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Deep Learning Execution Model

» DL frameworks execute
the network by running
one operator at a fime

» May optimize choice of
operator implementation

» Each operator reads input
and produces new output

> |lssuese

Input

Convolution

Batch Norm

Convolution

Batch Norm

Example (Conv Op):
volta_scudnn_winograd_|
28x128_ldgl1_ldg4_relu_tile
148t_nt_v1

Addition

i

Output

Image from http://torch.ch/blog/2016/02/04/resnets.ntml



http://torch.ch/blog/2016/02/04/resnets.html

Issues with operator at a time

execution model

» Interpreted execution

» Multiple scans of data

» Potentially large temp.
memory requirements

» Need optimized
Implementations of
operators

» Difficult to build new ops.

> Difficult to target new
hardware

Input

Convolution

Batch Norm

Convolution

Batch Norm

Example (Conv Op):
volta_scudnn_winograd_|
28x128_ldgl1_ldg4_relu_tile
148t_nt_v1

Addition

i

Output

Image from http://torch.ch/blog/2016/02/04/resnets.ntml



http://torch.ch/blog/2016/02/04/resnets.html

Hardware for Deep Learning

Memory Subsystem Architecture
CPU GPU ‘TPU’

LIDJ L1 BLIDJ L1
implicitly managed mixed explicitly managed
Compute Primitive

AEEEE EEEE

O [ 1] | | EEEE BEEEE

| | EEEE BEEEE

. ,m T

scalar vector tensor

Heterogenous hardware:

- Need to optimize workload for

different hardware.

Layered Memory Hierarchy:

- Complex scheduling space
Parallel Compute Primitives

- Threads

- SIMD/Vector parallelism

- Specialized primitives

(e.g., Tensor Cores)
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Implementing Ops.

Basic

O

O

gemm operation from TVM paper

A = t.placeholder((1024, 1024))

B = t.placeholder((1024, 1024))

k = t.reduce_axis((0, 1024))

C = t.compute((1024, 1024), lambda y, x:

t.sum(A[k, y]l * B[k, x], axis=k))
t.create_schedule(C.op)

S

for y in range(1024):
for x in range(1024):
- > Clyl[x] = o
for k in range(1024):
Clyl [x] += ALkl [yl * B[k]I[x]

+ Loop Tiling
yo, xo, ko, yi, xi, ki = s[C].tile(y, x, k, 8, 8, 8)

for yo in range(128):
for xo in range(128):

Clyox8:yo*8+8] [x0*x8:x0%8+8] = 0

for ko in range(128):
- > for yi in range(8):

for xi in range(8):
for ki in range(8):
Clyo*x8+yi] [xo*8+xi] +=
Alkox8+ki] [yox8+yi] * B[kox8+ki] [x0*8+x1i]

+ Cache Data on Accelerator Special Buffer

CL = s.cache_write(C, vdla.acc_buffer)
AL = s.cache_read(A, vdla.inp_buffer)
# additional schedule steps omitted ..

+ Map to Accelerator Tensor Instructions
s[CL].tensorize(yi, vdla.gemm8x8)

inp_buffer AL[8][8], BL[8][8]
acc_buffer CL[8][8]
for yo in range(128):
for xo in range(128):
vdla.fill_zero(CL)
for ko in range(128):
vdla.dma_copy2d (AL, A[ko*8:ko*8+8][yo*x8:yo*x8+8])
vdla.dma_copy2d(BL, B[ko*8:ko*x8+8] [x0*8:x0%x8+8])
vdla. fused_gemm8x8_add(CL, AL, BL)
vdla.dma_copy2d(C[yo*8:yo*8+8,xox8:x0x8+8], CL)

)

O+

corresponding
low-level code

schedule
transformation

O schedule

» Need to reason about:
» Loop order and Tiling
»  Memory layout
» Relation to other operations

» Relationship tfo memory
hierarchy and specialized
hardware



Compiller’'s Perspective
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Express computation l

