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Digital age based on a 50 year contract

Contract: Hardware may change “under the hood”
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Digital age based on a 50 year contract

Contract: Hardware may change “under the hood”

BUT
Hardware/Software Interface remains constant
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Techno\ogy Scaling Trends

.........

Moore'slLaw Is coming to an end

Hardware/Software contract breaking down
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Hardware/software contract breaking down

Technology trends means 7
- Hardware specialised or heterogenous o

Great

Rethink the contract

Heterogeneous crisis
- hardware stalls as software cannot fit




Not the first person to notice this
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How to bridge the gap?
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Language Approach
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Language Approach

ew Application/Legacy Code
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Write new

Compi\er

Cell Broadband Engine Processor

Memory Controller

j sajeys eieq €301

Bn::nnnu‘:ﬁ e = A

==iShared L3 Cache” :d:qf

Bqnnnuna,‘,‘ o o Bx B 12 m{nnn-mﬂ

= Snd Jent Bund ey ood ESnd 3nd Eusd Rt o) E3SY S 53 Eamy

"% Shared L3 Cache™ smzz

3! Jued ol jond oo % oot pens om e 24 pn o no oo

T EERD

Transistor count: 1.178 Die size: 248mm?




Language Approach
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DSL approach
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DSL approach

New Application/Legacy Code
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Good performance is hard to get even with
well defined parallel language CUDA/OpenCL
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+ larget nearer to algorithm
+ Target willl always perform well

- larget complex and changeable

Program —— cIBLAS »
. Halide Hardware

Constant change means any solution must work for any API, any DSL

Need to automate



+ larget nearer to algorithm
+ Target willl always perform well

- larget complex and changeable
- larget may be at higher level

Program —— cIBLAS »
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Rather than compile code to hardware

By lowering code for each language and each ISA

Program —————— Hardware



Instead LIFT code to APl or DSL

CIBLAS | Halide

Program Hardware



LIFT code to API or DSL

CIBLAS | Halide

Program Hardware

Vendor responsibility to map API/DSL to hardware - already the case

Our job - automatically lift it to API/DSL enabling hardware utilisation



LIFT code to API or DSL

CIBLAS | Halide

Program Hardware

How is API/DSL described?
How Is matching code discovered?
How Is code replaced/translated?




Well known things

My view

Concrete results

Can we go further ?

sSummary



5 approaches to lifting

Search using constraints over LLVM |R: IDL+CanDL [18-20]
- targetted APls in C/Fortran - dense/sparse linear algebra

Black-box Program Synthesis [19-21]
- eliminated need for writing constraints

APl matching via |0 behavioural equivalence [21-23]
- more robust detection

Neural Compilation [21-7]
- language to assembler translation using NMT/transtormer



5 approaches to lifting

Search using constraints over LLVM |R: IDL+CanDL [18-20]
- targetted APls in C/Fortran - dense/sparse linear algebra



Detect code structures that match interface

ldiom
Description <

l

Program

l




Input ld"_’m_ Domain Specific
Program Description Code Generators

N\ AN %

C/C++ IDL

lib
object

4
C

d

lib
object

Vendor Libraries




Input

Program Description

AN

C/C++

Idiom

AN

IDL

l

optimized
LLVM IR

lh

Constraint
Formular

Constraints
Solver

Code extraction

Domain Specific
Code Generators

e

LLVM IR +
DSL code

LLVM ME‘—’

lib call

v

lib
object

+
o

Co

lib
object

Vendor Libraries




for (J = 0, J < lastrow - firstrow + 1, jJ++) { sinclude "mkL.n"

sum = 0.0;
for (k = rowstr[j]; k < rowstr[j+1]; k++) { // ..
sum = sum + a[k]*p[colidx[k]]; void spmv_csr_harness(int rows, 1int* ranges,
} int* indir, double* vector, double* matrix,
: double* output) {
q[J1] = sum;
} sparse_matrix_t A;

/]

struct matrix_descr C;

C.type = SPARSE_MATRIX_TYPE_GENERAL;
C.mode = SPARSE_FILL_MODE_LOWER;
C.diag = SPARSE_DIAG_NON_UNIT,

mk1_sparse_d_mv(SPARSE_OPERATION_NON_TRANSPOSE,
1.0, A, D, vector, 0.0, output);

