices?

Direct Convolution: Loop Ordering + Unrolling + Tiling
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Global View of TVM Stack
    Frameworks CNTK CoreML

Pytorch, caffe2, cntk supported via onnx

Computational Graph 

Tensor Expression Language

Schedule Primitives Optimization

LLVM

Accelerators

CUDA

ARM Javascript/WASMAMDGPUs

Metal OpenCL Vulkan

X86

Graph Optimizations

5Only SOTA on some AI chips; but NOT for x86 CPU (OpenVINO), GPU (TensorRT), or Xilinx
FPGA (Vitis AI).

Deep Learning Compiler Example: TVM5
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Layer-wise Optimization: AutotuningLearning-based Program Optimizer

!26

Program Optimizer Program Code Generator
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Adapt to hardware type by learning 
Make prediction in 1ms level Tuning algorithms:

• Active learning.

• Transfer learning.

• Reinforcement learning.

TVM: End to End Optimization
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• Batch transductive experimental design

• Bootstrap-guided adaptive optimization

Initialization
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Iterative Optimization
BAO
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3.1 Batch Transductive Experimental Design
For a deployment problem that has huge amounts of feasible con-

�gurations, limited by the computational resources and experimen-
tal costs, we tend to sample as few con�gurations as possible while
maximizing the system performance at the same time. The sampled
con�gurations must contain rich information and therefore would
signi�cantly bene�t the simulation function to determine which
con�gurations are better and which are not. In other words, the
initial con�gurations should scatter across the input con�guration
space [23, 24]. Although important, this initialization philosophy is
usually ignored, even in the state-of-the-art framework [14].

To scatter across the input con�guration space, the con�gura-
tions we sample should be as far as possible from each other. Some
choose to use SVM or similar methods to learn the scattered data
[23, 25], which is hard to compute on large data sets, with even
only hundreds of points. We propose to use transductive experi-
mental design [24], with the pseudo-code shown in Algorithm 1.
Given the input un-sampled set V, we will sample a subset X which
maximizes the intra-set diversity. KVV is the distance matrix of
con�gurations in V. k(v1,v2) 2 KVV is computed as Euclidean
distance, withv1,v2 2 V.

Algorithm 1 Transductive Experimental Design – TED(V, µ,m)
Input: (V, µ, m), where V is unsampled con�guration set, m is

number of con�gurations we will sample, µ is normalization
coe�cient.

Output: Newly sampled con�guration set X.
1: K  KVV, X ;.
2: for i = 1!m do
3: x = arg maxv 2V

kKv k2
k(v,v )+µ . . Kv and k(v,v) arev’s

corresponding column and diagonal entry in K .
4: X = X [ x .
5: K = K � Kx K >x

(k (x ,x )+µ) .
6: end for
7: return Newly sampled con�guration set X.

To tackle with the huge amounts of con�gurations more e�-
ciently, we propose a new batch transductive experimental design
method, as shown in Algorithm 2. We will randomly sample a
batch of sets from the original set and then conduct Algorithm 1
on these sampled sets. The �nally output X of Algorithm 2 is the
initialization set in our advanced active learning framework.

By introducing randomness into TED, i.e. line 2 in Algorithm 2,
we can reduce the computation complexity in the face of large-
scale sets, while maintaining data diversity. Another advantage
is that our batch method can utilize the system parallelism, and
enlarge the random space which is used to generate the initial set.
While sampling a �xed number of initial con�gurations, we can
compute on as many as possible con�gurations without delaying
the system, by using our batch method. It is quite uplifting that the
batch method has been the core innovation of some new techniques
[26] while our BTED is superior.
3.2 Bootstrap-guided Adaptive Optimization

Except for the challenge in the initialization stage, we solve the
two challenges in the iterative optimization stage. Firstly, the com-
plexities of the hardware characteristics and DNN models make

Algorithm 2 Batch Transductive Experimental Design –
BTED(D, µ,M,B)
Input: (D, µ, M , B), where D is unsampled con�guration set, M

is number of con�gurations we will sample, µ is normalization
coe�cient, and B is the batch size.

Output: Newly sampled con�guration set X.
1: for b = 1! B do
2: Randomly sample a set Vb from V, with |Vb | > M ;
3: X̃b  TED(Vb , µ,M). . Algorithm 1
4: end for
5: X̃U = X̃1 [ X̃2 [ · · · [ X̃B ;
6: X TED(X̃U , µ,M). . Algorithm 1
7: return Newly sampled con�guration set X;

the regression function hard to simulate the real environment ac-
curately. The on-chip performances of the already-sampled con�g-
urations would also mislead the model and result in unstablility
and over�tting. Secondly, the extremely large con�guration space
makes it very expensive to traverse all con�gurations to select
the best one, thus making the searching algorithm unscalable to
large-scale problems.

We introduce the Bootstrap resampling technique into the DNN
hardware deployment community for the �rst time to improve
the stability and accuracy. Bootstrap resampling has been proven
to be a good technique to correct and quantify optimization of
model performance [21]. Firstly, we randomly resample a batch of
sets from the already-sampled con�guration set. Then, we build
simulation functions for each of these resampled sets. The �nal
simulation function is built as the summation of the simulation
functions of these resampled sets. Assume that there are � resam-
pled sets X̃� from X, with� 2 {1, . . . , �}. Accordingly, � simulation
functions are built, denoted as f� ,� 2 {1, . . . , �}. Finally, the next
optimization con�guration x⇤ is the con�guration that maximizes
the summation of these � simulation functions. x⇤ is then deployed
on hardware to get real performance y⇤, for further usage. The
pseudo-code is shown in Algorithm 3.

Algorithm 3 Bootstrap-guided Sampling – BS(X,C, �)
Input: (X,Y,C, �), where X is already sampled con�guration set

and Y is its performance set, C is exploration space, � is number
of resampled sets.

Output: New con�guration pair (x⇤, y⇤).
1: for � = 1! � do
2: Randomly sample X̃� from X, with |X̃� | = |X|.
3: Get X̃� ’s performance set Ỹ� from Y.
4: Initialize simulation function f� with X̃� and Ỹ� .
5: end for
6: x⇤  maxx 2C

Õ�
�=1 f� (x).

7: Deploy x⇤ on hardware to get GFLOPS y⇤.
8: return (x⇤, y⇤);

As mentioned before, it is incredible to traverse the whole design
space even once. Therefore, in this paper, C in Algorithm 3 is pre-
ferred to be de�ned as the neighborhood of the previous sampled
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3.1 Batch Transductive Experimental Design
For a deployment problem that has huge amounts of feasible con-

�gurations, limited by the computational resources and experimen-
tal costs, we tend to sample as few con�gurations as possible while
maximizing the system performance at the same time. The sampled
con�gurations must contain rich information and therefore would
signi�cantly bene�t the simulation function to determine which
con�gurations are better and which are not. In other words, the
initial con�gurations should scatter across the input con�guration
space [23, 24]. Although important, this initialization philosophy is
usually ignored, even in the state-of-the-art framework [14].

To scatter across the input con�guration space, the con�gura-
tions we sample should be as far as possible from each other. Some
choose to use SVM or similar methods to learn the scattered data
[23, 25], which is hard to compute on large data sets, with even
only hundreds of points. We propose to use transductive experi-
mental design [24], with the pseudo-code shown in Algorithm 1.
Given the input un-sampled set V, we will sample a subset X which
maximizes the intra-set diversity. KVV is the distance matrix of
con�gurations in V. k(v1,v2) 2 KVV is computed as Euclidean
distance, withv1,v2 2 V.

Algorithm 1 Transductive Experimental Design – TED(V, µ,m)
Input: (V, µ, m), where V is unsampled con�guration set, m is

number of con�gurations we will sample, µ is normalization
coe�cient.

Output: Newly sampled con�guration set X.
1: K  KVV, X ;.
2: for i = 1!m do
3: x = arg maxv 2V

kKv k2
k(v,v )+µ . . Kv and k(v,v) arev’s

corresponding column and diagonal entry in K .
4: X = X [ x .
5: K = K � Kx K >x

(k (x ,x )+µ) .
6: end for
7: return Newly sampled con�guration set X.

To tackle with the huge amounts of con�gurations more e�-
ciently, we propose a new batch transductive experimental design
method, as shown in Algorithm 2. We will randomly sample a
batch of sets from the original set and then conduct Algorithm 1
on these sampled sets. The �nally output X of Algorithm 2 is the
initialization set in our advanced active learning framework.

By introducing randomness into TED, i.e. line 2 in Algorithm 2,
we can reduce the computation complexity in the face of large-
scale sets, while maintaining data diversity. Another advantage
is that our batch method can utilize the system parallelism, and
enlarge the random space which is used to generate the initial set.
While sampling a �xed number of initial con�gurations, we can
compute on as many as possible con�gurations without delaying
the system, by using our batch method. It is quite uplifting that the
batch method has been the core innovation of some new techniques
[26] while our BTED is superior.
3.2 Bootstrap-guided Adaptive Optimization

Except for the challenge in the initialization stage, we solve the
two challenges in the iterative optimization stage. Firstly, the com-
plexities of the hardware characteristics and DNN models make

Algorithm 2 Batch Transductive Experimental Design –
BTED(D, µ,M,B)
Input: (D, µ, M , B), where D is unsampled con�guration set, M

is number of con�gurations we will sample, µ is normalization
coe�cient, and B is the batch size.

Output: Newly sampled con�guration set X.
1: for b = 1! B do
2: Randomly sample a set Vb from V, with |Vb | > M ;
3: X̃b  TED(Vb , µ,M). . Algorithm 1
4: end for
5: X̃U = X̃1 [ X̃2 [ · · · [ X̃B ;
6: X TED(X̃U , µ,M). . Algorithm 1
7: return Newly sampled con�guration set X;

the regression function hard to simulate the real environment ac-
curately. The on-chip performances of the already-sampled con�g-
urations would also mislead the model and result in unstablility
and over�tting. Secondly, the extremely large con�guration space
makes it very expensive to traverse all con�gurations to select
the best one, thus making the searching algorithm unscalable to
large-scale problems.

We introduce the Bootstrap resampling technique into the DNN
hardware deployment community for the �rst time to improve
the stability and accuracy. Bootstrap resampling has been proven
to be a good technique to correct and quantify optimization of
model performance [21]. Firstly, we randomly resample a batch of
sets from the already-sampled con�guration set. Then, we build
simulation functions for each of these resampled sets. The �nal
simulation function is built as the summation of the simulation
functions of these resampled sets. Assume that there are � resam-
pled sets X̃� from X, with� 2 {1, . . . , �}. Accordingly, � simulation
functions are built, denoted as f� ,� 2 {1, . . . , �}. Finally, the next
optimization con�guration x⇤ is the con�guration that maximizes
the summation of these � simulation functions. x⇤ is then deployed
on hardware to get real performance y⇤, for further usage. The
pseudo-code is shown in Algorithm 3.

Algorithm 3 Bootstrap-guided Sampling – BS(X,C, �)
Input: (X,Y,C, �), where X is already sampled con�guration set

and Y is its performance set, C is current searching space, � is
number of resampled sets.

Output: New con�guration x⇤.
1: for � = 1! � do
2: Randomly sample X̃� from X, with |X̃� | = |X|.
3: Get X̃� ’s performance set Ỹ� from Y.
4: Build simulation function f� , with X̃� and Ỹ� .
5: end for
6: x⇤  maxx 2C

Õ�
�=1 f� (x).

7: Deploy x⇤ on hardware to get GFLOPS y⇤.
8: return (x⇤, y⇤);

As mentioned before, it is incredible to traverse the whole design
space even once. Therefore, in this paper, C in Algorithm 3 is pre-
ferred to be de�ned as the neighborhood of the previous sampled
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1 preparation: learn a deep Gaussian process model from historical data

2 transfer: transfer knowledge of the DGP model to new tasks

3 optimal searching: guide the optimization of new tasks with the tuned DGP model

History 
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Figure 1: (Left): Deep Gaussian Process illustration1. (Middle): Histograms of a random selection of
inducing outputs. The best-fit Gaussian distribution is denoted with a dashed line. Some of them
exhibit a clear multimodal behaviour. (Right): P-values for 100 randomly selected inducing outputs
per dataset. The null hypotheses are that their distributions are Gaussian.

resulting in a Bayesian ‘self-tuning’ covariance function that fits the data without any human input
[Damianou, 2015].

The deep hierarchical generalization of GPs is done in a fully connected, feed-forward manner. The
outputs of the previous layer serve as an input to the next. However, a significant difference from
neural networks is that the layer outputs are probabilistic rather than exact values so the uncertainty is
propagated through the network. The left part of Figure 1 illustrates the concept with a single hidden
layer. The input to the hidden layer is the input data x and the output of the hidden layer f1 serves as
the input data to the output layer, which itself is formed by GPs.

Exact inference is infeasible in GPs for large datasets due to the high computational cost of working
with the inverse covariance matrix. Instead, the posterior is approximated using a small set of pseudo
datapoints (⇠100) also referred to as inducing points [Snelson and Ghahramani, 2006, Titsias, 2009,
Quiñonero-Candela and Rasmussen, 2005]. We assume this inducing point framework throughout
the paper. Predictions are made using the inducing points to avoid computing the covariance matrix
of the whole dataset. Both in GPs and DGPs, the inducing outputs are treated as latent variables that
need to be marginalized.

The current state-of-the-art inference method in DGPs is Doubly Stochastic Variation Inference
(DSVI) [Salimbeni and Deisenroth, 2017] which has been shown to outperform Expectation Prop-
agation [Minka, 2001, Bui et al., 2016] and it also has better performance than Bayesian Neural
Networks with Probabilistic Backpropagation [Hernández-Lobato and Adams, 2015] and Bayesian
Neural Networks with earlier inference methods such as Variation Inference [Graves, 2011], Stochas-
tic Gradient Langevin Dynamics [Welling and Teh, 2011] and Hybrid Monte Carlo [Neal, 1993].
However, a drawback of DSVI is that it approximates the posterior distribution with a Gaussian. We
show, with high confidence, that the posterior distribution is non-Gaussian for every dataset that
we examine in this work. This finding motivates the use of inference methods with a more flexible
posterior approximations.

In this work, we apply an inference method new to DGPs, Stochastic Gradient Hamiltonian Monte
Carlo (SGHMC), a sampling method that accurately and efficiently captures the posterior distribution.
In order to apply a sampling-based inference method to DGPs, we have to tackle the problem of
optimizing the large number of hyperparameters. To address this problem, we propose Moving
Window Monte Carlo Expectation Maximization, a novel method for obtaining the Maximum
Likelihood (ML) estimate of the hyperparameters. This method is fast, efficient and generally
applicable to any probabilistic model and MCMC sampler.

One might expect a sampling method such as SGHMC to be more computationally intensive than a
variational method such as DSVI. However, in DGPs, sampling from the posterior is inexpensive,
since it does not require the recomputation of the inverse covariance matrix, which only depends on
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Figure 1: (Left): Deep Gaussian Process illustration1. (Middle): Histograms of a random selection of
inducing outputs. The best-fit Gaussian distribution is denoted with a dashed line. Some of them
exhibit a clear multimodal behaviour. (Right): P-values for 100 randomly selected inducing outputs
per dataset. The null hypotheses are that their distributions are Gaussian.

resulting in a Bayesian ‘self-tuning’ covariance function that fits the data without any human input
[Damianou, 2015].

