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MOTIVATION



MOTIVATION

After handling some CNN research with Prof. Tan, including CNN
parallelism and architecture based optimizations, | figure out that
various methods, which have different complexities, memory
consumptions, and data access patterns, could compute convolution.

Therefore, | propose the slides to show two things:

1. How these method compute convolution?

2. What are these methods’ advantages and disadvantages?



INTRODUCTION



DEFINITION

The definition of 2-d convolution:

fh fw

L =1, -1
X5 = 2D WKy

u=0 v=0

. xi"j : value of the iy, row and jy, column in layer [ feature map.
‘uj\] : value of the uy, row and vy, column in layer | — 1 filter.
- fh : height of the filter

- fw : width of the filter

- u: filter height index

- v : filter width index

- W



DEFINITION

The definition of 2-d convolution:
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Figure: A convolution example



LIST OF ALGORITHMS

- Direct Convolution

- Multi-stride Convolution

- General Single Stride Convolution
- Matrix Multiplication

- Batch Sensitive

- Batch Independent

- FFT Based Convolution



ALGORITHMS



ZERO PADDING

Consider each input dimension to be [iw, ih]. We introduce two
additional parameters:

- p: the padding size of each input
- s: the convolution stride

Before applying a convolution, we have to transform our input from
[iw,ih] to [iw 4 2« p,ih 4+ 2 « p]. We call some a paradigm as zero
padding

ih —

Figure: A zero padding example



STRIDES

This is what we called multi-stride convolution in contrast with the

prior single stride convolution.
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Figure: A single-stride example Figure: A multi-stride example



SPARSE CONVOLUTION

Adopting the stride parameter s, we have to transform the original

formula.
Original: Add s and p:
1 l 1 ’l 1
ZZWUV i+u,j+v ZZWUV Sski—-U,Sk)+V
u=0 v=0 u=0 v=0

The MKL vslsConvExec function could calculate a single stride
convolution very efficiently. But how could we use it to calculate the
multi-stride convolution? We rearrange pixels beforehand.
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Figure: A sparse convolution example
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SPARSE CONVOLUTION

Sparse convolution formulas:

Xij = Wur v X pur jo e
.. =0 x=0 u=0 v=0
Original: /
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SPARSE CONVOLUTION
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Figure: A concrete example [BT14]



SIGNIFICANCE

- Utilize existing high performance convolution libraries.
- Utilize a direct FFT implementation [ZLS15].
- Design large-scale convolution networks [ZLS15].

- Provide great improvement in pixel-wise convolution
applications [LZW14].



MULTI-CHANNEL CONVOLUTION

In convolution architectures, each input holds raw pixel values of an
image. (eg. an image of width 32, height 32, and three color channels
R,G,B.)

We assign each channel a filter and compute them accordingly.
Further, we add results to form an output channel.

Figure: A three-channel input



MULTIPLE INPUT CHANNELS
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Figure: A multi-input convolution example



MULTIPLE OUTPUT CHANNELS
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Figure: A multi-output example



DIRECT ALGORITHM

C S S
l _
kij —
c=0 y=0 x=0
fh/s fw/s
§ :E :chu A% C|+u’j+v’
u=0 v=0

- k: output channel index
- C: input channel index

- C: input channels

set up strides
fori«+ 0,ocdo
fori« 0,icdo
s « direct_conv(Wocic, Xi— ')
Xoe = Xoc + 5
end for
end for

Figure: Direct algorithm for multi-channel
convolution



BATCH SENSITIVE CONVOLUTION

E : l 1 —
n i = kcuv n cs*uru Sxj+V
¢=0 u=0 v=0

- n: batch size

Therefore, each batch could use the same filter, and they are
calculated independently.
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Figure: An input of three batches



BATCH SENSITIVE CONVOLUTION

Figure: An example of batch sensitive convolution



BATCH INDEPENDENT
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Figure: An example of batch independent convolution [Che+14]
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FFT

For 2 length N sequences, each FFT takes Nlog(N) computations,
while the naive method takes N> computations.

Table: FFT vs naive method [LLC16]

F{x*w} = F{f}.F{w}

xxw = F-{F{f}.F{w}} N FFT naive
x . convolution 4 176 16

- multiplication 32 2560 1024
F: fourier transform 64 5888 4096
F~1: inverse fourier transform 128 13312 16384

256 29696 65536
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FFT

In practice, we could apply mkl_convolution to compute a single
channel convolution by FFT.

set up strides
fori«+ 0,ocdo
fori« 0,icdo
s « direct_conv(Woc,ic, Xiz ', FFT)
Xoe = Xoc +5
end for
end for

Figure: Direct FFT algorithm for multi-channel convolution
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PARALLELISM



INTUITION

Based on multi-stride convolution:

[—1 -
nku Zzzwkcuv N,C,S*i4U,S*j+V

¢=0 u=0 v=0

The output channel (k) and batch (n) could be computed in parallel
without synchronization.

If ¢, th, or fw is computed in parallel, we say the parallelism is fine
grain. Otherwise, If k or n is computed in parallel, we say the
parallelism is coarse grain [Tal16].
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FINE GRAIN

Fine grain parallelism induces:

Redundant pack
- Synchronization cost
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Figure: A fine-grain parallel convolution



COARSE GRAIN

Coarse grain parallelism aims to:

- Fuse bias and activation
- Reduce synchronization cost
- Avoid redundant packing
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Figure: A coarse-grain convolution example
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PERFORMANCE

E5-2670, ICC 16.0, MKL 11.3.2
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Figure: Compare coarse grain and fine grain
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ANALYSIS



COMPLEXITY

Table: FFT vs naive method

Pre-packing Computation
Multi-stride 0 2% N *ow * oh * fh * fw * C * K
Direct 0 2% N*ow * oh * fh % fu * C* K
Direct FFT 0 3*N*C*ow*oh *loglow) * (C + K + C*K)

Batch Sensitive Gemm

Batch insensitive Gemm

N *C*fw * fh * ow * oh

N*C*fw* fh * ow * oh

2*N*ow*oh*fh*fw*C*K

2*N*ow*oh*fh*fw*C*K




Table: Compare different frameworks

Framework  CPU-Parallelism CPU GPU-Parallelism GPU
Caffe fine grain batch insensitive gemm corase grain cudnn
Torch most coarse grain multi-stride corase grain cudnn

Tensorflow fine grain direct corase grain multi-stride
Neon most fine grain batch sensitive gemm corase grain multi-stride
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PROS AND CONS

- Multi-stride is simple to understand but lack of efficient
optimizations.

- Direct has vendor implementations but depends on the shape
of the input and the filter.

- FFT is theoretically effective but only performs well on large
kernels.

- GEMM is clear and efficient but needs extra memories and a
packing process.

33}



CONCLUSION



SUMMARY

- Convolution Methods
- Direct Convolution
- Matrix Multiplication
- FFT Based Convolution
- Parallelism
- Coarse grain
- Fine grain
- Analysis
- Complexity
- Usage
- Pros and Cons
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