A

(CC20]
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5 approaches to lifting

Black-box Program Synthesis [19-21]
- eliminated need for writing constraints



Detect code structures that match interface

call Accel
Accel

API




Detect code structures that match interface

call Accel

API

Drogram

Accel

ldiom
Descr|pt|on

1S ee0 |e301 1 g
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[_“_"_j uuu {_“—"_J ~~~ l_"_“_' ~~ l_"_"_j..
C

Challenge:

Do this entirely
automatically



Detect code structures that match interface

2rogram
|

call Accel
> Accel

API




Detect and match automatically

2rogram

v

Use 1O, probabilistic
call Accel
. Accel and grey-box
program synthesis
API

[5Bl18] - BBe
i8] e
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ias = U
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Auto-discovery: Synthesise +Generalise

> > P >
<

Interrogate Generate
+Synthesise Constraints

IDL

Constraint generation from program is trivial. How to generate a program P ?



Type directed synthesis

Function

L |

o —*MSMI’CNI.]'—.MI

Synthesizer

TYPE SIGNATURE ,
3 ]—0 HEURISTICS
ANNOTATIONS ,

CALLARLE FFI

Tﬁ HF

FIACMENTS

—
. " o

e CFG SKETCH 2 ———» CANDIDATE 2
b CFG SKETCH 3 s CANDIDATE 3

Pt CFG SKETCH 4 = CANDIDATF 4

—= CFO SKETCH N ——» CANDIDATE N —

mmT ' oom‘r"

* -0 -

PROGRAM



SIGNATURE (library vendor)
float daxpy(

int n, float a,

ANNOTATIONS
(library vendor)

size(x, n)
float *x, 1nt 1incx, size(y, n)
float *y, int incy) output(y)

HEURISTICS (synthesizer)

match(output, ptr) =>
store(ptr)

match(size, ptrA, sz) and
match(size, ptrB, sz) =>
zipLoop(ptrA, ptrB, sz)

CFG FRAGMENTS

Lloop(x, n)

loog (y, n) CFG STRUCTURES

e for(ex : x) {

store(y) for(ey : y) {

o ey = ...; }}

zipLoop(x, y, n) e

for(ex,ey : zip(x,y)) {
ey = ...; }
PROGRAM

define float @daxpy(i132, float, float¥*,
132, float*, 132) {
entry:
; synthesized LLVM implementation...
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Speedup (X)

10.0

7.5
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ResNet-152
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[PACT19]

't WOrks

VGG-16 DenseNet-201 Pathsample PFold

— 0
Abinit Water NWChem Buckyball NWChem Pentacene
1.0 1.0
0.5 I 0.5
0.0 0.0 .

Bm Baseline s MKL mmm CUDA

20
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Pathsample NGT

Parboil SGEMM

But requires type annotations - not fully automatic



SPECIFICATION PREDICTION

INPUTS e [ B
| | cenerare | ¢
I I

[ INPUTS ][ OUTPUTS ]

INITIAL FRAGMENTS

1?0 20

FRAGMENT POPULATION . v «-'\ q-\
M M T Vi 20
3% 7
»

IR N

X 121 .
It T wt

FRAGMENT
DISTRIBUTION
MARKOV MODEL

Outputs

black_box(Inputs) {

// iImplementation...

;

SYNTHESIS ‘
ITERATE SAMPLE PROGRAM
( y o \ int f(int a, int *b)
SKETCHES INSTRUCTIONS {
| add %0, %1l. j| shl 2, %a ) nt d = )
§ . for(int 1 = ...) {
j| br %lab | mul 2, %xs d = ...