The deep hierarchical generalization of GPs is done in a fully connected, feed-forward manner. The
outputs of the previous layer serve as an input to the next. However, a significant difference from
neural networks is that the layer outputs are probabilistic rather than exact values so the uncertainty is
propagated through the network. The left part of Figure 1 illustrates the concept with a single hidden
layer. The input to the hidden layer is the input data x and the output of the hidden layer f1 serves as
the input data to the output layer, which itself is formed by GPs.

Exact inference is infeasible in GPs for large datasets due to the high computational cost of working
with the inverse covariance matrix. Instead, the posterior is approximated using a small set of pseudo
datapoints (⇠100) also referred to as inducing points [Snelson and Ghahramani, 2006, Titsias, 2009,
Quiñonero-Candela and Rasmussen, 2005]. We assume this inducing point framework throughout
the paper. Predictions are made using the inducing points to avoid computing the covariance matrix
of the whole dataset. Both in GPs and DGPs, the inducing outputs are treated as latent variables that
need to be marginalized.

The current state-of-the-art inference method in DGPs is Doubly Stochastic Variation Inference
(DSVI) [Salimbeni and Deisenroth, 2017] which has been shown to outperform Expectation Prop-
agation [Minka, 2001, Bui et al., 2016] and it also has better performance than Bayesian Neural
Networks with Probabilistic Backpropagation [Hernández-Lobato and Adams, 2015] and Bayesian
Neural Networks with earlier inference methods such as Variation Inference [Graves, 2011], Stochas-
tic Gradient Langevin Dynamics [Welling and Teh, 2011] and Hybrid Monte Carlo [Neal, 1993].
However, a drawback of DSVI is that it approximates the posterior distribution with a Gaussian. We
show, with high confidence, that the posterior distribution is non-Gaussian for every dataset that
we examine in this work. This finding motivates the use of inference methods with a more flexible
posterior approximations.

In this work, we apply an inference method new to DGPs, Stochastic Gradient Hamiltonian Monte
Carlo (SGHMC), a sampling method that accurately and efficiently captures the posterior distribution.
In order to apply a sampling-based inference method to DGPs, we have to tackle the problem of
optimizing the large number of hyperparameters. To address this problem, we propose Moving
Window Monte Carlo Expectation Maximization, a novel method for obtaining the Maximum
Likelihood (ML) estimate of the hyperparameters. This method is fast, efficient and generally
applicable to any probabilistic model and MCMC sampler.

One might expect a sampling method such as SGHMC to be more computationally intensive than a
variational method such as DSVI. However, in DGPs, sampling from the posterior is inexpensive,
since it does not require the recomputation of the inverse covariance matrix, which only depends on
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x2
<latexit sha1_base64="sU5hbPAK+kK9DlSNNuLNHNxer84=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48V7Qe0oWy2k3bpZhN2N2IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4Zua3H1FpHssHM0nQj+hQ8pAzaqx0/9Sv9csVt+rOQVaJl5MK5Gj0y1+9QczSCKVhgmrd9dzE+BlVhjOB01Iv1ZhQNqZD7FoqaYTaz+anTsmZVQYkjJUtachc/T2R0UjrSRTYzoiakV72ZuJ/Xjc14ZWfcZmkBiVbLApTQUxMZn+TAVfIjJhYQpni9lbCRlRRZmw6JRuCt/zyKmnVqp5b9e4uKvXrPI4inMApnIMHl1CHW2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gANNI2h</latexit><latexit sha1_base64="sU5hbPAK+kK9DlSNNuLNHNxer84=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48V7Qe0oWy2k3bpZhN2N2IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4Zua3H1FpHssHM0nQj+hQ8pAzaqx0/9Sv9csVt+rOQVaJl5MK5Gj0y1+9QczSCKVhgmrd9dzE+BlVhjOB01Iv1ZhQNqZD7FoqaYTaz+anTsmZVQYkjJUtachc/T2R0UjrSRTYzoiakV72ZuJ/Xjc14ZWfcZmkBiVbLApTQUxMZn+TAVfIjJhYQpni9lbCRlRRZmw6JRuCt/zyKmnVqp5b9e4uKvXrPI4inMApnIMHl1CHW2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gANNI2h</latexit><latexit sha1_base64="sU5hbPAK+kK9DlSNNuLNHNxer84=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48V7Qe0oWy2k3bpZhN2N2IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4Zua3H1FpHssHM0nQj+hQ8pAzaqx0/9Sv9csVt+rOQVaJl5MK5Gj0y1+9QczSCKVhgmrd9dzE+BlVhjOB01Iv1ZhQNqZD7FoqaYTaz+anTsmZVQYkjJUtachc/T2R0UjrSRTYzoiakV72ZuJ/Xjc14ZWfcZmkBiVbLApTQUxMZn+TAVfIjJhYQpni9lbCRlRRZmw6JRuCt/zyKmnVqp5b9e4uKvXrPI4inMApnIMHl1CHW2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gANNI2h</latexit><latexit sha1_base64="sU5hbPAK+kK9DlSNNuLNHNxer84=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKoMeiF48V7Qe0oWy2k3bpZhN2N2IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4Zua3H1FpHssHM0nQj+hQ8pAzaqx0/9Sv9csVt+rOQVaJl5MK5Gj0y1+9QczSCKVhgmrd9dzE+BlVhjOB01Iv1ZhQNqZD7FoqaYTaz+anTsmZVQYkjJUtachc/T2R0UjrSRTYzoiakV72ZuJ/Xjc14ZWfcZmkBiVbLApTQUxMZn+TAVfIjJhYQpni9lbCRlRRZmw6JRuCt/zyKmnVqp5b9e4uKvXrPI4inMApnIMHl1CHW2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gANNI2h</latexit>

Tuning
Set

Generate 
Tuning Set

Tuned DGP

Transfer 
Learning 
via MAP

Opt. 
Record

Searching 
Alg.

1. Preparation 2. Transfer

3. Optimum Searching

7Qi Sun, Chen Bai, Tinghuan Chen, et al. (2021). “Fast and Efficient DNN Deployment via Deep
Gaussian Transfer Learning”. In: Proc. ICCV.

Deep Gaussian Transfer Learning [ICCV’21]7
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Sparse Convolution



• Our DNN may be redundant, and sometimes the filters may be sparse

• Sparsity can be helpful to overcome over-fitting

⇥
<latexit sha1_base64="o/TztkgjxWN4eKNCgAhptEPqjkA=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lpjIRwIXsrfswYa9vXN3zoRc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94DThfkRHSoSCUbRSt9pHEXFTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGeponaLny3unZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieO1nQiUpcsWWi8JUEozJ/HkyFJozlFNLKNPC3krYmGrK0EZUsiF4qy+vk3a95rk1775eadzkcRThDM7hEjy4ggbcQRNawEDCM7zCm/PovDjvzseyteDkM6fwB87nD3ASj44=</latexit><latexit sha1_base64="o/TztkgjxWN4eKNCgAhptEPqjkA=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lpjIRwIXsrfswYa9vXN3zoRc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94DThfkRHSoSCUbRSt9pHEXFTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGeponaLny3unZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieO1nQiUpcsWWi8JUEozJ/HkyFJozlFNLKNPC3krYmGrK0EZUsiF4qy+vk3a95rk1775eadzkcRThDM7hEjy4ggbcQRNawEDCM7zCm/PovDjvzseyteDkM6fwB87nD3ASj44=</latexit><latexit sha1_base64="o/TztkgjxWN4eKNCgAhptEPqjkA=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lpjIRwIXsrfswYa9vXN3zoRc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94DThfkRHSoSCUbRSt9pHEXFTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGeponaLny3unZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieO1nQiUpcsWWi8JUEozJ/HkyFJozlFNLKNPC3krYmGrK0EZUsiF4qy+vk3a95rk1775eadzkcRThDM7hEjy4ggbcQRNawEDCM7zCm/PovDjvzseyteDkM6fwB87nD3ASj44=</latexit><latexit sha1_base64="o/TztkgjxWN4eKNCgAhptEPqjkA=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lpjIRwIXsrfswYa9vXN3zoRc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94DThfkRHSoSCUbRSt9pHEXFTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGeponaLny3unZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieO1nQiUpcsWWi8JUEozJ/HkyFJozlFNLKNPC3krYmGrK0EZUsiF4qy+vk3a95rk1775eadzkcRThDM7hEjy4ggbcQRNawEDCM7zCm/PovDjvzseyteDkM6fwB87nD3ASj44=</latexit> =<latexit sha1_base64="kaDWDxarIbt8b7begmsQdMm2hCQ=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsabUyINpYYBUngQvaWOdiwt3fZ3TMhF36CjYXG2PqL7Pw3LnCFgi+Z5OW9mczMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4GMwvpn5j0+oNI/lg5kk6Ed0KHnIGTVWuq9eVfvliltz5yCrxMtJBXI0++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzU6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDSz7hMUoOSLRaFqSAmJrO/yYArZEZMLKFMcXsrYSOqKDM2nZINwVt+eZW06zXPrXl39UrjOo+jCCdwCufgwQU04Baa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz9Dq40b</latexit><latexit sha1_base64="kaDWDxarIbt8b7begmsQdMm2hCQ=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsabUyINpYYBUngQvaWOdiwt3fZ3TMhF36CjYXG2PqL7Pw3LnCFgi+Z5OW9mczMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4GMwvpn5j0+oNI/lg5kk6Ed0KHnIGTVWuq9eVfvliltz5yCrxMtJBXI0++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzU6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDSz7hMUoOSLRaFqSAmJrO/yYArZEZMLKFMcXsrYSOqKDM2nZINwVt+eZW06zXPrXl39UrjOo+jCCdwCufgwQU04Baa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz9Dq40b</latexit><latexit sha1_base64="kaDWDxarIbt8b7begmsQdMm2hCQ=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsabUyINpYYBUngQvaWOdiwt3fZ3TMhF36CjYXG2PqL7Pw3LnCFgi+Z5OW9mczMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4GMwvpn5j0+oNI/lg5kk6Ed0KHnIGTVWuq9eVfvliltz5yCrxMtJBXI0++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzU6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDSz7hMUoOSLRaFqSAmJrO/yYArZEZMLKFMcXsrYSOqKDM2nZINwVt+eZW06zXPrXl39UrjOo+jCCdwCufgwQU04Baa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz9Dq40b</latexit><latexit sha1_base64="kaDWDxarIbt8b7begmsQdMm2hCQ=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsabUyINpYYBUngQvaWOdiwt3fZ3TMhF36CjYXG2PqL7Pw3LnCFgi+Z5OW9mczMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4GMwvpn5j0+oNI/lg5kk6Ed0KHnIGTVWuq9eVfvliltz5yCrxMtJBXI0++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzU6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDSz7hMUoOSLRaFqSAmJrO/yYArZEZMLKFMcXsrYSOqKDM2nZINwVt+eZW06zXPrXl39UrjOo+jCCdwCufgwQU04Baa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz9Dq40b</latexit>

Sparse Convolution
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*

X
w

Algorithm 1 Sparse Convlution Naive 1

1: for all w[i] do
2: if w[i] = 0 then
3: Continue;
4: end if
5: output feature map Y ← X ×w[i];
6: end for

BAD implementation for Pipeline!

Sparse Convolution: Naive Implementation 1
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Algorithm 2 Sparse Convlution Naive 1

1: for all w[i] do
2: if w[i] = 0 then
3: Continue;
4: end if
5: output feature map Y ← X ×w[i];
6: end for

BAD implementation for Pipeline!

Sparse Convolution: Naive Implementation 1
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• CSR: Good for operation on feature maps

• CSC: Good for operation on filters

• We have better control on filters, thus usually
CSC.

⇥
<latexit sha1_base64="o/TztkgjxWN4eKNCgAhptEPqjkA=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lpjIRwIXsrfswYa9vXN3zoRc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94DThfkRHSoSCUbRSt9pHEXFTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGeponaLny3unZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieO1nQiUpcsWWi8JUEozJ/HkyFJozlFNLKNPC3krYmGrK0EZUsiF4qy+vk3a95rk1775eadzkcRThDM7hEjy4ggbcQRNawEDCM7zCm/PovDjvzseyteDkM6fwB87nD3ASj44=</latexit><latexit sha1_base64="o/TztkgjxWN4eKNCgAhptEPqjkA=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lpjIRwIXsrfswYa9vXN3zoRc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94DThfkRHSoSCUbRSt9pHEXFTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGeponaLny3unZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieO1nQiUpcsWWi8JUEozJ/HkyFJozlFNLKNPC3krYmGrK0EZUsiF4qy+vk3a95rk1775eadzkcRThDM7hEjy4ggbcQRNawEDCM7zCm/PovDjvzseyteDkM6fwB87nD3ASj44=</latexit><latexit sha1_base64="o/TztkgjxWN4eKNCgAhptEPqjkA=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lpjIRwIXsrfswYa9vXN3zoRc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94DThfkRHSoSCUbRSt9pHEXFTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGeponaLny3unZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieO1nQiUpcsWWi8JUEozJ/HkyFJozlFNLKNPC3krYmGrK0EZUsiF4qy+vk3a95rk1775eadzkcRThDM7hEjy4ggbcQRNawEDCM7zCm/PovDjvzseyteDkM6fwB87nD3ASj44=</latexit><latexit sha1_base64="o/TztkgjxWN4eKNCgAhptEPqjkA=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lpjIRwIXsrfswYa9vXN3zoRc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94DThfkRHSoSCUbRSt9pHEXFTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGeponaLny3unZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieO1nQiUpcsWWi8JUEozJ/HkyFJozlFNLKNPC3krYmGrK0EZUsiF4qy+vk3a95rk1775eadzkcRThDM7hEjy4ggbcQRNawEDCM7zCm/PovDjvzseyteDkM6fwB87nD3ASj44=</latexit> =<latexit sha1_base64="kaDWDxarIbt8b7begmsQdMm2hCQ=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsabUyINpYYBUngQvaWOdiwt3fZ3TMhF36CjYXG2PqL7Pw3LnCFgi+Z5OW9mczMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4GMwvpn5j0+oNI/lg5kk6Ed0KHnIGTVWuq9eVfvliltz5yCrxMtJBXI0++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzU6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDSz7hMUoOSLRaFqSAmJrO/yYArZEZMLKFMcXsrYSOqKDM2nZINwVt+eZW06zXPrXl39UrjOo+jCCdwCufgwQU04Baa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz9Dq40b</latexit><latexit sha1_base64="kaDWDxarIbt8b7begmsQdMm2hCQ=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsabUyINpYYBUngQvaWOdiwt3fZ3TMhF36CjYXG2PqL7Pw3LnCFgi+Z5OW9mczMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4GMwvpn5j0+oNI/lg5kk6Ed0KHnIGTVWuq9eVfvliltz5yCrxMtJBXI0++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzU6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDSz7hMUoOSLRaFqSAmJrO/yYArZEZMLKFMcXsrYSOqKDM2nZINwVt+eZW06zXPrXl39UrjOo+jCCdwCufgwQU04Baa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz9Dq40b</latexit><latexit sha1_base64="kaDWDxarIbt8b7begmsQdMm2hCQ=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsabUyINpYYBUngQvaWOdiwt3fZ3TMhF36CjYXG2PqL7Pw3LnCFgi+Z5OW9mczMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4GMwvpn5j0+oNI/lg5kk6Ed0KHnIGTVWuq9eVfvliltz5yCrxMtJBXI0++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzU6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDSz7hMUoOSLRaFqSAmJrO/yYArZEZMLKFMcXsrYSOqKDM2nZINwVt+eZW06zXPrXl39UrjOo+jCCdwCufgwQU04Baa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz9Dq40b</latexit><latexit sha1_base64="kaDWDxarIbt8b7begmsQdMm2hCQ=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsabUyINpYYBUngQvaWOdiwt3fZ3TMhF36CjYXG2PqL7Pw3LnCFgi+Z5OW9mczMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4GMwvpn5j0+oNI/lg5kk6Ed0KHnIGTVWuq9eVfvliltz5yCrxMtJBXI0++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzU6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDSz7hMUoOSLRaFqSAmJrO/yYArZEZMLKFMcXsrYSOqKDM2nZINwVt+eZW06zXPrXl39UrjOo+jCCdwCufgwQU04Baa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz9Dq40b</latexit>

Sparse Matrix Representation
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wX Y

• BAD implementation for Spatial Locality!