Intermediate Representation (s) g?)l:iﬁizlaetions

Code generation
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Slide borrowed from UW-CSE 599W Systems for ML Class



https://dlsys.cs.washington.edu/pdf/lecture7.pdf

Computation Graph as IR

Represent High level Effective Equivalent Transformations
Deep Learning Computations to Optimize the Graph
?E attributes
@ conv2d channels=32,
v \“"kegggl_s%ie;§3,3), l
ing=(1,1),
ise_bias=0 —| conv2d ~ l
C w2 O»{convad | pomooomoomeeooeees : L fused-conv2d-
re*lu i operation ! —| bn |:> bn-relu
v | inputs | L |
flatten ;O nhe ! relu l
A ! dataflow !
@ dense | ! dependency ! ¢
softmax

shape=(1,10)

Approach taken by: TensorFlow XLA, Intel NGraph, Nvidia TensorRT

Slide borrowed from UW-CSE 599W Systems for ML Class



https://dlsys.cs.washington.edu/pdf/lecture7.pdf
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XLA HLO is an IR composed to tensor
operations

Generates optimized binaries to
evaluate models

» Fuses kernels - eliminafing reads and
writes to slow memory

» Optimized data layout
» Reduced environment size

User still needs to implement optimized
tensor ops for each architecture
» Smaller set then all of TF

TensorFlow XLA Compiler

XLA HLO

Target-independent
Optimizations & Analyses

____________________________________________________________

Target-dependent
Optimizations & Analyses

Target-specific
Code Generation

| XLA Backend



Nvidia TensorRT

» Nvidia’s platform for optimizing deep neural networks
» Quantization of weights
» Data layout and kernel section
» Fuses kernels -- Vertically (conv, relu) and horizontally (reuse inputs)

next input

@ — concat

—— : “relu o T relu /

:lu — 3x3 CBR m 1x1 CBR
ias

1x1 conv. 3x3 conv. 1x1 conv. — - ry

\\\\\\\===Eag==== IIHEHEHHII IIIIIIIIIIIIIIIIIiiEiilIIIIIIIIIIIIIIIII l!iii’iiiil

Y
concat

(a) (b)




Intermediate Representation (IR)
Approaches

-

\
Computation Graph W( Tensor Loop Algebra

Smlvm
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MetaFlow

DAG Optimization:
- Operator Fusion
- No-op Elimination

1“1|

Typically leverage pre-existing
tensor operations

/

Halide

Tensor @ Comprehensions

- Optimize loop order,

tiling, and memory layout

across operators in DAG
- Support new operator
design

/




Halide: Compliling Image Processing Pipelines

Key Innovation:
- Decouples algorithm from the compute
- So we can express operator in a simple language



Halide: Compliling Image Processing Pipelines

Key Innovation:
- Decouples algorithm from the compute
- User only needs to provide the algorithm, and optionally the schedule.

Input: Algorithm
blurx(x,y) = in(x-1,y)
+ in(x,y)
+ in(x+1,y)

out(x,y) = blurx(x,y-1)
+ blurx(x,y)
+ blurx(x,y+1)

Input: Schedule

blurx: split xby 4 — x , x,
vectorize: X,
store at out. x,
compute at out.y,

out: split xby 4 — X, X,
splityby4 —vy vy,
reorder: y, , X, ¥,, X;
parallelize: y_
vectorize: X



Halide: Compliling Image Processing Pipelines

Key Innovation: Auto-tuner can select the optimal “schedule”
- Decouples algorithm from the compute - How to split the axis?
- User only needs to provide the algorithm - How to vectorizee

algorithm

- autotuner —> schedule

Input: Algorithm
blurx(x,y) = in(x-1,y)
+ in(x,y)
+ in(x+1,y)

out(x,y) blurx(x,y-1)
blurx(x,y)

blurx(x,y+1)