}

OUTPUTS e




SPECIFICATION

IMPLEMENTATION [ TYPE }

| |
Y GENERATE v

PREDICTION

S——

INITIAL FRAGMENTS

PN Y
Use ML signature priors to guide sketch
|O, grey behaviour -> preohct fragments

INSTRUCTIONS

OUTPUTS

INPUTS

|

[ INPUTS ][ OUTPUTS J

FRAGMENT POPULATION

kS
e

Outputs

black_box(Inputs) {

SKETCHES

K
e
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Speedup (X)

t really works!
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Speedup (X)
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5 approaches to lifting

APl matching via |0 behavioural equivalence [21-23]
- more robust detection



Big-step Acceleration: FFT

Although accelerator discovery is possible

Matching complex accelerators to code
'S challenging

call FFTA

API

Accel




Big-step Acceleration: FFT

Matching complex accelerators is challenging

- Behaviour unlikely to match user code

- FFT acceleration a good example

....
...
L]

L ]
.
an®
an®
“““““
an®
an®
en®

call FFTA
API
Acc FFT
User FFT API

Accel

Accel




Bridge the gap on real code

Need to bridge gap call FF1A Accel
- Applied to Raw C GitHub code
API
- Discovered, modified and replaced
- with libs or accelerators —
M°d'f'ef§!w9f?f'e Acc FET

- FFTW, SHARC DSP, PowerQuad T e

call FFTA Accel

User FFT API




Neural Classifier + |O behaviour

1.0
, —o— Qverall top-3 accuracy
—eo— FFT top-3 recall /‘
g 0.8 - Q
Use a neural classifier —
: ‘__.\./ ®
v /o/
- . O
- detects FFTish Github code 3 4
g -~ O = Qe @ = =0~
e .0’,
Then 10 behavioural equivalence S
©
>
- does it have same behaviour? g
Patch up with specialised synthesised
normalisation code
é é 110 112 1'4 16

[PLD|22] Train instances per class



Big-step Acceleration: FFT

Project Lléls(sie()f Si{ef;%tr}tlesr d Algorithm Twiddle Factors I;Injlgnlg:rrsy Afif[)}l:izic Loop Structure Optimizations
0 83 Only 64 Radix-2 FFT Constant Custom No While-True-Break Minimal
1 278 PO(‘Z e;zéo)f : Radix-2 FFT Constant Custom No Do-While/For Minimal
2 65 Powers of 2 Radix-2 FFT Computed in FFT Custom No For/Recursive Minimal
3 107 Powers of 2 Radix-2 FFT Computed in FFT Custom No For Minimal
4 934 Al Mixed-Radix FFT Computed in FFT Custom No For/Recursive Extensive Unrolling
5 2159 Al Mixed-Radix FFT Pre-Computed Custom Yes For Hand-Vectorized/Unrolled
6 77 Powers of 2 Radix-2 FFT Computed in FFT Custom No For Minimal
7 237 Powers of 2 Radix-2 FFT Pre-Computed Custom Yes For Minimal
8 101 Powers of 2 Radix-2 FFT (DIF) Computed in FFT | C99 Complex No For Minimal
9 1627 All Mixed-Radix FFT Pre-Computed Custom Yes For/While/Recursive Extensive Unrolling
10 75 Powers of 2 Radix-2 FFT Pre-Computed Custom No For Minimal
11 538 Al Mixed-Radix FFT Pre-Computed Custom Yes Do-While/For Twiddle-Factor Memoization
12 367 Al Mixed-Radix + Bluestein | Computed in FFT Custom No For/Recursive Unrolling
13 101 Powers of 2 Radix-2 FFT (DIT) Computed in FFT | C99 Complex No For Minimal
14 314 Powers of 2 Radix-2 FFT Computed in FFT None No For Minimal
15 215 Al Recursive FFT Computed in FFT | C99 Complex No Recursive Minimal
16 20 Al DFT Unneeded C99 Complex No For None
17 12 Al DFT Unneeded C99 Complex No For None

GitHub code In the wild: Vast range of styles, quality, behaviour



Big-step Acceleration: FFT

complex «FFT accel(complex +x. int N) |
* Check for valid inputs to accelerator
if (is_power of two(N) &% N <= 65536) {
'/ Bind user (npuls fo accelerator
int len = N;
gpragma align 64
Automatically generates adaptor code complex_float output[lenJ;
complex float input[len];
#pragma end
for (int | = 0; 1 < len; 1++) {
input[i].re = x[i]. real;
input[i].im x[1].imag;

Acc FFT }

Call accelerator

accel cfft(input, output., len);
" Bind accelerator oulpuls
for (int j = 0; j < N; j++) {
x[)].imag = output|[)].im;
x[j].real = output|[j].re;

}
User FFT API f7 De—normalize outpuls

for (int kX = 0; k <« N; | ++) {
x[k].imag «= N;
x[k].real «= N;
}
} else { // Not wvalid accelerator input
Fallback to wuser code.