• Poor memory access patterns

Sparse Convolution: Naive Implementation 2

40/48



8

8Jongsoo Park et al. (2017). “Faster CNNs with direct sparse convolutions and guided pruning”.
In: Proc. ICLR.

SOTA 2: Sparse Convolution
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⇥
<latexit sha1_base64="o/TztkgjxWN4eKNCgAhptEPqjkA=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lpjIRwIXsrfswYa9vXN3zoRc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94DThfkRHSoSCUbRSt9pHEXFTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGeponaLny3unZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieO1nQiUpcsWWi8JUEozJ/HkyFJozlFNLKNPC3krYmGrK0EZUsiF4qy+vk3a95rk1775eadzkcRThDM7hEjy4ggbcQRNawEDCM7zCm/PovDjvzseyteDkM6fwB87nD3ASj44=</latexit><latexit sha1_base64="o/TztkgjxWN4eKNCgAhptEPqjkA=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lpjIRwIXsrfswYa9vXN3zoRc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94DThfkRHSoSCUbRSt9pHEXFTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGeponaLny3unZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieO1nQiUpcsWWi8JUEozJ/HkyFJozlFNLKNPC3krYmGrK0EZUsiF4qy+vk3a95rk1775eadzkcRThDM7hEjy4ggbcQRNawEDCM7zCm/PovDjvzseyteDkM6fwB87nD3ASj44=</latexit><latexit sha1_base64="o/TztkgjxWN4eKNCgAhptEPqjkA=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lpjIRwIXsrfswYa9vXN3zoRc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94DThfkRHSoSCUbRSt9pHEXFTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGeponaLny3unZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieO1nQiUpcsWWi8JUEozJ/HkyFJozlFNLKNPC3krYmGrK0EZUsiF4qy+vk3a95rk1775eadzkcRThDM7hEjy4ggbcQRNawEDCM7zCm/PovDjvzseyteDkM6fwB87nD3ASj44=</latexit><latexit sha1_base64="o/TztkgjxWN4eKNCgAhptEPqjkA=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lpjIRwIXsrfswYa9vXN3zoRc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94DThfkRHSoSCUbRSt9pHEXFTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGeponaLny3unZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieO1nQiUpcsWWi8JUEozJ/HkyFJozlFNLKNPC3krYmGrK0EZUsiF4qy+vk3a95rk1775eadzkcRThDM7hEjy4ggbcQRNawEDCM7zCm/PovDjvzseyteDkM6fwB87nD3ASj44=</latexit> =<latexit sha1_base64="kaDWDxarIbt8b7begmsQdMm2hCQ=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsabUyINpYYBUngQvaWOdiwt3fZ3TMhF36CjYXG2PqL7Pw3LnCFgi+Z5OW9mczMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4GMwvpn5j0+oNI/lg5kk6Ed0KHnIGTVWuq9eVfvliltz5yCrxMtJBXI0++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzU6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDSz7hMUoOSLRaFqSAmJrO/yYArZEZMLKFMcXsrYSOqKDM2nZINwVt+eZW06zXPrXl39UrjOo+jCCdwCufgwQU04Baa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz9Dq40b</latexit><latexit sha1_base64="kaDWDxarIbt8b7begmsQdMm2hCQ=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsabUyINpYYBUngQvaWOdiwt3fZ3TMhF36CjYXG2PqL7Pw3LnCFgi+Z5OW9mczMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4GMwvpn5j0+oNI/lg5kk6Ed0KHnIGTVWuq9eVfvliltz5yCrxMtJBXI0++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzU6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDSz7hMUoOSLRaFqSAmJrO/yYArZEZMLKFMcXsrYSOqKDM2nZINwVt+eZW06zXPrXl39UrjOo+jCCdwCufgwQU04Baa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz9Dq40b</latexit><latexit sha1_base64="kaDWDxarIbt8b7begmsQdMm2hCQ=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsabUyINpYYBUngQvaWOdiwt3fZ3TMhF36CjYXG2PqL7Pw3LnCFgi+Z5OW9mczMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4GMwvpn5j0+oNI/lg5kk6Ed0KHnIGTVWuq9eVfvliltz5yCrxMtJBXI0++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzU6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDSz7hMUoOSLRaFqSAmJrO/yYArZEZMLKFMcXsrYSOqKDM2nZINwVt+eZW06zXPrXl39UrjOo+jCCdwCufgwQU04Baa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz9Dq40b</latexit><latexit sha1_base64="kaDWDxarIbt8b7begmsQdMm2hCQ=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsabUyINpYYBUngQvaWOdiwt3fZ3TMhF36CjYXG2PqL7Pw3LnCFgi+Z5OW9mczMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4GMwvpn5j0+oNI/lg5kk6Ed0KHnIGTVWuq9eVfvliltz5yCrxMtJBXI0++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzU6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDSz7hMUoOSLRaFqSAmJrO/yYArZEZMLKFMcXsrYSOqKDM2nZINwVt+eZW06zXPrXl39UrjOo+jCCdwCufgwQU04Baa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz9Dq40b</latexit>

Y 2 Rd⇥n
<latexit sha1_base64="YmPkeJlIVJEaJpLSd9HqFkIjj5g=">AAACD3icbVC7TsMwFHXKq5RXgZHFogUxVUkXGCuxMBZEH6gJleM6rVXHiewbpCrKH7DwKywMIMTKysbf4LYZoOVIlo7PuVf33uPHgmuw7W+rsLK6tr5R3Cxtbe/s7pX3D9o6ShRlLRqJSHV9opngkrWAg2DdWDES+oJ1/PHl1O88MKV5JG9hEjMvJEPJA04JGKlfPq26IYGRH6R3mcslnv/89Ca7Twcu8JBpLLNqv1yxa/YMeJk4OamgHM1++csdRDQJmQQqiNY9x47BS4kCTgXLSm6iWUzomAxZz1BJzCAvnd2T4ROjDHAQKfMk4Jn6uyMlodaT0DeV03X1ojcV//N6CQQXXsplnACTdD4oSASGCE/DwQOuGAUxMYRQxc2umI6IIhRMhCUTgrN48jJp12uO4df1SsPO4yiiI3SMzpCDzlEDXaEmaiGKHtEzekVv1pP1Yr1bH/PSgpX3HKI/sD5/ACa1nKc=</latexit><latexit sha1_base64="YmPkeJlIVJEaJpLSd9HqFkIjj5g=">AAACD3icbVC7TsMwFHXKq5RXgZHFogUxVUkXGCuxMBZEH6gJleM6rVXHiewbpCrKH7DwKywMIMTKysbf4LYZoOVIlo7PuVf33uPHgmuw7W+rsLK6tr5R3Cxtbe/s7pX3D9o6ShRlLRqJSHV9opngkrWAg2DdWDES+oJ1/PHl1O88MKV5JG9hEjMvJEPJA04JGKlfPq26IYGRH6R3mcslnv/89Ca7Twcu8JBpLLNqv1yxa/YMeJk4OamgHM1++csdRDQJmQQqiNY9x47BS4kCTgXLSm6iWUzomAxZz1BJzCAvnd2T4ROjDHAQKfMk4Jn6uyMlodaT0DeV03X1ojcV//N6CQQXXsplnACTdD4oSASGCE/DwQOuGAUxMYRQxc2umI6IIhRMhCUTgrN48jJp12uO4df1SsPO4yiiI3SMzpCDzlEDXaEmaiGKHtEzekVv1pP1Yr1bH/PSgpX3HKI/sD5/ACa1nKc=</latexit><latexit sha1_base64="YmPkeJlIVJEaJpLSd9HqFkIjj5g=">AAACD3icbVC7TsMwFHXKq5RXgZHFogUxVUkXGCuxMBZEH6gJleM6rVXHiewbpCrKH7DwKywMIMTKysbf4LYZoOVIlo7PuVf33uPHgmuw7W+rsLK6tr5R3Cxtbe/s7pX3D9o6ShRlLRqJSHV9opngkrWAg2DdWDES+oJ1/PHl1O88MKV5JG9hEjMvJEPJA04JGKlfPq26IYGRH6R3mcslnv/89Ca7Twcu8JBpLLNqv1yxa/YMeJk4OamgHM1++csdRDQJmQQqiNY9x47BS4kCTgXLSm6iWUzomAxZz1BJzCAvnd2T4ROjDHAQKfMk4Jn6uyMlodaT0DeV03X1ojcV//N6CQQXXsplnACTdD4oSASGCE/DwQOuGAUxMYRQxc2umI6IIhRMhCUTgrN48jJp12uO4df1SsPO4yiiI3SMzpCDzlEDXaEmaiGKHtEzekVv1pP1Yr1bH/PSgpX3HKI/sD5/ACa1nKc=</latexit><latexit sha1_base64="YmPkeJlIVJEaJpLSd9HqFkIjj5g=">AAACD3icbVC7TsMwFHXKq5RXgZHFogUxVUkXGCuxMBZEH6gJleM6rVXHiewbpCrKH7DwKywMIMTKysbf4LYZoOVIlo7PuVf33uPHgmuw7W+rsLK6tr5R3Cxtbe/s7pX3D9o6ShRlLRqJSHV9opngkrWAg2DdWDES+oJ1/PHl1O88MKV5JG9hEjMvJEPJA04JGKlfPq26IYGRH6R3mcslnv/89Ca7Twcu8JBpLLNqv1yxa/YMeJk4OamgHM1++csdRDQJmQQqiNY9x47BS4kCTgXLSm6iWUzomAxZz1BJzCAvnd2T4ROjDHAQKfMk4Jn6uyMlodaT0DeV03X1ojcV//N6CQQXXsplnACTdD4oSASGCE/DwQOuGAUxMYRQxc2umI6IIhRMhCUTgrN48jJp12uO4df1SsPO4yiiI3SMzpCDzlEDXaEmaiGKHtEzekVv1pP1Yr1bH/PSgpX3HKI/sD5/ACa1nKc=</latexit>

S 2 R(k2c)⇥n
<latexit sha1_base64="QRR/Tl1JVRP3x0Ie9U59ozu+Q4w=">AAACFHicbVC7TsMwFHXKq5RXgJHFokUqQqqSLjBWsDCWRx9Sk1aO67RWHSeyHaQqykew8CssDCDEysDG3+C0GaDlSJaOz7lX997jRYxKZVnfRmFldW19o7hZ2tre2d0z9w/aMowFJi0cslB0PSQJo5y0FFWMdCNBUOAx0vEmV5nfeSBC0pDfq2lE3ACNOPUpRkpLA/Os4gRIjT0/uUsdyuH85yW3aT+pTvp1fOooGhAJeVoZmGWrZs0Al4mdkzLI0RyYX84wxHFAuMIMSdmzrUi5CRKKYkbSkhNLEiE8QSPS05QjPchNZkel8EQrQ+iHQj+u4Ez93ZGgQMpp4OnKbGe56GXif14vVv6Fm1AexYpwPB/kxwyqEGYJwSEVBCs21QRhQfWuEI+RQFjpHEs6BHvx5GXSrtdsq2bf1MuNyzyOIjgCx6AKbHAOGuAaNEELYPAInsEreDOejBfj3fiYlxaMvOcQ/IHx+QMYf54w</latexit><latexit sha1_base64="QRR/Tl1JVRP3x0Ie9U59ozu+Q4w=">AAACFHicbVC7TsMwFHXKq5RXgJHFokUqQqqSLjBWsDCWRx9Sk1aO67RWHSeyHaQqykew8CssDCDEysDG3+C0GaDlSJaOz7lX997jRYxKZVnfRmFldW19o7hZ2tre2d0z9w/aMowFJi0cslB0PSQJo5y0FFWMdCNBUOAx0vEmV5nfeSBC0pDfq2lE3ACNOPUpRkpLA/Os4gRIjT0/uUsdyuH85yW3aT+pTvp1fOooGhAJeVoZmGWrZs0Al4mdkzLI0RyYX84wxHFAuMIMSdmzrUi5CRKKYkbSkhNLEiE8QSPS05QjPchNZkel8EQrQ+iHQj+u4Ez93ZGgQMpp4OnKbGe56GXif14vVv6Fm1AexYpwPB/kxwyqEGYJwSEVBCs21QRhQfWuEI+RQFjpHEs6BHvx5GXSrtdsq2bf1MuNyzyOIjgCx6AKbHAOGuAaNEELYPAInsEreDOejBfj3fiYlxaMvOcQ/IHx+QMYf54w</latexit><latexit sha1_base64="QRR/Tl1JVRP3x0Ie9U59ozu+Q4w=">AAACFHicbVC7TsMwFHXKq5RXgJHFokUqQqqSLjBWsDCWRx9Sk1aO67RWHSeyHaQqykew8CssDCDEysDG3+C0GaDlSJaOz7lX997jRYxKZVnfRmFldW19o7hZ2tre2d0z9w/aMowFJi0cslB0PSQJo5y0FFWMdCNBUOAx0vEmV5nfeSBC0pDfq2lE3ACNOPUpRkpLA/Os4gRIjT0/uUsdyuH85yW3aT+pTvp1fOooGhAJeVoZmGWrZs0Al4mdkzLI0RyYX84wxHFAuMIMSdmzrUi5CRKKYkbSkhNLEiE8QSPS05QjPchNZkel8EQrQ+iHQj+u4Ez93ZGgQMpp4OnKbGe56GXif14vVv6Fm1AexYpwPB/kxwyqEGYJwSEVBCs21QRhQfWuEI+RQFjpHEs6BHvx5GXSrtdsq2bf1MuNyzyOIjgCx6AKbHAOGuAaNEELYPAInsEreDOejBfj3fiYlxaMvOcQ/IHx+QMYf54w</latexit><latexit sha1_base64="QRR/Tl1JVRP3x0Ie9U59ozu+Q4w=">AAACFHicbVC7TsMwFHXKq5RXgJHFokUqQqqSLjBWsDCWRx9Sk1aO67RWHSeyHaQqykew8CssDCDEysDG3+C0GaDlSJaOz7lX997jRYxKZVnfRmFldW19o7hZ2tre2d0z9w/aMowFJi0cslB0PSQJo5y0FFWMdCNBUOAx0vEmV5nfeSBC0pDfq2lE3ACNOPUpRkpLA/Os4gRIjT0/uUsdyuH85yW3aT+pTvp1fOooGhAJeVoZmGWrZs0Al4mdkzLI0RyYX84wxHFAuMIMSdmzrUi5CRKKYkbSkhNLEiE8QSPS05QjPchNZkel8EQrQ+iHQj+u4Ez93ZGgQMpp4OnKbGe56GXif14vVv6Fm1AexYpwPB/kxwyqEGYJwSEVBCs21QRhQfWuEI+RQFjpHEs6BHvx5GXSrtdsq2bf1MuNyzyOIjgCx6AKbHAOGuAaNEELYPAInsEreDOejBfj3fiYlxaMvOcQ/IHx+QMYf54w</latexit>

