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What are the

key challenges in your area”

- exploiting potential of accelerators

- enabling a

I code to utilise any accelerator

Why should ARM care?
- enabling general acceleration opens up hardware innovation
- sell IP to customers knowing their customers’ code will work

What are the

opportunities for ARM?

- Innovate, design and develop accelerator |P others will miss

How could ARM help?
- engage with research; ARM researchers + funded PhDs

- explore iIm

pact on accelerator roadmap

How does your work compare against rest of world??
- Top conferences: PLDI, ASPLOS, HPCA, Micro, CGO, NeurlPS
- 3 Best paper awards: ACM GPCE20, HPCA21, ASPLOS21

- "highest ranked software” DARPA ERI| SDH program
- World-leading compiler group at Edinburgh
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Hardware/software contract breaking down

Technology trends means 7
- Hardware specialised or heterogenous o
Great

- up to 100,000x performance/energy gains o -

No free lunch
Software cannot fit on new hardware

Heterogeneous crisis
hardware stalls as software cannot fit




Hardware/software contract breaking down

Technology trends means 7
- Hardware specialised or heterogenous o
Great

Heterogeneous crisis
- hardware stalls as software cannot fit
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Universal
, CJ Turi

Retnink the contract




Taming the Hardware Zoo?”
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Language Approach

New Application/Legacy Code

User rewrites

Parallel Language Write new
compiller
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A universal parallel language + opt compiler per ISA/platform
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DSL approach
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Good performance is hard to get even with
well defined parallel language CUDA/OpenCL
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+ Interface nearer to algorithm

- Interface complex and changeable

Program — CIBLAS
Hardware

— Halide

 ——



Detect code structures that match interface

Program

Memory Controller 1 ‘>
|

s,

1
ooy

Transistor count: 1.17B |esme:248mmE H i i i i i - i i

priaterieemg




Detect code structures that match interface
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Use 10 grey-box program synthesis
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Detect code structures that match interface

Program
| ‘

Use 10 grey-box program synthesis

Use SMT solver/graph matching/synthesis
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Automatically matches
accelerator libraries to

legacy code

Abinit Titanium Abinit Water NWChem Buckyball NWChem Pentace Parboil SGEMM
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Automatically matches
accelerator libraries to
legacy code

Abinit Titani NWChem Buckyball NWChem Pentacene Parboil SGEMM

nit Water
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No programmer In the loop
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Automatically matching APIs frees up hardware creativity
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Matching Hardware to Software - hardware defined software (HDS)
Other
- Neural Architecture Search as Program Transformation Exploration

- Software Defined Hardware (SDH)

Beyond Simple Acceleration



How we deploy neural networks

Neural Optimising

Architecture —

Search Compiler

[ASPLOS 2021 Distinguished paper]



Unifying the optimisation steps




120: f Is =
%121 load 132, i32% %7, align 4

%141 = getelementptr inbounds [10 x i32], [10 x i32]x %138, i64 0, i64 %140
%142 load i32, i32% %141, align 4

%143 add nsw 132 %142, %135

store i32 %143, i32x% %141, align 4

br label %144

%122 = sext i32 %121 to i64

%123 = getelementptr inbounds [3 x [3 x i32]], [3 x [3 x i32]1x% %10, i64 @, i64 %122
%124 = load i32, i32x %9, align 4

%125 = sext i32 %124 to i64

%126 = getelementptr inbounds [3 x i32], [3 x i32]* %123, i64 0, i64 %125

%127 = load i32, 1i32% %126, align 4

%128 = load i32, i32% %9, align 4

%129 = sext 132 %128 to i64

%130 = getelementptr inbounds [3 x [3 x i32]1], [3 x [3 x i32]1x% %11, i64 @, i64 %129
%131 = load i32, i32% %8, align 4

