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Convolutional Neural Network (CNN)
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Pooling DL E
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« /x— K Raspberry Pi 3, CPU (Cortex-A53) @13 7 H]H
« NEONIZ & 5SIMD1LFIFH

Operator | 7)Y XL | Loop unroll XEY £ 17 B
fusion LA4T79F (ms)
733

direct NCHW
O direct X NCHW 495
O im2col X NCHW 286
O im2col O NCHW 175
O im2col O NHWC 166



EEENLSWEDHEZDOHN? (2)
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Halide

e PILTYXRL &
RFTa—IV O5EEIC JiO’C
5 ICI)L— 7@ & sk

o ARIFERERTZH
REFE /N F|C JE)%<
RSN TS

 TensorComprehensions TIl&
Z~ZFKHalide % BX 1) JA #

+ TVM CHIRE IR L7 IRE
edii

Func blur_3x3(Func input) {
Func blur_x, blur_y;
Var x, y, xi, yi;

// The algorithm - no storage or order
blur_x(x, y) = (input(x-1, y) + input(x, y) + input(x+1, y))/3;
blur_y(x, y) = (blur_x(x, y-1) + blur_x(x, y) + blur_x(x, y+1))/3;

// The schedule - defines order, locality; implies storage
blur_y.tile(x, y, xi, yi, 5 )

.vectorize(xi, 8).parallel(y);
blur_x.compute_at(blur_y, x).vectorize(x, 8);

return blur_y;

http://halide-lang.org/ & Y 5| A8
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H 8 . A Survey of FPGA Based Neural Network Accelerator: https://arxiv.org/abs/1712.08934
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RSB A - BB T A — KB
e TVMTIZGRU or XGBoost #
« imiE T Halide O BEI R 72 2 —IL[1]

« TensorComprehensions T% [E#k D &, &

SE R
[1] Mullapudi, R. T., Adams, A., Sharlet, D., Ragan-Kelley, J., & Fatahalian, K. (2016). Automatically
scheduling halide image processing pipelines. ACM Transactions on Graphics, 35(4), 1-11.
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Attending ~ Program ~ Tracks ~ Organization ~ Q Search Series ~ Sign in Sign up

A POPL 2018 (series) / £ Research Papers /

Some Principles of Differential Programming Languages

Track POPL 2018 Research Papers
When Thu 11 Jan 2018 08:30 - 09:30 at Bunker Hill / Watercourt - Keynote-Il Chair(s): Andrew Myers

Abstract Languages for learning pose interesting foundational challenges. We look at one case: the foundations of
differentiable programming languages with a first-class differentiation operator. Graphical and linguistic facilities
for differentiation have proved their worth over recent years for deep learning (deep learning makes use of
gradient descent optimisation methods to choose weights in neural nets). Automatic differentiation, also known
as algorithmic differentiation, goes much further back, at least to the early 1960s, and provides efficient
techniques for differentiation, e.g., via source code transformation. It seems fair to say, however, that
differentiable programming languages have begun to appear only recently. It seems further fair to say that, while
there has certainly been some foundational study of differentiable programming languages, there is ample
opportunity to do more.

We investigate the semantics of a simple first-order functional programming language with reals, product types,

and a first-class reverse-mode differentiation operator (reverse-mode differentiation generalises gradients). The Gordon Plotkin
semantics employs a standard concept of real analysis: smooth multivariate functions with open domain. It
turns out that such partial functions fit well with programming constructs such as conditionals and recursion; University of Edinburgh, UK

indeed they form a complete partial order, and so standard fixed-point methods can be applied. From a

https://popl18.sigplan.org/details/POPL-2018-papers/76/Some-Principles-of-Differential-Programming-Languages
£V
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52 . MLIR
(Multi-Level Intermediate Representation)
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« AAT—Dfth, RIKX—, TV ILDOE ZshapeffETEZ BN

func @some_func(%argO: !random dialect<‘‘custom type’>) -> lanother_dialect<“other_type”> {

%result = “custom.operation”(%arg0) :
('random_dialect<“custom_type’>) -> lanother_dialect<“other_type’>
return %result : lanother_dialect<"other_type'>
by

c BEL NILDIRZHM—IIICEHERTESHZ L2 B2
« cf. TVM ... I7E1% Relay & Halide IR O 2f&$BAFEE
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