X 2 Rd⇥(k2c)
<latexit sha1_base64="IWy3Xt/otXJq/d4FeRaOz+jrIBE=">AAACE3icbVC7TsMwFHV4lvIKMLJYtEiFoUq6wFjBwlgQfUhNWjmO01p1nMh2kKoo/8DCr7AwgBArCxt/g9NmgJYjWTo+517de48XMyqVZX0bK6tr6xubpa3y9s7u3r55cNiRUSIwaeOIRaLnIUkY5aStqGKkFwuCQo+Rrje5zv3uAxGSRvxeTWPihmjEaUAxUloamudVJ0Rq7AVpL3Moh/Ofl95lg9R3FA2JrE0GDXyWVYdmxapbM8BlYhekAgq0huaX40c4CQlXmCEp+7YVKzdFQlHMSFZ2EklihCdoRPqacqSHuenspgyeasWHQST04wrO1N8dKQqlnIaersxXloteLv7n9RMVXLop5XGiCMfzQUHCoIpgHhD0qSBYsakmCAuqd4V4jATCSsdY1iHYiycvk06jblt1+7ZRaV4VcZTAMTgBNWCDC9AEN6AF2gCDR/AMXsGb8WS8GO/Gx7x0xSh6jsAfGJ8/seaeAQ==</latexit><latexit sha1_base64="IWy3Xt/otXJq/d4FeRaOz+jrIBE=">AAACE3icbVC7TsMwFHV4lvIKMLJYtEiFoUq6wFjBwlgQfUhNWjmO01p1nMh2kKoo/8DCr7AwgBArCxt/g9NmgJYjWTo+517de48XMyqVZX0bK6tr6xubpa3y9s7u3r55cNiRUSIwaeOIRaLnIUkY5aStqGKkFwuCQo+Rrje5zv3uAxGSRvxeTWPihmjEaUAxUloamudVJ0Rq7AVpL3Moh/Ofl95lg9R3FA2JrE0GDXyWVYdmxapbM8BlYhekAgq0huaX40c4CQlXmCEp+7YVKzdFQlHMSFZ2EklihCdoRPqacqSHuenspgyeasWHQST04wrO1N8dKQqlnIaersxXloteLv7n9RMVXLop5XGiCMfzQUHCoIpgHhD0qSBYsakmCAuqd4V4jATCSsdY1iHYiycvk06jblt1+7ZRaV4VcZTAMTgBNWCDC9AEN6AF2gCDR/AMXsGb8WS8GO/Gx7x0xSh6jsAfGJ8/seaeAQ==</latexit><latexit sha1_base64="IWy3Xt/otXJq/d4FeRaOz+jrIBE=">AAACE3icbVC7TsMwFHV4lvIKMLJYtEiFoUq6wFjBwlgQfUhNWjmO01p1nMh2kKoo/8DCr7AwgBArCxt/g9NmgJYjWTo+517de48XMyqVZX0bK6tr6xubpa3y9s7u3r55cNiRUSIwaeOIRaLnIUkY5aStqGKkFwuCQo+Rrje5zv3uAxGSRvxeTWPihmjEaUAxUloamudVJ0Rq7AVpL3Moh/Ofl95lg9R3FA2JrE0GDXyWVYdmxapbM8BlYhekAgq0huaX40c4CQlXmCEp+7YVKzdFQlHMSFZ2EklihCdoRPqacqSHuenspgyeasWHQST04wrO1N8dKQqlnIaersxXloteLv7n9RMVXLop5XGiCMfzQUHCoIpgHhD0qSBYsakmCAuqd4V4jATCSsdY1iHYiycvk06jblt1+7ZRaV4VcZTAMTgBNWCDC9AEN6AF2gCDR/AMXsGb8WS8GO/Gx7x0xSh6jsAfGJ8/seaeAQ==</latexit><latexit sha1_base64="IWy3Xt/otXJq/d4FeRaOz+jrIBE=">AAACE3icbVC7TsMwFHV4lvIKMLJYtEiFoUq6wFjBwlgQfUhNWjmO01p1nMh2kKoo/8DCr7AwgBArCxt/g9NmgJYjWTo+517de48XMyqVZX0bK6tr6xubpa3y9s7u3r55cNiRUSIwaeOIRaLnIUkY5aStqGKkFwuCQo+Rrje5zv3uAxGSRvxeTWPihmjEaUAxUloamudVJ0Rq7AVpL3Moh/Ofl95lg9R3FA2JrE0GDXyWVYdmxapbM8BlYhekAgq0huaX40c4CQlXmCEp+7YVKzdFQlHMSFZ2EklihCdoRPqacqSHuenspgyeasWHQST04wrO1N8dKQqlnIaersxXloteLv7n9RMVXLop5XGiCMfzQUHCoIpgHhD0qSBYsakmCAuqd4V4jATCSsdY1iHYiycvk06jblt1+7ZRaV4VcZTAMTgBNWCDC9AEN6AF2gCDR/AMXsGb8WS8GO/Gx7x0xSh6jsAfGJ8/seaeAQ==</latexit>

Random Sparse Convolution

Y 2 Rd⇥n
<latexit sha1_base64="YmPkeJlIVJEaJpLSd9HqFkIjj5g=">AAACD3icbVC7TsMwFHXKq5RXgZHFogUxVUkXGCuxMBZEH6gJleM6rVXHiewbpCrKH7DwKywMIMTKysbf4LYZoOVIlo7PuVf33uPHgmuw7W+rsLK6tr5R3Cxtbe/s7pX3D9o6ShRlLRqJSHV9opngkrWAg2DdWDES+oJ1/PHl1O88MKV5JG9hEjMvJEPJA04JGKlfPq26IYGRH6R3mcslnv/89Ca7Twcu8JBpLLNqv1yxa/YMeJk4OamgHM1++csdRDQJmQQqiNY9x47BS4kCTgXLSm6iWUzomAxZz1BJzCAvnd2T4ROjDHAQKfMk4Jn6uyMlodaT0DeV03X1ojcV//N6CQQXXsplnACTdD4oSASGCE/DwQOuGAUxMYRQxc2umI6IIhRMhCUTgrN48jJp12uO4df1SsPO4yiiI3SMzpCDzlEDXaEmaiGKHtEzekVv1pP1Yr1bH/PSgpX3HKI/sD5/ACa1nKc=</latexit><latexit sha1_base64="YmPkeJlIVJEaJpLSd9HqFkIjj5g=">AAACD3icbVC7TsMwFHXKq5RXgZHFogUxVUkXGCuxMBZEH6gJleM6rVXHiewbpCrKH7DwKywMIMTKysbf4LYZoOVIlo7PuVf33uPHgmuw7W+rsLK6tr5R3Cxtbe/s7pX3D9o6ShRlLRqJSHV9opngkrWAg2DdWDES+oJ1/PHl1O88MKV5JG9hEjMvJEPJA04JGKlfPq26IYGRH6R3mcslnv/89Ca7Twcu8JBpLLNqv1yxa/YMeJk4OamgHM1++csdRDQJmQQqiNY9x47BS4kCTgXLSm6iWUzomAxZz1BJzCAvnd2T4ROjDHAQKfMk4Jn6uyMlodaT0DeV03X1ojcV//N6CQQXXsplnACTdD4oSASGCE/DwQOuGAUxMYRQxc2umI6IIhRMhCUTgrN48jJp12uO4df1SsPO4yiiI3SMzpCDzlEDXaEmaiGKHtEzekVv1pP1Yr1bH/PSgpX3HKI/sD5/ACa1nKc=</latexit><latexit sha1_base64="YmPkeJlIVJEaJpLSd9HqFkIjj5g=">AAACD3icbVC7TsMwFHXKq5RXgZHFogUxVUkXGCuxMBZEH6gJleM6rVXHiewbpCrKH7DwKywMIMTKysbf4LYZoOVIlo7PuVf33uPHgmuw7W+rsLK6tr5R3Cxtbe/s7pX3D9o6ShRlLRqJSHV9opngkrWAg2DdWDES+oJ1/PHl1O88MKV5JG9hEjMvJEPJA04JGKlfPq26IYGRH6R3mcslnv/89Ca7Twcu8JBpLLNqv1yxa/YMeJk4OamgHM1++csdRDQJmQQqiNY9x47BS4kCTgXLSm6iWUzomAxZz1BJzCAvnd2T4ROjDHAQKfMk4Jn6uyMlodaT0DeV03X1ojcV//N6CQQXXsplnACTdD4oSASGCE/DwQOuGAUxMYRQxc2umI6IIhRMhCUTgrN48jJp12uO4df1SsPO4yiiI3SMzpCDzlEDXaEmaiGKHtEzekVv1pP1Yr1bH/PSgpX3HKI/sD5/ACa1nKc=</latexit><latexit sha1_base64="YmPkeJlIVJEaJpLSd9HqFkIjj5g=">AAACD3icbVC7TsMwFHXKq5RXgZHFogUxVUkXGCuxMBZEH6gJleM6rVXHiewbpCrKH7DwKywMIMTKysbf4LYZoOVIlo7PuVf33uPHgmuw7W+rsLK6tr5R3Cxtbe/s7pX3D9o6ShRlLRqJSHV9opngkrWAg2DdWDES+oJ1/PHl1O88MKV5JG9hEjMvJEPJA04JGKlfPq26IYGRH6R3mcslnv/89Ca7Twcu8JBpLLNqv1yxa/YMeJk4OamgHM1++csdRDQJmQQqiNY9x47BS4kCTgXLSm6iWUzomAxZz1BJzCAvnd2T4ROjDHAQKfMk4Jn6uyMlodaT0DeV03X1ojcV//N6CQQXXsplnACTdD4oSASGCE/DwQOuGAUxMYRQxc2umI6IIhRMhCUTgrN48jJp12uO4df1SsPO4yiiI3SMzpCDzlEDXaEmaiGKHtEzekVv1pP1Yr1bH/PSgpX3HKI/sD5/ACa1nKc=</latexit>

=<latexit sha1_base64="kaDWDxarIbt8b7begmsQdMm2hCQ=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsabUyINpYYBUngQvaWOdiwt3fZ3TMhF36CjYXG2PqL7Pw3LnCFgi+Z5OW9mczMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4GMwvpn5j0+oNI/lg5kk6Ed0KHnIGTVWuq9eVfvliltz5yCrxMtJBXI0++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzU6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDSz7hMUoOSLRaFqSAmJrO/yYArZEZMLKFMcXsrYSOqKDM2nZINwVt+eZW06zXPrXl39UrjOo+jCCdwCufgwQU04Baa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz9Dq40b</latexit><latexit sha1_base64="kaDWDxarIbt8b7begmsQdMm2hCQ=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsabUyINpYYBUngQvaWOdiwt3fZ3TMhF36CjYXG2PqL7Pw3LnCFgi+Z5OW9mczMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4GMwvpn5j0+oNI/lg5kk6Ed0KHnIGTVWuq9eVfvliltz5yCrxMtJBXI0++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzU6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDSz7hMUoOSLRaFqSAmJrO/yYArZEZMLKFMcXsrYSOqKDM2nZINwVt+eZW06zXPrXl39UrjOo+jCCdwCufgwQU04Baa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz9Dq40b</latexit><latexit sha1_base64="kaDWDxarIbt8b7begmsQdMm2hCQ=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsabUyINpYYBUngQvaWOdiwt3fZ3TMhF36CjYXG2PqL7Pw3LnCFgi+Z5OW9mczMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4GMwvpn5j0+oNI/lg5kk6Ed0KHnIGTVWuq9eVfvliltz5yCrxMtJBXI0++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzU6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDSz7hMUoOSLRaFqSAmJrO/yYArZEZMLKFMcXsrYSOqKDM2nZINwVt+eZW06zXPrXl39UrjOo+jCCdwCufgwQU04Baa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz9Dq40b</latexit><latexit sha1_base64="kaDWDxarIbt8b7begmsQdMm2hCQ=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsabUyINpYYBUngQvaWOdiwt3fZ3TMhF36CjYXG2PqL7Pw3LnCFgi+Z5OW9mczMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4GMwvpn5j0+oNI/lg5kk6Ed0KHnIGTVWuq9eVfvliltz5yCrxMtJBXI0++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzU6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDSz7hMUoOSLRaFqSAmJrO/yYArZEZMLKFMcXsrYSOqKDM2nZINwVt+eZW06zXPrXl39UrjOo+jCCdwCufgwQU04Baa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz9Dq40b</latexit>