%132 = sext i32 %131 to i64

%133 = getelementptr inbounds [3 x i32], [3 x 1i32]* %130, i64 0, i64 %132

%134 = load i32, i32x %133, align 4

%135 = mul nsw i32 %127, %134

%136 = load i32, i32x %7, align 4

%137 = sext i32 %136 to i64

%138 = getelementptr inbounds [10 x [10 x i32]]1, [10 x [10 x i32]]% %2, i64 @, 164 %137
%139 = load i32, i32x %8, align 4

%140 = sext i32 %139 to i64

51:
%52 = phi 164 [ 0, %47 ], [ %60, %51 ]
%53 = phi i32 [ %50, %47 1, [ %59, %51 ]
. . . %54 = getelementptr inbounds [3 x [3 x i32]]
OptImISIng %55 = load 132, i32% %54, align 4, !tbaa !3
%56 = getelementptr inbounds [3 x [3 x i32]]
. > %57 = load i32, i32 %56, align 4, !tbaa !3
Compl Ier %58 = mul nsw 132 %57, %55
%59 = add nsw 132 %53, %58
%60 = add nuw nsw i64 %52, 1

%061 = icmp eq 164 %60, 3
br i1 %61, label %62, label %51, !1lvm.loop !13

34: preds =
%35 = add nuw i64 %18, 16
%36 = and i64 %35, -16
%37 = tail call noalias nonnull i8x @_Znwm(i64 %36) #11
%38 = getelementptr inbounds %'"class.std::__1l::basic_string", %
store i8x %37, i8xx %38, align 8, !tbaa !21
» %39 = or 164 %36, —-9223372036854775808

%40 = getelementptr inbounds %'"class.std::__1::basic_string", %
store 164 %39, i64x %40, align 8, !tbaa !21
%41 = getelementptr inbounds %'"class.std::__1l::basic_string", %
store 164 %18, i64x %41, align 8, !tbaa !21
%42 = bitcast %'"class.std::__ 1l::basic_string"x %7 to %"struct.s

br label %47
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Very different networks loosely “equivalent”
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Can we find better equivalent networks”?
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Neural Architectures are just programs

conv3x3 Neural

convix? X Architecture
identity Search
Zeroize

Can we characterise options as transformations?

Can we characterise loosely equivalent?
Then mix with compiler transformations
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Example optimisation target: convolution

for ci in [0Q,CI-1]:
for co in [0,C0-1]:
for oh in [@,0H-1]:
for ow in [@,0wW-1]:
for kh in [0,KH-1]:
for kw in [0Q,KW-1]:
O[ci] [co] [oh] [ow] +=
Wlci] [co] [kh] [kw]x*
I[ci] [oh+kh] [ow+kw]




Example optimisation target: convolution

¥

Weight Output

r

for ci1 1n range(4):
for co 1n range(4):
spatial_conv(0, W, I, co, c1)

-\_\'\_\



Reorder changes data
access patte

<

for c1 1n range(4): for co 1n range(4):
for co 1n range(4): for c1 1n range(4):
spatial_conv(0O, W, I, co, c1) spatial_conv(O, W, I, co, c1)

interchange (ci,co)



Reduce iteration domain

by factor
<
for co 1n range(4): for co 1n range(4/B):
for ci1 1n range(4): for ci1 1n range(4):
spatial_conv(0O, W, I, co, c1) spatial_conv(0O, W, I, co, c1)

bottleneck

W

When is this OK?



Reduce iteration domain

by factor
<
for co 1n range(4): for co 1n range(4/B):
for c1 1n range(4): for c1 1n range(4):
spatial_conv(O, W, I, co, c1i) spatial_conv(0, W, I, co, c1)

bottleneck

W

Fisher
When is this OK?  See Amos Storkey talk



Transformations




Bottlenecking

Input Weight Output

T (co,J) =(co’,J) 1 co <Co/B



Grouping

Input Weight Output

T(co,ci,J) = (g, co/G, ci/G,]T)