UserFFT(x, N):




Big-step Acceleration: FFT

complex «FFT accel(complex +x. int N) |
f Cheek for valid inpuls ro accelerator
if (is_power of two(N) &% N <= 65536) {
'/ Bind user (npuls fo accelerator
int len = N;
gpragma align 64
Automatically generates adaptor code complex_astlomtputileny;
complex_float input[len];
#pragma end
for (int | = 0; 1 < len; 1++) {
input[i].re x[i].real;
input[i].im x[1].imag;

. }
B Type conversion f7 Call accelerator

accel cfft(input, output., len);
‘7 Bind accelerator oulpuls

- Variable binding for (int j = 0; j < Ni j++) {

- Range check

x[)].imag = output|[)].im;
x[j].real = output|[j].re;
- Sythesized normalisation code b |
f7 De—normalize outpuls

for (int kK = 0; k <« N; [ ++) {
x[k].imag «= N;
x[k].real «= N;
}
} else { // Not wvalid accelerator input
"/ Faillback to user code.

UserFFT(x, N):



Big-step Acceleration: FFT

10°

o

FFTW
10 1 s PowerQuad
B FFTA

w

-

N

Performance Relative to
System Baseline
w

—

4 5 &6 7T 8 9 10 11 12 13 14 15 16 17
Project Number

Speedup over CPU baseline using either FFTW library, FFTA Sharc DSP, NXP PowerQuad

Project numbers refer to legacy C GitHub code



Applied to Github linear algebra

Algorithm | Code | LoC | Layout Sizes Optimizations Algorithm | Code | LoC | Layout Sizes Optimizations
1 11 | Column-major | Squared None Kernel Calls | 26 106 | Column-major | Any Unrolled
2 117 | Both Any None 27 76 | Row-major Any Block
3 15 Row-major Any None 28 21 Row-major Squared OpenMP
4 23 | Column-major | Squared None 29 41 Column-major | Any None
5 27 Row-major Squared OpenMP 30 31 Row-major Squared None
6 9 Row-major Any None Blocked 31 27 Column-major | Squared None
7 9 Row-major Any None 32 37 | Row-major Multiple of bs Unrolled
8 18 | Column-major | Squared OpenMP 33 44 | Row-major Squared None
Naive 9 131 | Row-major Any OpenMP 34 13 Row-major Squared None
10 12 Row-major Any None 35 16 Row-major Squared None
11 18 | Row-major Multiple of nthreads C++ threads Goto 36 176 | Column-major | Squared Intrinsics (SSE)
12 63 | Row-major Squared C++ threads 37 54 | Row-major Squared None
13 16 | Column-major | Any None 38 152 | Row-major Squared None
14 31 | Column-major | Any None Strassen 39 200 | Row-major Squared, power of 2 | None
15 31 Column-major | Any None 40 82 Row-major Squared None
16 38 | Row-major Any None 41 75 | Row-major Squared Intrinsics (AVX2)
17 8 Row-major Squared None 42 76 | Row-major Multiple of 8 Intrinsics (AVX2)
18 43 | Row-major Any None 43 62 | Row-major Multiple of 8 Intrinsics (AVX2)
U 19 38 Row-major Any None 44 53 Row-major Any Intrinsics (SSE)
nrolled : . . —
20 43 | Row-major Squared OpenMP Intrins: 45 89 | Row-major Multiple of bs Intrinsics (AVX2)
21 33 | Row-major Squared, multiple of bs | None ntrinsics 46 108 | Row-major Multiple of bs Intrinsics (AVX2)
22 23 Column-major | Any None 47 287 | Row-major Any Intrinsics (AVX2)
Kernel Calls 23 89 Column-major | Any OpenMP 48 354 | Row-major Multiple of bs Intrinsics (AVX2)
24 26 | Column-major | Any None 49 44 | Row-major Multiple of bs Intrinsics (AVX2)
25 62 | Column-major | Any Unrolled 50 62 | Row-major Any Intrinsics (SSE)