S 2 R(k2c)⇥n
<latexit sha1_base64="QRR/Tl1JVRP3x0Ie9U59ozu+Q4w=">AAACFHicbVC7TsMwFHXKq5RXgJHFokUqQqqSLjBWsDCWRx9Sk1aO67RWHSeyHaQqykew8CssDCDEysDG3+C0GaDlSJaOz7lX997jRYxKZVnfRmFldW19o7hZ2tre2d0z9w/aMowFJi0cslB0PSQJo5y0FFWMdCNBUOAx0vEmV5nfeSBC0pDfq2lE3ACNOPUpRkpLA/Os4gRIjT0/uUsdyuH85yW3aT+pTvp1fOooGhAJeVoZmGWrZs0Al4mdkzLI0RyYX84wxHFAuMIMSdmzrUi5CRKKYkbSkhNLEiE8QSPS05QjPchNZkel8EQrQ+iHQj+u4Ez93ZGgQMpp4OnKbGe56GXif14vVv6Fm1AexYpwPB/kxwyqEGYJwSEVBCs21QRhQfWuEI+RQFjpHEs6BHvx5GXSrtdsq2bf1MuNyzyOIjgCx6AKbHAOGuAaNEELYPAInsEreDOejBfj3fiYlxaMvOcQ/IHx+QMYf54w</latexit><latexit sha1_base64="QRR/Tl1JVRP3x0Ie9U59ozu+Q4w=">AAACFHicbVC7TsMwFHXKq5RXgJHFokUqQqqSLjBWsDCWRx9Sk1aO67RWHSeyHaQqykew8CssDCDEysDG3+C0GaDlSJaOz7lX997jRYxKZVnfRmFldW19o7hZ2tre2d0z9w/aMowFJi0cslB0PSQJo5y0FFWMdCNBUOAx0vEmV5nfeSBC0pDfq2lE3ACNOPUpRkpLA/Os4gRIjT0/uUsdyuH85yW3aT+pTvp1fOooGhAJeVoZmGWrZs0Al4mdkzLI0RyYX84wxHFAuMIMSdmzrUi5CRKKYkbSkhNLEiE8QSPS05QjPchNZkel8EQrQ+iHQj+u4Ez93ZGgQMpp4OnKbGe56GXif14vVv6Fm1AexYpwPB/kxwyqEGYJwSEVBCs21QRhQfWuEI+RQFjpHEs6BHvx5GXSrtdsq2bf1MuNyzyOIjgCx6AKbHAOGuAaNEELYPAInsEreDOejBfj3fiYlxaMvOcQ/IHx+QMYf54w</latexit><latexit sha1_base64="QRR/Tl1JVRP3x0Ie9U59ozu+Q4w=">AAACFHicbVC7TsMwFHXKq5RXgJHFokUqQqqSLjBWsDCWRx9Sk1aO67RWHSeyHaQqykew8CssDCDEysDG3+C0GaDlSJaOz7lX997jRYxKZVnfRmFldW19o7hZ2tre2d0z9w/aMowFJi0cslB0PSQJo5y0FFWMdCNBUOAx0vEmV5nfeSBC0pDfq2lE3ACNOPUpRkpLA/Os4gRIjT0/uUsdyuH85yW3aT+pTvp1fOooGhAJeVoZmGWrZs0Al4mdkzLI0RyYX84wxHFAuMIMSdmzrUi5CRKKYkbSkhNLEiE8QSPS05QjPchNZkel8EQrQ+iHQj+u4Ez93ZGgQMpp4OnKbGe56GXif14vVv6Fm1AexYpwPB/kxwyqEGYJwSEVBCs21QRhQfWuEI+RQFjpHEs6BHvx5GXSrtdsq2bf1MuNyzyOIjgCx6AKbHAOGuAaNEELYPAInsEreDOejBfj3fiYlxaMvOcQ/IHx+QMYf54w</latexit><latexit sha1_base64="QRR/Tl1JVRP3x0Ie9U59ozu+Q4w=">AAACFHicbVC7TsMwFHXKq5RXgJHFokUqQqqSLjBWsDCWRx9Sk1aO67RWHSeyHaQqykew8CssDCDEysDG3+C0GaDlSJaOz7lX997jRYxKZVnfRmFldW19o7hZ2tre2d0z9w/aMowFJi0cslB0PSQJo5y0FFWMdCNBUOAx0vEmV5nfeSBC0pDfq2lE3ACNOPUpRkpLA/Os4gRIjT0/uUsdyuH85yW3aT+pTvp1fOooGhAJeVoZmGWrZs0Al4mdkzLI0RyYX84wxHFAuMIMSdmzrUi5CRKKYkbSkhNLEiE8QSPS05QjPchNZkel8EQrQ+iHQj+u4Ez93ZGgQMpp4OnKbGe56GXif14vVv6Fm1AexYpwPB/kxwyqEGYJwSEVBCs21QRhQfWuEI+RQFjpHEs6BHvx5GXSrtdsq2bf1MuNyzyOIjgCx6AKbHAOGuAaNEELYPAInsEreDOejBfj3fiYlxaMvOcQ/IHx+QMYf54w</latexit>

⇥
<latexit sha1_base64="o/TztkgjxWN4eKNCgAhptEPqjkA=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lpjIRwIXsrfswYa9vXN3zoRc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94DThfkRHSoSCUbRSt9pHEXFTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGeponaLny3unZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieO1nQiUpcsWWi8JUEozJ/HkyFJozlFNLKNPC3krYmGrK0EZUsiF4qy+vk3a95rk1775eadzkcRThDM7hEjy4ggbcQRNawEDCM7zCm/PovDjvzseyteDkM6fwB87nD3ASj44=</latexit><latexit sha1_base64="o/TztkgjxWN4eKNCgAhptEPqjkA=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lpjIRwIXsrfswYa9vXN3zoRc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94DThfkRHSoSCUbRSt9pHEXFTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGeponaLny3unZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieO1nQiUpcsWWi8JUEozJ/HkyFJozlFNLKNPC3krYmGrK0EZUsiF4qy+vk3a95rk1775eadzkcRThDM7hEjy4ggbcQRNawEDCM7zCm/PovDjvzseyteDkM6fwB87nD3ASj44=</latexit><latexit sha1_base64="o/TztkgjxWN4eKNCgAhptEPqjkA=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lpjIRwIXsrfswYa9vXN3zoRc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94DThfkRHSoSCUbRSt9pHEXFTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGeponaLny3unZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieO1nQiUpcsWWi8JUEozJ/HkyFJozlFNLKNPC3krYmGrK0EZUsiF4qy+vk3a95rk1775eadzkcRThDM7hEjy4ggbcQRNawEDCM7zCm/PovDjvzseyteDkM6fwB87nD3ASj44=</latexit><latexit sha1_base64="o/TztkgjxWN4eKNCgAhptEPqjkA=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lpjIRwIXsrfswYa9vXN3zoRc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94DThfkRHSoSCUbRSt9pHEXFTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGeponaLny3unZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieO1nQiUpcsWWi8JUEozJ/HkyFJozlFNLKNPC3krYmGrK0EZUsiF4qy+vk3a95rk1775eadzkcRThDM7hEjy4ggbcQRNawEDCM7zCm/PovDjvzseyteDkM6fwB87nD3ASj44=</latexit>

X 2 Rd⇥(k2c)
<latexit sha1_base64="IWy3Xt/otXJq/d4FeRaOz+jrIBE=">AAACE3icbVC7TsMwFHV4lvIKMLJYtEiFoUq6wFjBwlgQfUhNWjmO01p1nMh2kKoo/8DCr7AwgBArCxt/g9NmgJYjWTo+517de48XMyqVZX0bK6tr6xubpa3y9s7u3r55cNiRUSIwaeOIRaLnIUkY5aStqGKkFwuCQo+Rrje5zv3uAxGSRvxeTWPihmjEaUAxUloamudVJ0Rq7AVpL3Moh/Ofl95lg9R3FA2JrE0GDXyWVYdmxapbM8BlYhekAgq0huaX40c4CQlXmCEp+7YVKzdFQlHMSFZ2EklihCdoRPqacqSHuenspgyeasWHQST04wrO1N8dKQqlnIaersxXloteLv7n9RMVXLop5XGiCMfzQUHCoIpgHhD0qSBYsakmCAuqd4V4jATCSsdY1iHYiycvk06jblt1+7ZRaV4VcZTAMTgBNWCDC9AEN6AF2gCDR/AMXsGb8WS8GO/Gx7x0xSh6jsAfGJ8/seaeAQ==</latexit><latexit sha1_base64="IWy3Xt/otXJq/d4FeRaOz+jrIBE=">AAACE3icbVC7TsMwFHV4lvIKMLJYtEiFoUq6wFjBwlgQfUhNWjmO01p1nMh2kKoo/8DCr7AwgBArCxt/g9NmgJYjWTo+517de48XMyqVZX0bK6tr6xubpa3y9s7u3r55cNiRUSIwaeOIRaLnIUkY5aStqGKkFwuCQo+Rrje5zv3uAxGSRvxeTWPihmjEaUAxUloamudVJ0Rq7AVpL3Moh/Ofl95lg9R3FA2JrE0GDXyWVYdmxapbM8BlYhekAgq0huaX40c4CQlXmCEp+7YVKzdFQlHMSFZ2EklihCdoRPqacqSHuenspgyeasWHQST04wrO1N8dKQqlnIaersxXloteLv7n9RMVXLop5XGiCMfzQUHCoIpgHhD0qSBYsakmCAuqd4V4jATCSsdY1iHYiycvk06jblt1+7ZRaV4VcZTAMTgBNWCDC9AEN6AF2gCDR/AMXsGb8WS8GO/Gx7x0xSh6jsAfGJ8/seaeAQ==</latexit><latexit sha1_base64="IWy3Xt/otXJq/d4FeRaOz+jrIBE=">AAACE3icbVC7TsMwFHV4lvIKMLJYtEiFoUq6wFjBwlgQfUhNWjmO01p1nMh2kKoo/8DCr7AwgBArCxt/g9NmgJYjWTo+517de48XMyqVZX0bK6tr6xubpa3y9s7u3r55cNiRUSIwaeOIRaLnIUkY5aStqGKkFwuCQo+Rrje5zv3uAxGSRvxeTWPihmjEaUAxUloamudVJ0Rq7AVpL3Moh/Ofl95lg9R3FA2JrE0GDXyWVYdmxapbM8BlYhekAgq0huaX40c4CQlXmCEp+7YVKzdFQlHMSFZ2EklihCdoRPqacqSHuenspgyeasWHQST04wrO1N8dKQqlnIaersxXloteLv7n9RMVXLop5XGiCMfzQUHCoIpgHhD0qSBYsakmCAuqd4V4jATCSsdY1iHYiycvk06jblt1+7ZRaV4VcZTAMTgBNWCDC9AEN6AF2gCDR/AMXsGb8WS8GO/Gx7x0xSh6jsAfGJ8/seaeAQ==</latexit><latexit sha1_base64="IWy3Xt/otXJq/d4FeRaOz+jrIBE=">AAACE3icbVC7TsMwFHV4lvIKMLJYtEiFoUq6wFjBwlgQfUhNWjmO01p1nMh2kKoo/8DCr7AwgBArCxt/g9NmgJYjWTo+517de48XMyqVZX0bK6tr6xubpa3y9s7u3r55cNiRUSIwaeOIRaLnIUkY5aStqGKkFwuCQo+Rrje5zv3uAxGSRvxeTWPihmjEaUAxUloamudVJ0Rq7AVpL3Moh/Ofl95lg9R3FA2JrE0GDXyWVYdmxapbM8BlYhekAgq0huaX40c4CQlXmCEp+7YVKzdFQlHMSFZ2EklihCdoRPqacqSHuenspgyeasWHQST04wrO1N8dKQqlnIaersxXloteLv7n9RMVXLop5XGiCMfzQUHCoIpgHhD0qSBYsakmCAuqd4V4jATCSsdY1iHYiycvk06jblt1+7ZRaV4VcZTAMTgBNWCDC9AEN6AF2gCDR/AMXsGb8WS8GO/Gx7x0xSh6jsAfGJ8/seaeAQ==</latexit>

Structured Sparse Convolution

Discussion: Randome Sparsity vs. Structured Sparsity
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Exploring the Granularity of Sparsity that is 
Hardware-friendly 
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irregular sparsity more regular sparsity

=>

fully-dense 
 model

4 types of pruning granularity

=>=>

[Han et al, NIPS’15] [Molchanov et al, ICLR’17]

regular sparsity

Discussion: Sparsity Granularity
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Y 2 Rd⇥n
<latexit sha1_base64="YmPkeJlIVJEaJpLSd9HqFkIjj5g=">AAACD3icbVC7TsMwFHXKq5RXgZHFogUxVUkXGCuxMBZEH6gJleM6rVXHiewbpCrKH7DwKywMIMTKysbf4LYZoOVIlo7PuVf33uPHgmuw7W+rsLK6tr5R3Cxtbe/s7pX3D9o6ShRlLRqJSHV9opngkrWAg2DdWDES+oJ1/PHl1O88MKV5JG9hEjMvJEPJA04JGKlfPq26IYGRH6R3mcslnv/89Ca7Twcu8JBpLLNqv1yxa/YMeJk4OamgHM1++csdRDQJmQQqiNY9x47BS4kCTgXLSm6iWUzomAxZz1BJzCAvnd2T4ROjDHAQKfMk4Jn6uyMlodaT0DeV03X1ojcV//N6CQQXXsplnACTdD4oSASGCE/DwQOuGAUxMYRQxc2umI6IIhRMhCUTgrN48jJp12uO4df1SsPO4yiiI3SMzpCDzlEDXaEmaiGKHtEzekVv1pP1Yr1bH/PSgpX3HKI/sD5/ACa1nKc=</latexit><latexit sha1_base64="YmPkeJlIVJEaJpLSd9HqFkIjj5g=">AAACD3icbVC7TsMwFHXKq5RXgZHFogUxVUkXGCuxMBZEH6gJleM6rVXHiewbpCrKH7DwKywMIMTKysbf4LYZoOVIlo7PuVf33uPHgmuw7W+rsLK6tr5R3Cxtbe/s7pX3D9o6ShRlLRqJSHV9opngkrWAg2DdWDES+oJ1/PHl1O88MKV5JG9hEjMvJEPJA04JGKlfPq26IYGRH6R3mcslnv/89Ca7Twcu8JBpLLNqv1yxa/YMeJk4OamgHM1++csdRDQJmQQqiNY9x47BS4kCTgXLSm6iWUzomAxZz1BJzCAvnd2T4ROjDHAQKfMk4Jn6uyMlodaT0DeV03X1ojcV//N6CQQXXsplnACTdD4oSASGCE/DwQOuGAUxMYRQxc2umI6IIhRMhCUTgrN48jJp12uO4df1SsPO4yiiI3SMzpCDzlEDXaEmaiGKHtEzekVv1pP1Yr1bH/PSgpX3HKI/sD5/ACa1nKc=</latexit><latexit sha1_base64="YmPkeJlIVJEaJpLSd9HqFkIjj5g=">AAACD3icbVC7TsMwFHXKq5RXgZHFogUxVUkXGCuxMBZEH6gJleM6rVXHiewbpCrKH7DwKywMIMTKysbf4LYZoOVIlo7PuVf33uPHgmuw7W+rsLK6tr5R3Cxtbe/s7pX3D9o6ShRlLRqJSHV9opngkrWAg2DdWDES+oJ1/PHl1O88MKV5JG9hEjMvJEPJA04JGKlfPq26IYGRH6R3mcslnv/89Ca7Twcu8JBpLLNqv1yxa/YMeJk4OamgHM1++csdRDQJmQQqiNY9x47BS4kCTgXLSm6iWUzomAxZz1BJzCAvnd2T4ROjDHAQKfMk4Jn6uyMlodaT0DeV03X1ojcV//N6CQQXXsplnACTdD4oSASGCE/DwQOuGAUxMYRQxc2umI6IIhRMhCUTgrN48jJp12uO4df1SsPO4yiiI3SMzpCDzlEDXaEmaiGKHtEzekVv1pP1Yr1bH/PSgpX3HKI/sD5/ACa1nKc=</latexit><latexit sha1_base64="YmPkeJlIVJEaJpLSd9HqFkIjj5g=">AAACD3icbVC7TsMwFHXKq5RXgZHFogUxVUkXGCuxMBZEH6gJleM6rVXHiewbpCrKH7DwKywMIMTKysbf4LYZoOVIlo7PuVf33uPHgmuw7W+rsLK6tr5R3Cxtbe/s7pX3D9o6ShRlLRqJSHV9opngkrWAg2DdWDES+oJ1/PHl1O88MKV5JG9hEjMvJEPJA04JGKlfPq26IYGRH6R3mcslnv/89Ca7Twcu8JBpLLNqv1yxa/YMeJk4OamgHM1++csdRDQJmQQqiNY9x47BS4kCTgXLSm6iWUzomAxZz1BJzCAvnd2T4ROjDHAQKfMk4Jn6uyMlodaT0DeV03X1ojcV//N6CQQXXsplnACTdD4oSASGCE/DwQOuGAUxMYRQxc2umI6IIhRMhCUTgrN48jJp12uO4df1SsPO4yiiI3SMzpCDzlEDXaEmaiGKHtEzekVv1pP1Yr1bH/PSgpX3HKI/sD5/ACa1nKc=</latexit>