Transformation space

Compiler optimisations: Network optimisations:
interchange hottleneck

tile group

unroll

prefetch

Can mix and match to give new convolutions
split

fuse



Example: unrolled group convolution

“unroll” output
r channels
| 4

“group” the remainder



T: [Co, C1, H, W, Kh, Kw] ->
[H, W, Co, Ci, Kh, Kw] ->
[H(b), W, Co, Ci, Kh, Kw] ->
W, H(b), Co, Ci, Kh, Kw] ->
[W(b), H(b), Co, Ci, Kh, Kw] >
|Co, Ci, H(b), W(b), Kh, Kw]

Spatial bottlenecking is bottlenecking plus interchange



Results




CIFAR-10: average 4x speedup over best
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ImageNet: order magnitude improvement

76 - S enseNet-161 DenseNet-1601
Original+TVM
—— O

75 - b enseNet-201 DenseNet-201
>
@)
g 74 enseNet-169 DenseNet-169
S esNet-34 ResNet-34
<t 73 -
o,
o,
=2 72 -

71 ResNet-18

SNet-18
1.0 10.0

Inference time (ms)

Ported to Transmuter - see next topic
Darpa workloads:

- reduce exec time by 80.6%

- reduce energy by 79.4%




Matching Hardware to Software - hardware defined software (HDS)
Other
- Neural Architecture Search as Program Transformation Exploration

- Software Defined Hardware (SDH)

Beyond Simple Acceleration



Transmuter: Software Defined Hardware

DARPA s italigen Momor Girles

- ARM, U Michigan, ASU, Edinburgh
Python Stack, NumPy/SciPy acceleration
Software monitors hardware and reconfigures

Coarse Grain Reconfigurable Multi-core
- ARM M-Class cores
Fast reconfiguration

HLL Libraries

Reconfigure cache/scratchpad, interconnect
C++ Intrinsics
Prodigy
. Host API LCP API GPE API
Software assisted prefetcher(HPCA21 Best Paper) e
SparseAdapt — = =
- Runtime reconfiguration (MICr021) d N Transmuter HW h
Host CPU ' ' '
N ) l LCP L GPE L GPE )




Irregular Memory

Program

Accesses Compiler Analysis Annotated

11111111
11111111
00000000

Software

Hardware

Mem

@\ /

Programmable
Prefetching Hardware

iiiiii

O &z
v
[ o |

Prodigy Operation
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Effect on Performance
Speedup vs. No-Prefetching

—
-

Speedup vs
No-prefetching
~
& O

N
o

AN i B I I I ll

bc bfs SSSp  SPmMV  Symgs Geo

Mean
Graph Analytlcs Mat Ops SCI Comp

-

On average, 2.6x speedup compared to no prefetching
. Reduction in DRAM-stalls by 80.3% and branch-stalls by 65.3%

J
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Sparse Adapt: Hardware Reconfiguration

Program Phase 1 Program Phase 2 Program Phase 3

——— »Time

-

-
-
-
-
-

. R Transmit new
Transmit PCs (X) configuration (Y)

Predictive
Model (f)

Model learns mapping f: X =Y
X: the space of performance counters
Y: best micro-architectural configurations




Sparse Adapt: Hardware Reconfiguration

Program Phase 1 Program Phase 2 Program Phase 3
. X
e . »Time | | |
________________________ Rl I
i' """"""""" Reconfiguration overhead i SpMM of A and AT
SC - [ T
_ ) Transmit new | v shatod cach
Tranemit pCs () | [ configuration (7 I | it
= | - Data-driven
Predictive - | phase change
Model (f) 9,000 0.001 0.002 0.003 0.004
\ . 1e9 B
N 500e6- — B
Model learns mapping f: X =Y s 2;’0‘*2“\ """"" f
a 125e6 -
X: the space of performance counters < 62e6-1
' ' ' ' Q | . i I |
Y: best micro-architectura COﬂflgurathﬂS O 31e%fooo 0.(;01 0.002 0.003 0.004

Time (s)



Sparse Adapt: Hardware Reconfiguration

Program Phase 1

P
-
-

-
-

Program Phase 2

Program Phase 3

»ime

Transmit PCs (X)