+ + 1

Input: Schedule

blurx: split xby 4 — x , x,
vectorize: X,
store at out. X,
compute at out.y,

out: splitxby4 — X, X,
splityby4 —vy .y,
reorder:y,, X, ¥, X,
parallelize: y
vectorize: X,



Halide: Compliling Image Processing Pipelines

Key Innovation: Auto-tuner can select the optimal “schedule”
- Decouples algorithm from the compute - How to split the axise
- User only needs to provide the algorithm - How to vectorizee
> bound LT vectorization code
algorithm lowering inference optimizaton — flattening e > R
— autotuner — schedule - & storage folding 9 9

Input: Algorithm
blurx(x,y) = in(x-1,y)
+ in(x,y)
+ in(x+1,y)

out(x,y) = blurx(x,y-1)
+ blurx(x,y)
+ blurx(x,y+1)

Input: Schedule

blurx: split xby 4 — x , x,
vectorize: X,
store at out. X,
compute at out.y,

out: splitxby4 — X, X,
splityby4 —vy .y,
reorder:y,, X, ¥, X,
parallelize: y
vectorize: X,



Halide: Compliling Image Processing Pipelines

Key Innovation:
- Decouples algorithm from the compute
- User only needs to provide the algorithm

>
>

algorithm lowering : et e
inference
— autotuner — schedule -
Input: Algorithm Sec 4.1: Lowering out
blurx(x,y) = in(x-1,y) par for out.y, in 0..out.y.extent/4
+ in(x,y) for out.x in 0..out.x.extent/4 —
+ in(x+1,y) for out.y, in0..4 o, ——
_ i vec for out.x, in 0..4
out(x,y) = blurx(x,y-1) out (4*%x +x '14*y by) =
+ blurx(x,y) Eh EN
+ blurx(x,y+1) blurx(x,,y;-1)
4 + blurx(x,,y,)

Input: Schedule

blurx: splitxby4 — x , x,
vectorize: X,
store at out. X,
compute at out.y,

+ blurx(x,,y+1)

Sec 4.1: Lowering blurx
alloc blurx[blurx.y.extent][blurx.x.extent]
for blurx.y in blurx.y.min..blurx.y.max
for blurx.x, in blurx.x.min/4..blurx.x.max/4
vec for blurx.x, in 0..4
blurx(4*x +x,,y) =
in(4*x +x,-1,y) <t

out: splitxby4 — X, X,
splityby4 —vy .y,
reorder: y,, X, ¥,, X,

Auto-tuner can select the optimal “schedule™
- How to split the axise

- How to vectorizee

sliding window
optimization
& storage folding

code
generation

vectorization

- flattening & unrolling

Sec 4.2: Bounds inference
‘Llet blurx.y.min =

“|_ 4*out.y .min + out.y .min - 1]

Sec 4.4: Flattening

out[out.y.stride*(4*(out.y -out.y .min)+out.y,)
+4*(out.x -out.x_ .min)+out.x]

= blurx[blurx.y.stride*(out.y,-1-blurx.y.min)+out.x -blurx.x.min]

+ blurx[blurx.y.stride*(out.y, -blurx.y.min)+out.x -blurx.x.min]

+ blurx[blurx.y.stride*(out.y +1-blurx.y.min)+out.x -blurx.x.min]

Sec 4.5: Vectorization
'vec for blurx.x, in 0..4 )
blurx[blurx.y.stride*blurx.y+4*blurx.x +x,) = ...

blurx[blurx.y.stride*blurx.y+4*blurx.x +ramp(4)]

parallelize: y
vectorize: X,

+ in(4*x +x,Y)
+ in(4*x +x+1,y)

= in[in.y.stride*(blurx.y.min+blurx.y)+4*blurx.x +ramp(4)]
+ ...

.