=<latexit sha1_base64="kaDWDxarIbt8b7begmsQdMm2hCQ=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsabUyINpYYBUngQvaWOdiwt3fZ3TMhF36CjYXG2PqL7Pw3LnCFgi+Z5OW9mczMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4GMwvpn5j0+oNI/lg5kk6Ed0KHnIGTVWuq9eVfvliltz5yCrxMtJBXI0++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzU6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDSz7hMUoOSLRaFqSAmJrO/yYArZEZMLKFMcXsrYSOqKDM2nZINwVt+eZW06zXPrXl39UrjOo+jCCdwCufgwQU04Baa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz9Dq40b</latexit><latexit sha1_base64="kaDWDxarIbt8b7begmsQdMm2hCQ=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsabUyINpYYBUngQvaWOdiwt3fZ3TMhF36CjYXG2PqL7Pw3LnCFgi+Z5OW9mczMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4GMwvpn5j0+oNI/lg5kk6Ed0KHnIGTVWuq9eVfvliltz5yCrxMtJBXI0++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzU6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDSz7hMUoOSLRaFqSAmJrO/yYArZEZMLKFMcXsrYSOqKDM2nZINwVt+eZW06zXPrXl39UrjOo+jCCdwCufgwQU04Baa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz9Dq40b</latexit><latexit sha1_base64="kaDWDxarIbt8b7begmsQdMm2hCQ=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsabUyINpYYBUngQvaWOdiwt3fZ3TMhF36CjYXG2PqL7Pw3LnCFgi+Z5OW9mczMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4GMwvpn5j0+oNI/lg5kk6Ed0KHnIGTVWuq9eVfvliltz5yCrxMtJBXI0++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzU6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDSz7hMUoOSLRaFqSAmJrO/yYArZEZMLKFMcXsrYSOqKDM2nZINwVt+eZW06zXPrXl39UrjOo+jCCdwCufgwQU04Baa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz9Dq40b</latexit><latexit sha1_base64="kaDWDxarIbt8b7begmsQdMm2hCQ=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsabUyINpYYBUngQvaWOdiwt3fZ3TMhF36CjYXG2PqL7Pw3LnCFgi+Z5OW9mczMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4GMwvpn5j0+oNI/lg5kk6Ed0KHnIGTVWuq9eVfvliltz5yCrxMtJBXI0++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzU6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDSz7hMUoOSLRaFqSAmJrO/yYArZEZMLKFMcXsrYSOqKDM2nZINwVt+eZW06zXPrXl39UrjOo+jCCdwCufgwQU04Baa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz9Dq40b</latexit>

S 2 R(k2c)⇥n
<latexit sha1_base64="QRR/Tl1JVRP3x0Ie9U59ozu+Q4w=">AAACFHicbVC7TsMwFHXKq5RXgJHFokUqQqqSLjBWsDCWRx9Sk1aO67RWHSeyHaQqykew8CssDCDEysDG3+C0GaDlSJaOz7lX997jRYxKZVnfRmFldW19o7hZ2tre2d0z9w/aMowFJi0cslB0PSQJo5y0FFWMdCNBUOAx0vEmV5nfeSBC0pDfq2lE3ACNOPUpRkpLA/Os4gRIjT0/uUsdyuH85yW3aT+pTvp1fOooGhAJeVoZmGWrZs0Al4mdkzLI0RyYX84wxHFAuMIMSdmzrUi5CRKKYkbSkhNLEiE8QSPS05QjPchNZkel8EQrQ+iHQj+u4Ez93ZGgQMpp4OnKbGe56GXif14vVv6Fm1AexYpwPB/kxwyqEGYJwSEVBCs21QRhQfWuEI+RQFjpHEs6BHvx5GXSrtdsq2bf1MuNyzyOIjgCx6AKbHAOGuAaNEELYPAInsEreDOejBfj3fiYlxaMvOcQ/IHx+QMYf54w</latexit><latexit sha1_base64="QRR/Tl1JVRP3x0Ie9U59ozu+Q4w=">AAACFHicbVC7TsMwFHXKq5RXgJHFokUqQqqSLjBWsDCWRx9Sk1aO67RWHSeyHaQqykew8CssDCDEysDG3+C0GaDlSJaOz7lX997jRYxKZVnfRmFldW19o7hZ2tre2d0z9w/aMowFJi0cslB0PSQJo5y0FFWMdCNBUOAx0vEmV5nfeSBC0pDfq2lE3ACNOPUpRkpLA/Os4gRIjT0/uUsdyuH85yW3aT+pTvp1fOooGhAJeVoZmGWrZs0Al4mdkzLI0RyYX84wxHFAuMIMSdmzrUi5CRKKYkbSkhNLEiE8QSPS05QjPchNZkel8EQrQ+iHQj+u4Ez93ZGgQMpp4OnKbGe56GXif14vVv6Fm1AexYpwPB/kxwyqEGYJwSEVBCs21QRhQfWuEI+RQFjpHEs6BHvx5GXSrtdsq2bf1MuNyzyOIjgCx6AKbHAOGuAaNEELYPAInsEreDOejBfj3fiYlxaMvOcQ/IHx+QMYf54w</latexit><latexit sha1_base64="QRR/Tl1JVRP3x0Ie9U59ozu+Q4w=">AAACFHicbVC7TsMwFHXKq5RXgJHFokUqQqqSLjBWsDCWRx9Sk1aO67RWHSeyHaQqykew8CssDCDEysDG3+C0GaDlSJaOz7lX997jRYxKZVnfRmFldW19o7hZ2tre2d0z9w/aMowFJi0cslB0PSQJo5y0FFWMdCNBUOAx0vEmV5nfeSBC0pDfq2lE3ACNOPUpRkpLA/Os4gRIjT0/uUsdyuH85yW3aT+pTvp1fOooGhAJeVoZmGWrZs0Al4mdkzLI0RyYX84wxHFAuMIMSdmzrUi5CRKKYkbSkhNLEiE8QSPS05QjPchNZkel8EQrQ+iHQj+u4Ez93ZGgQMpp4OnKbGe56GXif14vVv6Fm1AexYpwPB/kxwyqEGYJwSEVBCs21QRhQfWuEI+RQFjpHEs6BHvx5GXSrtdsq2bf1MuNyzyOIjgCx6AKbHAOGuAaNEELYPAInsEreDOejBfj3fiYlxaMvOcQ/IHx+QMYf54w</latexit><latexit sha1_base64="QRR/Tl1JVRP3x0Ie9U59ozu+Q4w=">AAACFHicbVC7TsMwFHXKq5RXgJHFokUqQqqSLjBWsDCWRx9Sk1aO67RWHSeyHaQqykew8CssDCDEysDG3+C0GaDlSJaOz7lX997jRYxKZVnfRmFldW19o7hZ2tre2d0z9w/aMowFJi0cslB0PSQJo5y0FFWMdCNBUOAx0vEmV5nfeSBC0pDfq2lE3ACNOPUpRkpLA/Os4gRIjT0/uUsdyuH85yW3aT+pTvp1fOooGhAJeVoZmGWrZs0Al4mdkzLI0RyYX84wxHFAuMIMSdmzrUi5CRKKYkbSkhNLEiE8QSPS05QjPchNZkel8EQrQ+iHQj+u4Ez93ZGgQMpp4OnKbGe56GXif14vVv6Fm1AexYpwPB/kxwyqEGYJwSEVBCs21QRhQfWuEI+RQFjpHEs6BHvx5GXSrtdsq2bf1MuNyzyOIjgCx6AKbHAOGuAaNEELYPAInsEreDOejBfj3fiYlxaMvOcQ/IHx+QMYf54w</latexit>

⇥
<latexit sha1_base64="o/TztkgjxWN4eKNCgAhptEPqjkA=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lpjIRwIXsrfswYa9vXN3zoRc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94DThfkRHSoSCUbRSt9pHEXFTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGeponaLny3unZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieO1nQiUpcsWWi8JUEozJ/HkyFJozlFNLKNPC3krYmGrK0EZUsiF4qy+vk3a95rk1775eadzkcRThDM7hEjy4ggbcQRNawEDCM7zCm/PovDjvzseyteDkM6fwB87nD3ASj44=</latexit><latexit sha1_base64="o/TztkgjxWN4eKNCgAhptEPqjkA=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lpjIRwIXsrfswYa9vXN3zoRc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94DThfkRHSoSCUbRSt9pHEXFTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGeponaLny3unZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieO1nQiUpcsWWi8JUEozJ/HkyFJozlFNLKNPC3krYmGrK0EZUsiF4qy+vk3a95rk1775eadzkcRThDM7hEjy4ggbcQRNawEDCM7zCm/PovDjvzseyteDkM6fwB87nD3ASj44=</latexit><latexit sha1_base64="o/TztkgjxWN4eKNCgAhptEPqjkA=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lpjIRwIXsrfswYa9vXN3zoRc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94DThfkRHSoSCUbRSt9pHEXFTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGeponaLny3unZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieO1nQiUpcsWWi8JUEozJ/HkyFJozlFNLKNPC3krYmGrK0EZUsiF4qy+vk3a95rk1775eadzkcRThDM7hEjy4ggbcQRNawEDCM7zCm/PovDjvzseyteDkM6fwB87nD3ASj44=</latexit><latexit sha1_base64="o/TztkgjxWN4eKNCgAhptEPqjkA=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lpjIRwIXsrfswYa9vXN3zoRc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94DThfkRHSoSCUbRSt9pHEXFTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGeponaLny3unZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieO1nQiUpcsWWi8JUEozJ/HkyFJozlFNLKNPC3krYmGrK0EZUsiF4qy+vk3a95rk1775eadzkcRThDM7hEjy4ggbcQRNawEDCM7zCm/PovDjvzseyteDkM6fwB87nD3ASj44=</latexit>

X 2 Rd⇥(k2c)
<latexit sha1_base64="IWy3Xt/otXJq/d4FeRaOz+jrIBE=">AAACE3icbVC7TsMwFHV4lvIKMLJYtEiFoUq6wFjBwlgQfUhNWjmO01p1nMh2kKoo/8DCr7AwgBArCxt/g9NmgJYjWTo+517de48XMyqVZX0bK6tr6xubpa3y9s7u3r55cNiRUSIwaeOIRaLnIUkY5aStqGKkFwuCQo+Rrje5zv3uAxGSRvxeTWPihmjEaUAxUloamudVJ0Rq7AVpL3Moh/Ofl95lg9R3FA2JrE0GDXyWVYdmxapbM8BlYhekAgq0huaX40c4CQlXmCEp+7YVKzdFQlHMSFZ2EklihCdoRPqacqSHuenspgyeasWHQST04wrO1N8dKQqlnIaersxXloteLv7n9RMVXLop5XGiCMfzQUHCoIpgHhD0qSBYsakmCAuqd4V4jATCSsdY1iHYiycvk06jblt1+7ZRaV4VcZTAMTgBNWCDC9AEN6AF2gCDR/AMXsGb8WS8GO/Gx7x0xSh6jsAfGJ8/seaeAQ==</latexit><latexit sha1_base64="IWy3Xt/otXJq/d4FeRaOz+jrIBE=">AAACE3icbVC7TsMwFHV4lvIKMLJYtEiFoUq6wFjBwlgQfUhNWjmO01p1nMh2kKoo/8DCr7AwgBArCxt/g9NmgJYjWTo+517de48XMyqVZX0bK6tr6xubpa3y9s7u3r55cNiRUSIwaeOIRaLnIUkY5aStqGKkFwuCQo+Rrje5zv3uAxGSRvxeTWPihmjEaUAxUloamudVJ0Rq7AVpL3Moh/Ofl95lg9R3FA2JrE0GDXyWVYdmxapbM8BlYhekAgq0huaX40c4CQlXmCEp+7YVKzdFQlHMSFZ2EklihCdoRPqacqSHuenspgyeasWHQST04wrO1N8dKQqlnIaersxXloteLv7n9RMVXLop5XGiCMfzQUHCoIpgHhD0qSBYsakmCAuqd4V4jATCSsdY1iHYiycvk06jblt1+7ZRaV4VcZTAMTgBNWCDC9AEN6AF2gCDR/AMXsGb8WS8GO/Gx7x0xSh6jsAfGJ8/seaeAQ==</latexit><latexit sha1_base64="IWy3Xt/otXJq/d4FeRaOz+jrIBE=">AAACE3icbVC7TsMwFHV4lvIKMLJYtEiFoUq6wFjBwlgQfUhNWjmO01p1nMh2kKoo/8DCr7AwgBArCxt/g9NmgJYjWTo+517de48XMyqVZX0bK6tr6xubpa3y9s7u3r55cNiRUSIwaeOIRaLnIUkY5aStqGKkFwuCQo+Rrje5zv3uAxGSRvxeTWPihmjEaUAxUloamudVJ0Rq7AVpL3Moh/Ofl95lg9R3FA2JrE0GDXyWVYdmxapbM8BlYhekAgq0huaX40c4CQlXmCEp+7YVKzdFQlHMSFZ2EklihCdoRPqacqSHuenspgyeasWHQST04wrO1N8dKQqlnIaersxXloteLv7n9RMVXLop5XGiCMfzQUHCoIpgHhD0qSBYsakmCAuqd4V4jATCSsdY1iHYiycvk06jblt1+7ZRaV4VcZTAMTgBNWCDC9AEN6AF2gCDR/AMXsGb8WS8GO/Gx7x0xSh6jsAfGJ8/seaeAQ==</latexit><latexit sha1_base64="IWy3Xt/otXJq/d4FeRaOz+jrIBE=">AAACE3icbVC7TsMwFHV4lvIKMLJYtEiFoUq6wFjBwlgQfUhNWjmO01p1nMh2kKoo/8DCr7AwgBArCxt/g9NmgJYjWTo+517de48XMyqVZX0bK6tr6xubpa3y9s7u3r55cNiRUSIwaeOIRaLnIUkY5aStqGKkFwuCQo+Rrje5zv3uAxGSRvxeTWPihmjEaUAxUloamudVJ0Rq7AVpL3Moh/Ofl95lg9R3FA2JrE0GDXyWVYdmxapbM8BlYhekAgq0huaX40c4CQlXmCEp+7YVKzdFQlHMSFZ2EklihCdoRPqacqSHuenspgyeasWHQST04wrO1N8dKQqlnIaersxXloteLv7n9RMVXLop5XGiCMfzQUHCoIpgHhD0qSBYsakmCAuqd4V4jATCSsdY1iHYiycvk06jblt1+7ZRaV4VcZTAMTgBNWCDC9AEN6AF2gCDR/AMXsGb8WS8GO/Gx7x0xSh6jsAfGJ8/seaeAQ==</latexit>

Sparse DNN

• Sparsification: weight pruning;

• Compression: compressed sparse format for storage;

• Potential acceleration: sparse matrix multiplication algorithm.

