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Convolution Basis
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A = a · 1 + b · 2 + c · 3
+f · 4 + g · 5 + h · 6
+k · 7 + l · 8 + m · 9

• H: Height of input feature map

• W: Width of input feature map

• R: Height of filter

• S: Width of filter

• P: Height of output feature map

• Q: Width of output feature map

• stride: # of rows/columns traversed
per step

2D-Convolution
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(H − R)
stride

+ 1;

Q =
(W − S)

stride
+ 1.
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P =
(H − R + 2 · pad)

stride
+ 1;

Q =
(W − S + 2 · pad)

stride
+ 1.

• H: Height of input feature map

• W: Width of input feature map

• R: Height of filter

• S: Width of filter

• P: Height of output feature map

• Q: Width of output feature map

• stride: # of rows/columns traversed
per step

• padding: # of zero rows/columns
added

2D-Convolution
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• H: Height of input feature map

• W: Width of input feature map

• R: Height of filter

• S: Width of filter

• P: Height of output feature map

• Q: Width of output feature map

• stride: # of rows/columns traversed
per step

• padding: # of zero rows/columns
added

• C: # of input channels

• K: # of output channels

• N: Batch size

3D-Convolution
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• H: Height of input feature map

• W: Width of input feature map

• R: Height of filter

• S: Width of filter

• P: Height of output feature map

• Q: Width of output feature map

• stride: # of rows/columns traversed
per step

• padding: # of zero rows/columns
added

• C: # of input channels

• K: # of output channels

• N: Batch size

3D-Convolution
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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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Im2Col



0

0

1

1

1

1

1

0

-1

0 0 0 0 2 2 0 2 0

0 0 0 2 2 1 2 0 1

0 0 0 2 1 1 0 1 1 

1 1 0 1 2 0 1 1 1

1 1 0 0 2 0 0 0 0

.

.

.

.

.

25 x 9 9 x 1

3 56

6

5

2 4

3 4

4

4

4

4

2

1

4 3 3 42

2 2 4 30

0 0 0 0 0 0

0

0

0

0

0

0

0

0

0

0

0

0

0 0 0 0 0 0

2 2 1 1 2

2 0 1 1 0

2 0 1 2 0

1 1 1 1 1

0 0 1 0 2

• 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) Convolution
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• Input channel #: 2

• Output channel #: 1

Im2col (Image2Column) Convolution
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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) Convolution
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Memory-efficient 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

1Minsik Cho and Daniel Brand (2017). “MEC: memory-efficient convolution for deep neural
network”. In: Proc. ICML.

Memory-efficient Convolution (MEC)
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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

1Minsik Cho and Daniel Brand (2017). “MEC: memory-efficient convolution for deep neural
network”. In: Proc. ICML.

Memory-efficient Convolution (MEC)
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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

1Minsik Cho and Daniel Brand (2017). “MEC: memory-efficient convolution for deep neural
network”. In: Proc. ICML.
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Over 2× memory saving2:

• Over 2x saving
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2Minsik Cho and Daniel Brand (2017). “MEC: memory-efficient convolution for deep neural
network”. In: Proc. ICML.

Memory-efficient Convolution (MEC)

15/23



Memory Layout



• N is the batch size
• C is the number of feature maps
• H is the image height
• W is the image width

3https://docs.nvidia.com/deeplearning/cudnn/developer-guide/index.html

Data Layout Formats3
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• Begin with first channel (c=0), elements arranged contiguously in row-major order
• Continue with second and subsequent channels until all channels are laid out

NCHW Memory Layout
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• Begin with the first element of channel 0, then proceed to the first element of channel
1, and so on, until the first elements of all the C channels are laid out

• Next, select the second element of channel 0, then proceed to the second element of
channel 1, and so on, until the second element of all the channels are laid out

• Follow the row-major order of channel 0 and complete all the elements

• Proceed to the next batch (if N is > 1)

NHWC Memory Layout
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NHWC Memory Layout
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4
4https://leonardoaraujosantos.gitbook.io/artificial-inteligence/

machine_learning/deep_learning/convolution_layer/making_faster

Memory Layout in Im2col
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Solution A

Solution B

• MEC w. mini-batch: can use n-h-w-c format

• Fusing convolution+pooling can be another solution

Memory Layout in Mini-batch MEC
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• MNN can infer the exact required memory for the entire graph:

• virtually walking through all operations
• summing up all allocation and freeing

Memory optimization of MNN
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