Halide DSL

Func blur_3x3(Func input) { - Functional Language
Func blur_x, blur_y; - Embed in C++
Vv , Y, xi, yi; . .ye
WX Ve X5 Y - Much Simpler than writing
// The algorithm — no storage or order threaded or CUDA program
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; DOWH.SIde° . .
- Still requires domain
// The schedule - defines order, locality; implies storage experfs to tune it

blur_y.tile(x, y, xi, vyi, » 32)
.vectorize(xi, 2).parallel(y); .
blur_x.compute_at(blur_y, x).vectorize(x, 2); Leommg

- TC: Assume infinite

- Noft built for Deep

return blur_y;

input range, cannot
be optimized for
fixed ops.

- TVM: No special
memory scope; No
custom hardware
INtrinsics



Reading This Week



Reading for the Week

» Optimizing DNN Computation with Relaxed Graph Substitutions
(SysML'19)

> Improves the graph search but does not modify individual ops.
» Leverages basic cost model

» TVM:. An Automated End-to-End Optimizing Compiler for Deep
Learning (0sblI'18)
» Optimizes graph and then individual tfensor operations
> Uses learning based approach

» Learning to Optimize Halide with Tree Search and Random
Programs (10G'19)

» Schedule optimization in Halide using hybrid learning based approach



https://www.sysml.cc/doc/2019/22.pdf
https://arxiv.org/abs/1802.04799
https://halide-lang.org/papers/halide_autoscheduler_2019.pdf

MetaFlow (SysMlI'19)

» Optimizes graph only by fransforming groups of operators
INto revised versions of existing operators

. } .
Flow-based Search-based Final Graph

Graph Split - Graph Subst. -~ Generation

¢ %

> Key Insights:
> Use “backiracking” search to allow for less myopic opt.
» Cluster ops. using dep. flow analysis to idenftity subgraphs
» Static operator impl. have predictable costs



Frameworks ‘& O

0

o K

TVM

Section 3

Section 4

Section 5

\/

Computational Graph

High Level Graph Rewriting
\

Optimized Computational Graph

v

Operator-level Optimization and Code Generation

Declarative
Tensor Expressions

Hardware-Aware

Optimization Primitives
A/

Machine Learning Based
Automated Optimizer

v

Optimized Low Level Loop Program

/

v

\

Accelerator Backend

LLVM IR

CUDA/Metal/OpenCL

» Originally derived from Halide

v

Deployable Module

» Leverages similar IR and separation

of algorithm from schedule




Frameworks ‘|~\ () 4:? e m @

v
T v M | Computational Graph \
v

Section 3 High Level Graph Rewriting
v

> Ori g inal |y derived from Halide | Optimized Gompuiational Graph |

Operator-level Optimization and Code Generation

» Leverages similar IR and separation Section4 _Dedlarative Hardware-Aware

Tensor Expressions Optimization Primitives
\ /

of algorithm from schedule Soction s Machine Learring Based

Automated Optimizer
v

| Optimized Low Level Loop Program |

import tvm 1
| Accelerator Backend || LLVMIR || CUDA/Metal/OpenCL |

v
Deployable Module |

m, n, h = tvm.var('m'), tvm.var('n'), tvm.var('h") |

A = tvm.placeholder((m, h), name='A") Inputs

B = tvm.placeholder((n, h), name=‘B')

k = tvm.reduce_axis((@, h), name=‘k")

C = tvm.compute((m, n), lambda i, j: tvm.sum(A[i, k] * B[j, k], axis=k))
Shape of C Computation Rule

Guess what this describes?
out = tvm.compute((c, h, w),

lambda i, x, y: tvm.sum(datalkc,x+kx,y+kyl * wl[i, kx,kyl, [kx,ky,kc]l))



TVM

» Enables declaring new hardware intrinsics
» Simplifies adding support for new hardware

, X = t.placeholder((8, 8)), t.placeholder((8, 8))
reduce_axis((@, 8))

t.
t.compute((8, 8), lambda i, j:
t.sum(wli, k] * x[j, kI, axis=k))