9Wei Wen et al. (2016). “Learning structured sparsity in deep neural networks”. In: Proc. NIPS,
pp. 2074–2082.

10Yihui He, Xiangyu Zhang, and Jian Sun (2017). “Channel Pruning for Accelerating Very Deep
Neural Networks”. In: Proc. ICCV.

Compression Approach: Sparsity9,10
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U 2 R(k2c)⇥r
<latexit sha1_base64="gv822Bw48tr9oBmhNhohoXYtP40=">AAACFHicbVC7TsMwFHV4lvIKMLJYtEhFSFXSBcYKFsaCSFupSSvHdVqrjhPZDlIV5SNY+BUWBhBiZWDjb3DaDNByJEvH59yre+/xY0alsqxvY2V1bX1js7RV3t7Z3ds3Dw7bMkoEJg6OWCS6PpKEUU4cRRUj3VgQFPqMdPzJde53HoiQNOL3ahoTL0QjTgOKkdLSwDyvuiFSYz9IncylHM5/fnqX9dPapN/AZ66iIZFQZNWBWbHq1gxwmdgFqYACrYH55Q4jnISEK8yQlD3bipWXIqEoZiQru4kkMcITNCI9TTnSg7x0dlQGT7UyhEEk9OMKztTfHSkKpZyGvq7Md5aLXi7+5/USFVx6KeVxogjH80FBwqCKYJ4QHFJBsGJTTRAWVO8K8RgJhJXOsaxDsBdPXibtRt226vZto9K8KuIogWNwAmrABhegCW5ACzgAg0fwDF7Bm/FkvBjvxse8dMUoeo7AHxifPyHhnjY=</latexit><latexit sha1_base64="gv822Bw48tr9oBmhNhohoXYtP40=">AAACFHicbVC7TsMwFHV4lvIKMLJYtEhFSFXSBcYKFsaCSFupSSvHdVqrjhPZDlIV5SNY+BUWBhBiZWDjb3DaDNByJEvH59yre+/xY0alsqxvY2V1bX1js7RV3t7Z3ds3Dw7bMkoEJg6OWCS6PpKEUU4cRRUj3VgQFPqMdPzJde53HoiQNOL3ahoTL0QjTgOKkdLSwDyvuiFSYz9IncylHM5/fnqX9dPapN/AZ66iIZFQZNWBWbHq1gxwmdgFqYACrYH55Q4jnISEK8yQlD3bipWXIqEoZiQru4kkMcITNCI9TTnSg7x0dlQGT7UyhEEk9OMKztTfHSkKpZyGvq7Md5aLXi7+5/USFVx6KeVxogjH80FBwqCKYJ4QHFJBsGJTTRAWVO8K8RgJhJXOsaxDsBdPXibtRt226vZto9K8KuIogWNwAmrABhegCW5ACzgAg0fwDF7Bm/FkvBjvxse8dMUoeo7AHxifPyHhnjY=</latexit><latexit sha1_base64="gv822Bw48tr9oBmhNhohoXYtP40=">AAACFHicbVC7TsMwFHV4lvIKMLJYtEhFSFXSBcYKFsaCSFupSSvHdVqrjhPZDlIV5SNY+BUWBhBiZWDjb3DaDNByJEvH59yre+/xY0alsqxvY2V1bX1js7RV3t7Z3ds3Dw7bMkoEJg6OWCS6PpKEUU4cRRUj3VgQFPqMdPzJde53HoiQNOL3ahoTL0QjTgOKkdLSwDyvuiFSYz9IncylHM5/fnqX9dPapN/AZ66iIZFQZNWBWbHq1gxwmdgFqYACrYH55Q4jnISEK8yQlD3bipWXIqEoZiQru4kkMcITNCI9TTnSg7x0dlQGT7UyhEEk9OMKztTfHSkKpZyGvq7Md5aLXi7+5/USFVx6KeVxogjH80FBwqCKYJ4QHFJBsGJTTRAWVO8K8RgJhJXOsaxDsBdPXibtRt226vZto9K8KuIogWNwAmrABhegCW5ACzgAg0fwDF7Bm/FkvBjvxse8dMUoeo7AHxifPyHhnjY=</latexit><latexit sha1_base64="gv822Bw48tr9oBmhNhohoXYtP40=">AAACFHicbVC7TsMwFHV4lvIKMLJYtEhFSFXSBcYKFsaCSFupSSvHdVqrjhPZDlIV5SNY+BUWBhBiZWDjb3DaDNByJEvH59yre+/xY0alsqxvY2V1bX1js7RV3t7Z3ds3Dw7bMkoEJg6OWCS6PpKEUU4cRRUj3VgQFPqMdPzJde53HoiQNOL3ahoTL0QjTgOKkdLSwDyvuiFSYz9IncylHM5/fnqX9dPapN/AZ66iIZFQZNWBWbHq1gxwmdgFqYACrYH55Q4jnISEK8yQlD3bipWXIqEoZiQru4kkMcITNCI9TTnSg7x0dlQGT7UyhEEk9OMKztTfHSkKpZyGvq7Md5aLXi7+5/USFVx6KeVxogjH80FBwqCKYJ4QHFJBsGJTTRAWVO8K8RgJhJXOsaxDsBdPXibtRt226vZto9K8KuIogWNwAmrABhegCW5ACzgAg0fwDF7Bm/FkvBjvxse8dMUoeo7AHxifPyHhnjY=</latexit>

V 2 R12r⇥n
<latexit sha1_base64="cZQcePJt5hPp/lQjInQJyWnATx4=">AAACEnicbVC7TsMwFHV4lvIqMLJYtEiwVEkXGCtYGAuiD6lJK8d1WquOE9k3SFWUb2DhV1gYQIiViY2/wW0zQMuRLB2fc6/uvcePBddg29/Wyura+sZmYau4vbO7t186OGzpKFGUNWkkItXxiWaCS9YEDoJ1YsVI6AvW9sfXU7/9wJTmkbyHScy8kAwlDzglYKR+6bzihgRGfpC2MpdLPP/56V3WS51eTbnAQ6axzCr9Utmu2jPgZeLkpIxyNPqlL3cQ0SRkEqggWncdOwYvJQo4FSwruolmMaFjMmRdQyUxg7x0dlKGT40ywEGkzJOAZ+rvjpSEWk9C31RON9aL3lT8z+smEFx6KZdxAkzS+aAgERgiPM0HD7hiFMTEEEIVN7tiOiKKUDApFk0IzuLJy6RVqzp21bmtletXeRwFdIxO0Bly0AWqoxvUQE1E0SN6Rq/ozXqyXqx362NeumLlPUfoD6zPH/oMnaM=</latexit><latexit sha1_base64="cZQcePJt5hPp/lQjInQJyWnATx4=">AAACEnicbVC7TsMwFHV4lvIqMLJYtEiwVEkXGCtYGAuiD6lJK8d1WquOE9k3SFWUb2DhV1gYQIiViY2/wW0zQMuRLB2fc6/uvcePBddg29/Wyura+sZmYau4vbO7t186OGzpKFGUNWkkItXxiWaCS9YEDoJ1YsVI6AvW9sfXU7/9wJTmkbyHScy8kAwlDzglYKR+6bzihgRGfpC2MpdLPP/56V3WS51eTbnAQ6axzCr9Utmu2jPgZeLkpIxyNPqlL3cQ0SRkEqggWncdOwYvJQo4FSwruolmMaFjMmRdQyUxg7x0dlKGT40ywEGkzJOAZ+rvjpSEWk9C31RON9aL3lT8z+smEFx6KZdxAkzS+aAgERgiPM0HD7hiFMTEEEIVN7tiOiKKUDApFk0IzuLJy6RVqzp21bmtletXeRwFdIxO0Bly0AWqoxvUQE1E0SN6Rq/ozXqyXqx362NeumLlPUfoD6zPH/oMnaM=</latexit><latexit sha1_base64="cZQcePJt5hPp/lQjInQJyWnATx4=">AAACEnicbVC7TsMwFHV4lvIqMLJYtEiwVEkXGCtYGAuiD6lJK8d1WquOE9k3SFWUb2DhV1gYQIiViY2/wW0zQMuRLB2fc6/uvcePBddg29/Wyura+sZmYau4vbO7t186OGzpKFGUNWkkItXxiWaCS9YEDoJ1YsVI6AvW9sfXU7/9wJTmkbyHScy8kAwlDzglYKR+6bzihgRGfpC2MpdLPP/56V3WS51eTbnAQ6axzCr9Utmu2jPgZeLkpIxyNPqlL3cQ0SRkEqggWncdOwYvJQo4FSwruolmMaFjMmRdQyUxg7x0dlKGT40ywEGkzJOAZ+rvjpSEWk9C31RON9aL3lT8z+smEFx6KZdxAkzS+aAgERgiPM0HD7hiFMTEEEIVN7tiOiKKUDApFk0IzuLJy6RVqzp21bmtletXeRwFdIxO0Bly0AWqoxvUQE1E0SN6Rq/ozXqyXqx362NeumLlPUfoD6zPH/oMnaM=</latexit><latexit sha1_base64="cZQcePJt5hPp/lQjInQJyWnATx4=">AAACEnicbVC7TsMwFHV4lvIqMLJYtEiwVEkXGCtYGAuiD6lJK8d1WquOE9k3SFWUb2DhV1gYQIiViY2/wW0zQMuRLB2fc6/uvcePBddg29/Wyura+sZmYau4vbO7t186OGzpKFGUNWkkItXxiWaCS9YEDoJ1YsVI6AvW9sfXU7/9wJTmkbyHScy8kAwlDzglYKR+6bzihgRGfpC2MpdLPP/56V3WS51eTbnAQ6axzCr9Utmu2jPgZeLkpIxyNPqlL3cQ0SRkEqggWncdOwYvJQo4FSwruolmMaFjMmRdQyUxg7x0dlKGT40ywEGkzJOAZ+rvjpSEWk9C31RON9aL3lT8z+smEFx6KZdxAkzS+aAgERgiPM0HD7hiFMTEEEIVN7tiOiKKUDApFk0IzuLJy6RVqzp21bmtletXeRwFdIxO0Bly0AWqoxvUQE1E0SN6Rq/ozXqyXqx362NeumLlPUfoD6zPH/oMnaM=</latexit>

=<latexit sha1_base64="kaDWDxarIbt8b7begmsQdMm2hCQ=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsabUyINpYYBUngQvaWOdiwt3fZ3TMhF36CjYXG2PqL7Pw3LnCFgi+Z5OW9mczMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4GMwvpn5j0+oNI/lg5kk6Ed0KHnIGTVWuq9eVfvliltz5yCrxMtJBXI0++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzU6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDSz7hMUoOSLRaFqSAmJrO/yYArZEZMLKFMcXsrYSOqKDM2nZINwVt+eZW06zXPrXl39UrjOo+jCCdwCufgwQU04Baa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz9Dq40b</latexit><latexit sha1_base64="kaDWDxarIbt8b7begmsQdMm2hCQ=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsabUyINpYYBUngQvaWOdiwt3fZ3TMhF36CjYXG2PqL7Pw3LnCFgi+Z5OW9mczMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4GMwvpn5j0+oNI/lg5kk6Ed0KHnIGTVWuq9eVfvliltz5yCrxMtJBXI0++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzU6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDSz7hMUoOSLRaFqSAmJrO/yYArZEZMLKFMcXsrYSOqKDM2nZINwVt+eZW06zXPrXl39UrjOo+jCCdwCufgwQU04Baa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz9Dq40b</latexit><latexit sha1_base64="kaDWDxarIbt8b7begmsQdMm2hCQ=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsabUyINpYYBUngQvaWOdiwt3fZ3TMhF36CjYXG2PqL7Pw3LnCFgi+Z5OW9mczMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4GMwvpn5j0+oNI/lg5kk6Ed0KHnIGTVWuq9eVfvliltz5yCrxMtJBXI0++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzU6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDSz7hMUoOSLRaFqSAmJrO/yYArZEZMLKFMcXsrYSOqKDM2nZINwVt+eZW06zXPrXl39UrjOo+jCCdwCufgwQU04Baa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz9Dq40b</latexit><latexit sha1_base64="kaDWDxarIbt8b7begmsQdMm2hCQ=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmI5hYkTsabUyINpYYBUngQvaWOdiwt3fZ3TMhF36CjYXG2PqL7Pw3LnCFgi+Z5OW9mczMCxLBtXHdb6ewtr6xuVXcLu3s7u0flA+P2jpOFcMWi0WsOgHVKLjEluFGYCdRSKNA4GMwvpn5j0+oNI/lg5kk6Ed0KHnIGTVWuq9eVfvliltz5yCrxMtJBXI0++Wv3iBmaYTSMEG17npuYvyMKsOZwGmpl2pMKBvTIXYtlTRC7WfzU6fkzCoDEsbKljRkrv6eyGik9SQKbGdEzUgvezPxP6+bmvDSz7hMUoOSLRaFqSAmJrO/yYArZEZMLKFMcXsrYSOqKDM2nZINwVt+eZW06zXPrXl39UrjOo+jCCdwCufgwQU04Baa0AIGQ3iGV3hzhPPivDsfi9aCk88cwx84nz9Dq40b</latexit>