Transmit new
configuration (Y)

Predictive
Model (f)

w

Model learns mapping f: X =Y
mance counters

X: the s
Y: best

pace of perfor

micro-architect

ura

2.9x energy-efficiency

configurations

Clock Speed (Hz)

X

SpMM of A and AT

. *SC=shared cache
f Q} PC=private cache
| - Data-driven
- phase change
PC - IL' — ' |
. 9O.OOO 0.001 0.002 0.003 0.004
e B Sa—

L1 Mode

1 = .. 1 | |
31€8°000 0.001 0.002 0.003 0.004
Time (s)



Matching Hardware to Software - hardware defined software (HDS)
Other
- Neural Architecture Search as Program Transtormation Exploration

- Software Defined Hardware (SDH)

Beyond Simple Acceleration



Big-step Acceleration: FF 1

Matching complex accelerators is challenging
- Behaviour unlikely to match user code

- FFT acceleration a good example

call FFTA

....
....
L

v
.t
an®
an®
‘‘‘‘‘‘
.
an®
as®

Acc FFT

User FFT

API

API

Accel

Accel




Big-step Acceleration: FF 1

Matching complex accelerators is challenging
- Behaviour unlikely to match user code

- FFT acceleration a good example

Need to bridge gap

- Applied to GitHub code

- Significant speedups

See Jackson Woodruff presentation

call FFTA

*

Modified Code

A4 ....
0,.
> 4,
> ...
t...
-

API

Acc FFT

User FFT API

Accel

Accel




Beyond fixed function: Neural Compilation

Significant accelerators will be programmable
- Likely to have specialised prog lang

Can we learn how to translate existing code into new lang”



Beyond fixed function: Neural Compilation

Significant accelerators will be programmable

- Likely to have specialised prog lang

Can we learn how to translate existing code into new lang”
Proof of concept: Learn C->x86

- Used Transformer model

Get compilable Compile them | Train Evaluate on 10
C functions |—| into x86 (gcc - Preprocess into Transformer (program
(Anghabench) 00) parallel corpus (sequence-to- synthesis

sequence) benchmark)




Beyond fixed function: Neural Compilation

Significant accelerators will be programmable

- Likely to have specialised prog lang

Can we learn how to translate existing code into new lang”
Proof of concept: Learn C->x86

- Used Transtormer model

Surprising results!

int triangle_sum (int n) {
int r = 0;
for (int 1 = 1; 1 < n;
++i) {
for (int m=1; m< 1;
++m) {
r += m;
}
}

return r;

}

Get compilable Compile them 5 ' . Trfain
C functions |—| into x86 (gcc - |—|" rEProcess into ransformer
(Anghabench) 00) parallel corpus (sequence-to-
sequence)

Evaluate on |10
(program
synthesis

benchmark)

triangle_sum :

.LFBO:

.cfi_startproc

pushq %rbp
.cfi_def_cfa_offset 16
.cfi_offset 6, —16
movq %rsp , %rbp
.cfi_def_cfa_register 6
movl %edi, —-20(%rbp)
movl $0, —12(%rbp)
movl $1, —-8(%rbp)
jmp .L2

LS5

movl $1, —4(%rbp)
jmp .L3

L4

movl —4 (%rbp), %eax
addl %eax, —12(%rbp)
addl $1, —4(%rbp)
L3¢

movl —-4(%rbp), %eax
cmpl —8(%rbp), %eax
jl1 . L4

addl $1, —-8(%rbp)
L2

movl —-8(%rbp), %eax
cmpl -20(%rbp), %eax

jl .L5

movl —12(%rbp ), %eax
popq %rbp
.cfi_def_cfa 7, 8
ret

.cfi_endproc




Conclusion

Matching Hardware to Software
- enables hardware innovation

—xpressing NAS as program transformation
- generates new designs

Software can help hardware improve performance
- pretetching and recontiguration

Going beyond simple acceleration requires new approaches

Get compilable

Compile them

|||||||||||||

eeeeeeee

synthesis