< X =

def gemm_intrin_lower(inputs, outputs):

’Frameworks ‘|-‘ O 1/§? e m @
v

Section 3

Section 4

Section 5

Computational Graph
v

|
|

High Level Graph Rewriting
v

Optimized Computational Graph
v

Operator-level Optimization and Code Generation
Declarative Hardware-Aware
Tensor Expressions Optimization Primitives
\ ‘/

Machine Learning Based
Automate(i Optimizer

Optimized Low Level Loop Program

[ Accelerator Backend || LLWMIR || CUDA/Metal/OpenCL

v
Deployable Module

declare behavior

lowering rule to generate

ww_ptr = inputs [0] _access_ptr(“r") hardware intrinsics to Carl’y
xx_ptr = inputs[1].access_ptr("r") «— Oout the computation
zz_ptr = outputs[@].access_ptr("w")

compute = t.hardware_intrin("gemm8x8", ww_ptr, xx_ptr, zz_ptr)
reset = t.hardware_intrin("fill_zero", zz_ptr)

update = t.hardware_intrin("fuse_gemm8x8_add", ww_ptr, xx_ptr, zz_ptr)

return compute, reset, update

gemm8x8 = t.decl_tensor_intrin(y.op, gemm_intrin_lower)



’Frameworks T O »® @ m @ ‘

\ Computati:mal Graph |
Section 3 High Level G:aph Rewriting

\ Optimized Coméutational Graph |

» Learning based auto-tuner

Tensor Expressions Optimization Primitives
~a -
Section 5 N tomated OptTizer
\ Optl@)w Levvel Lw:am |
TenSOI’Op SChedUIe Space DeV|Ce Cluster ‘ Accelerator Backend H LLV:/IIR H CUDA/Metal/OpenCL ‘
Specification Template | Deployable Module |
\ l Raspberry Pi
log e Mali GPU
Database [+ Schedule Explorer > Tracker
get_perf Nvidia GPU
traini queryT lupdate
raining FPGA Board
data
ML Cost Model
touched outer
: memory loop _ ;
for y in range(8): —r, ’: length Porome’rr!zed the AST
for x in range(8): s 1 - Use Gradient Boosted Trees
Clyl [x]=0 .y 646464 Y.L GBT) 1 Fii “rank 10ss”
for k in range(8): x[8:8:i64| X8 ( ) 10 optimize a "rank loss
Clyl Dl +=ATk] Lyl+Blk] Ix] 1] 4 T g (g ] k |64 to predict the relative order of

(a) Low level AST (b) Loop context vectors program runtime



Learning to Optimize Halide with Tree
Search and Random Programs

» Published in ACM Transactions of Graphics (2019)
» Halide grew out of graphics community

» Addresses missing scheduler optimizer + auto-tfuner
> Adopfts learning based approach

TRAINING

tree search

on schedules

AUTOSCHEDULING

learned fine-tune with autotuning

cost model benchmark
performance

importance ‘
sample

inFut Halide eeeeeeee
algorithm on schedules direct
search optimum

>



Learning to Optimize Halide with Tree
Search and Random Programs

» Beam search of rich schedule space
» Beam search ~ breadth first search with pruning
» Search is constructed inductively from final stage in pipeline

E Omm 3
a

=100
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c) compute h at a
new outer tiling o

e tnta Cetsta o ments

[ [ ] [ || [ |

allocate g allocate g _ 1

h(x, y) = ...} for g.y, g.x, Cellocate h Cfor fuy, fx,

= or g.y, g.%, ._)
g(x, y) = pow(h(x, y), 1.8); B — E—
f(X, y) = g(X, y—l) + g(X, y+l); for g.y, g.x, for g.y, g.x, for g.y, g.x,

(d) compute h at (e) store h at tiles of f, (f) store h at a new outer tiling
a new sub-tiling of g compute h at a new sub-tiling of g of f, compute h at sub-tiles of f
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