X 2 Rd⇥(k2c)
<latexit sha1_base64="hB2qTO+GpLSPUbONHsZTIgQeYWQ=">AAACE3icbVC7TsMwFHXKq5RXgJHFokUqDFXSBcZKLIwF0YfUpJXjOK1Vx4lsB6mK8g8s/AoLAwixsrDxNzhtBmg5kqXjc+7Vvfd4MaNSWda3UVpb39jcKm9Xdnb39g/Mw6OujBKBSQdHLBJ9D0nCKCcdRRUj/VgQFHqM9Lzpde73HoiQNOL3ahYTN0RjTgOKkdLSyLyoOSFSEy9I+5lDOVz8vPQuG6a+o2hIZH06bOLzrDYyq1bDmgOuErsgVVCgPTK/HD/CSUi4wgxJObCtWLkpEopiRrKKk0gSIzxFYzLQlCM9zE3nN2XwTCs+DCKhH1dwrv7uSFEo5Sz0dGW+slz2cvE/b5Co4MpNKY8TRTheDAoSBlUE84CgTwXBis00QVhQvSvEEyQQVjrGig7BXj55lXSbDVvz22a1ZRVxlMEJOAV1YINL0AI3oA06AINH8AxewZvxZLwY78bHorRkFD3H4A+Mzx+sfp3v</latexit><latexit sha1_base64="hB2qTO+GpLSPUbONHsZTIgQeYWQ=">AAACE3icbVC7TsMwFHXKq5RXgJHFokUqDFXSBcZKLIwF0YfUpJXjOK1Vx4lsB6mK8g8s/AoLAwixsrDxNzhtBmg5kqXjc+7Vvfd4MaNSWda3UVpb39jcKm9Xdnb39g/Mw6OujBKBSQdHLBJ9D0nCKCcdRRUj/VgQFHqM9Lzpde73HoiQNOL3ahYTN0RjTgOKkdLSyLyoOSFSEy9I+5lDOVz8vPQuG6a+o2hIZH06bOLzrDYyq1bDmgOuErsgVVCgPTK/HD/CSUi4wgxJObCtWLkpEopiRrKKk0gSIzxFYzLQlCM9zE3nN2XwTCs+DCKhH1dwrv7uSFEo5Sz0dGW+slz2cvE/b5Co4MpNKY8TRTheDAoSBlUE84CgTwXBis00QVhQvSvEEyQQVjrGig7BXj55lXSbDVvz22a1ZRVxlMEJOAV1YINL0AI3oA06AINH8AxewZvxZLwY78bHorRkFD3H4A+Mzx+sfp3v</latexit><latexit sha1_base64="hB2qTO+GpLSPUbONHsZTIgQeYWQ=">AAACE3icbVC7TsMwFHXKq5RXgJHFokUqDFXSBcZKLIwF0YfUpJXjOK1Vx4lsB6mK8g8s/AoLAwixsrDxNzhtBmg5kqXjc+7Vvfd4MaNSWda3UVpb39jcKm9Xdnb39g/Mw6OujBKBSQdHLBJ9D0nCKCcdRRUj/VgQFHqM9Lzpde73HoiQNOL3ahYTN0RjTgOKkdLSyLyoOSFSEy9I+5lDOVz8vPQuG6a+o2hIZH06bOLzrDYyq1bDmgOuErsgVVCgPTK/HD/CSUi4wgxJObCtWLkpEopiRrKKk0gSIzxFYzLQlCM9zE3nN2XwTCs+DCKhH1dwrv7uSFEo5Sz0dGW+slz2cvE/b5Co4MpNKY8TRTheDAoSBlUE84CgTwXBis00QVhQvSvEEyQQVjrGig7BXj55lXSbDVvz22a1ZRVxlMEJOAV1YINL0AI3oA06AINH8AxewZvxZLwY78bHorRkFD3H4A+Mzx+sfp3v</latexit><latexit sha1_base64="hB2qTO+GpLSPUbONHsZTIgQeYWQ=">AAACE3icbVC7TsMwFHXKq5RXgJHFokUqDFXSBcZKLIwF0YfUpJXjOK1Vx4lsB6mK8g8s/AoLAwixsrDxNzhtBmg5kqXjc+7Vvfd4MaNSWda3UVpb39jcKm9Xdnb39g/Mw6OujBKBSQdHLBJ9D0nCKCcdRRUj/VgQFHqM9Lzpde73HoiQNOL3ahYTN0RjTgOKkdLSyLyoOSFSEy9I+5lDOVz8vPQuG6a+o2hIZH06bOLzrDYyq1bDmgOuErsgVVCgPTK/HD/CSUi4wgxJObCtWLkpEopiRrKKk0gSIzxFYzLQlCM9zE3nN2XwTCs+DCKhH1dwrv7uSFEo5Sz0dGW+slz2cvE/b5Co4MpNKY8TRTheDAoSBlUE84CgTwXBis00QVhQvSvEEyQQVjrGig7BXj55lXSbDVvz22a1ZRVxlMEJOAV1YINL0AI3oA06AINH8AxewZvxZLwY78bHorRkFD3H4A+Mzx+sfp3v</latexit>

⇥
<latexit sha1_base64="o/TztkgjxWN4eKNCgAhptEPqjkA=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lpjIRwIXsrfswYa9vXN3zoRc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94DThfkRHSoSCUbRSt9pHEXFTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGeponaLny3unZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieO1nQiUpcsWWi8JUEozJ/HkyFJozlFNLKNPC3krYmGrK0EZUsiF4qy+vk3a95rk1775eadzkcRThDM7hEjy4ggbcQRNawEDCM7zCm/PovDjvzseyteDkM6fwB87nD3ASj44=</latexit><latexit sha1_base64="o/TztkgjxWN4eKNCgAhptEPqjkA=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lpjIRwIXsrfswYa9vXN3zoRc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94DThfkRHSoSCUbRSt9pHEXFTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGeponaLny3unZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieO1nQiUpcsWWi8JUEozJ/HkyFJozlFNLKNPC3krYmGrK0EZUsiF4qy+vk3a95rk1775eadzkcRThDM7hEjy4ggbcQRNawEDCM7zCm/PovDjvzseyteDkM6fwB87nD3ASj44=</latexit><latexit sha1_base64="o/TztkgjxWN4eKNCgAhptEPqjkA=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lpjIRwIXsrfswYa9vXN3zoRc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94DThfkRHSoSCUbRSt9pHEXFTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGeponaLny3unZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieO1nQiUpcsWWi8JUEozJ/HkyFJozlFNLKNPC3krYmGrK0EZUsiF4qy+vk3a95rk1775eadzkcRThDM7hEjy4ggbcQRNawEDCM7zCm/PovDjvzseyteDkM6fwB87nD3ASj44=</latexit><latexit sha1_base64="o/TztkgjxWN4eKNCgAhptEPqjkA=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lpjIRwIXsrfswYa9vXN3zoRc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94DThfkRHSoSCUbRSt9pHEXFTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGeponaLny3unZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieO1nQiUpcsWWi8JUEozJ/HkyFJozlFNLKNPC3krYmGrK0EZUsiF4qy+vk3a95rk1775eadzkcRThDM7hEjy4ggbcQRNawEDCM7zCm/PovDjvzseyteDkM6fwB87nD3ASj44=</latexit>

⇥
<latexit sha1_base64="o/TztkgjxWN4eKNCgAhptEPqjkA=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lpjIRwIXsrfswYa9vXN3zoRc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94DThfkRHSoSCUbRSt9pHEXFTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGeponaLny3unZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieO1nQiUpcsWWi8JUEozJ/HkyFJozlFNLKNPC3krYmGrK0EZUsiF4qy+vk3a95rk1775eadzkcRThDM7hEjy4ggbcQRNawEDCM7zCm/PovDjvzseyteDkM6fwB87nD3ASj44=</latexit><latexit sha1_base64="o/TztkgjxWN4eKNCgAhptEPqjkA=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lpjIRwIXsrfswYa9vXN3zoRc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94DThfkRHSoSCUbRSt9pHEXFTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGeponaLny3unZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieO1nQiUpcsWWi8JUEozJ/HkyFJozlFNLKNPC3krYmGrK0EZUsiF4qy+vk3a95rk1775eadzkcRThDM7hEjy4ggbcQRNawEDCM7zCm/PovDjvzseyteDkM6fwB87nD3ASj44=</latexit><latexit sha1_base64="o/TztkgjxWN4eKNCgAhptEPqjkA=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lpjIRwIXsrfswYa9vXN3zoRc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94DThfkRHSoSCUbRSt9pHEXFTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGeponaLny3unZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieO1nQiUpcsWWi8JUEozJ/HkyFJozlFNLKNPC3krYmGrK0EZUsiF4qy+vk3a95rk1775eadzkcRThDM7hEjy4ggbcQRNawEDCM7zCm/PovDjvzseyteDkM6fwB87nD3ASj44=</latexit><latexit sha1_base64="o/TztkgjxWN4eKNCgAhptEPqjkA=">AAAB73icbVA9TwJBEJ3DL8Qv1NJmI5hYkTsaLYk2lpjIRwIXsrfswYa9vXN3zoRc+BM2Fhpj69+x89+4wBUKvmSSl/dmMjMvSKQw6LrfTmFjc2t7p7hb2ts/ODwqH5+0TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST27nfeeLaiFg94DThfkRHSoSCUbRSt9pHEXFTHZQrbs1dgKwTLycVyNEclL/6w5ilEVfIJDWm57kJ+hnVKJjks1I/NTyhbEJHvGeponaLny3unZELqwxJGGtbCslC/T2R0ciYaRTYzoji2Kx6c/E/r5dieO1nQiUpcsWWi8JUEozJ/HkyFJozlFNLKNPC3krYmGrK0EZUsiF4qy+vk3a95rk1775eadzkcRThDM7hEjy4ggbcQRNawEDCM7zCm/PovDjvzseyteDkM6fwB87nD3ASj44=</latexit>

Y 2 Rd⇥n
<latexit sha1_base64="YmPkeJlIVJEaJpLSd9HqFkIjj5g=">AAACD3icbVC7TsMwFHXKq5RXgZHFogUxVUkXGCuxMBZEH6gJleM6rVXHiewbpCrKH7DwKywMIMTKysbf4LYZoOVIlo7PuVf33uPHgmuw7W+rsLK6tr5R3Cxtbe/s7pX3D9o6ShRlLRqJSHV9opngkrWAg2DdWDES+oJ1/PHl1O88MKV5JG9hEjMvJEPJA04JGKlfPq26IYGRH6R3mcslnv/89Ca7Twcu8JBpLLNqv1yxa/YMeJk4OamgHM1++csdRDQJmQQqiNY9x47BS4kCTgXLSm6iWUzomAxZz1BJzCAvnd2T4ROjDHAQKfMk4Jn6uyMlodaT0DeV03X1ojcV//N6CQQXXsplnACTdD4oSASGCE/DwQOuGAUxMYRQxc2umI6IIhRMhCUTgrN48jJp12uO4df1SsPO4yiiI3SMzpCDzlEDXaEmaiGKHtEzekVv1pP1Yr1bH/PSgpX3HKI/sD5/ACa1nKc=</latexit><latexit sha1_base64="YmPkeJlIVJEaJpLSd9HqFkIjj5g=">AAACD3icbVC7TsMwFHXKq5RXgZHFogUxVUkXGCuxMBZEH6gJleM6rVXHiewbpCrKH7DwKywMIMTKysbf4LYZoOVIlo7PuVf33uPHgmuw7W+rsLK6tr5R3Cxtbe/s7pX3D9o6ShRlLRqJSHV9opngkrWAg2DdWDES+oJ1/PHl1O88MKV5JG9hEjMvJEPJA04JGKlfPq26IYGRH6R3mcslnv/89Ca7Twcu8JBpLLNqv1yxa/YMeJk4OamgHM1++csdRDQJmQQqiNY9x47BS4kCTgXLSm6iWUzomAxZz1BJzCAvnd2T4ROjDHAQKfMk4Jn6uyMlodaT0DeV03X1ojcV//N6CQQXXsplnACTdD4oSASGCE/DwQOuGAUxMYRQxc2umI6IIhRMhCUTgrN48jJp12uO4df1SsPO4yiiI3SMzpCDzlEDXaEmaiGKHtEzekVv1pP1Yr1bH/PSgpX3HKI/sD5/ACa1nKc=</latexit><latexit sha1_base64="YmPkeJlIVJEaJpLSd9HqFkIjj5g=">AAACD3icbVC7TsMwFHXKq5RXgZHFogUxVUkXGCuxMBZEH6gJleM6rVXHiewbpCrKH7DwKywMIMTKysbf4LYZoOVIlo7PuVf33uPHgmuw7W+rsLK6tr5R3Cxtbe/s7pX3D9o6ShRlLRqJSHV9opngkrWAg2DdWDES+oJ1/PHl1O88MKV5JG9hEjMvJEPJA04JGKlfPq26IYGRH6R3mcslnv/89Ca7Twcu8JBpLLNqv1yxa/YMeJk4OamgHM1++csdRDQJmQQqiNY9x47BS4kCTgXLSm6iWUzomAxZz1BJzCAvnd2T4ROjDHAQKfMk4Jn6uyMlodaT0DeV03X1ojcV//N6CQQXXsplnACTdD4oSASGCE/DwQOuGAUxMYRQxc2umI6IIhRMhCUTgrN48jJp12uO4df1SsPO4yiiI3SMzpCDzlEDXaEmaiGKHtEzekVv1pP1Yr1bH/PSgpX3HKI/sD5/ACa1nKc=</latexit><latexit sha1_base64="YmPkeJlIVJEaJpLSd9HqFkIjj5g=">AAACD3icbVC7TsMwFHXKq5RXgZHFogUxVUkXGCuxMBZEH6gJleM6rVXHiewbpCrKH7DwKywMIMTKysbf4LYZoOVIlo7PuVf33uPHgmuw7W+rsLK6tr5R3Cxtbe/s7pX3D9o6ShRlLRqJSHV9opngkrWAg2DdWDES+oJ1/PHl1O88MKV5JG9hEjMvJEPJA04JGKlfPq26IYGRH6R3mcslnv/89Ca7Twcu8JBpLLNqv1yxa/YMeJk4OamgHM1++csdRDQJmQQqiNY9x47BS4kCTgXLSm6iWUzomAxZz1BJzCAvnd2T4ROjDHAQKfMk4Jn6uyMlodaT0DeV03X1ojcV//N6CQQXXsplnACTdD4oSASGCE/DwQOuGAUxMYRQxc2umI6IIhRMhCUTgrN48jJp12uO4df1SsPO4yiiI3SMzpCDzlEDXaEmaiGKHtEzekVv1pP1Yr1bH/PSgpX3HKI/sD5/ACa1nKc=</latexit>

Low-rank DNN

• Low-rank approximation: matrix decomposition or tensor decomposition.

• Compression and acceleration: less storage required and less FLOP in computation.

11Xiangyu Zhang, Jianhua Zou, et al. (2015). “Efficient and accurate approximations of nonlinear
convolutional networks”. In: Proc. CVPR, pp. 1984–1992.

12Xiyu Yu et al. (2017). “On compressing deep models by low rank and sparse decomposition”.
In: Proc. CVPR, pp. 7370–7379.

Compression Approach: Low-Rank11,12
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ReLU

• Activation unit: ReLU

• Error more sensitive to positive response;

• Enlarge the solution space.

min
W

N∑
i=1

‖WXi − Yi‖F → min
W

N∑
i=1

‖r(WXi)− Yi‖F

• X: input feature map

• Y: output feature map

13Xiangyu Zhang, Jianhua Zou, et al. (2015). “Efficient and accurate approximations of nonlinear
convolutional networks”. In: Proc. CVPR, pp. 1984–1992.

Non-linearity Approximation13
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