Strassen and intrinsics

// PO = Ax(F - H): vab0@® = _mm256_setzero_ps();

msub(n, Ypitch, F, Ypitch, H, n, T); vabo1l _mm256_setzero_ps();
mmult_fast(n, Xpitch, A, n, T, n, P[LO]);

// P1 = (A + B)*H ,

madd(n, Xpitch, A, Xpitch, B, n, T); for (int k 0; k < K; k++) {

mmult_fast(n, n, T, Ypitch, H, n, P[1]); float pa = &A[lda * (k + i) + 0];
float pb = &B[1ldb * (k + i) + 0];

// P2 = (C + D)xE
madd(n, Xpitch, C, Xpitch, D, n, T); vbO® = _mm256_load_ps(pb + 8 * 0);
mmult_fast(n, n, T, Ypitch, E, n, P[2]); vbl = _mm256_load_ps(pb + 8 * 1);

_mm256_broadcast_ss(&pal8 * i + 0]);
_mm256_broadcast_ss(&pal8 * i + 1]);

// Z upper left = (P3 + P4) + (P5 - P1) vao

madd(n, n, P[4], n, P[3], n, T); val
msub(n, n, P[5], n, P[1], n, U); e
madd(n, n, T, n, U, Zpitch, Z7Z);

vab0o = _mm256_fmadd_ps(va@d, vbo, vaboo);
// Z lower left = P2 + P3 vab0l = _mm256_fmadd_ps(va@, vbl, vabol);
madd(n, n, P[2], n, P[3], Zpitch, Z + n*xZpitch);
// Z upper right = P00 + PI1 }
dd , , PLO], , PL1]1, Zpitch, Z + ;
madd(n, n, PLol, n, PLII, Zpite ") vc0Q = _mm256_load_ps(C + ldc * @ + 8 % 0);
// Z lower right = (P00 + P4) - (P2 + P6) S
madd(n, n, P[@], n, P[4], n, T); vcod = _mm256_add_ps(vc@o, vaboo);
madd(n, n, P[2], n, P[6]1, n, U); C.
msub(n, n, T, n, U, Zpitch, Z + n*(Zpitch + 1)); _mm256_store_ps(C + 1ldc *x @ + 8 *x @, vc00);

GitHub code in the wild: Also applied to tensor convolutions
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Well known things

My view

Concrete results

Can we go further ?

sSummary



5 approaches to lifting

Neural Compilation [21-7]
- language to assembler translation using NMT/transtormer



Beyond fixed function: Neural Compilation

Significant accelerators will be programmable

- Likely to have specialised prog lang

Code |

Accel

DSL




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 any new lang?
- Automating compiler translation, construction

It so - enable language and architecture innovation

Code

Translate

Accel

DSL




Beyond fixed function: Neural Compilation

—xploit advances in NLP
- Neuro Machine Translation (NMT)

NMT: Transformer model
- supervised translation of natural languages

NMT can perform unsupervised translation
- le automatically translate between existing languages



Beyond fixed function: Neural Compilation

Can we do this for programming languages”

f so - potentially automate construction of compilers between any
two languages

Let’s start with something “easy” supervised C->x86 compilation



Neural Compilation: C->x86 challenges
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Neural Compilation: C->x86 challenges

Exact solutions are needed

- nearly correct un-acceptable
Difficult task for humans

- 50+ years of work
Sequence length

- difference in input/output
Training data
- where is it? Alired . Aho g S8 |

’ L
. N - w4
R(l\ ] S(" l)l ."' 7‘ 2 ‘,"\ '7_ ! rﬂ_n"nt--_:] Fmbac) Al
:o

Eva‘ uatlon leffrey D, Ullman

Peossd s f)ees

Compllers
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Neural Compilation: Train Seq2Seq C->x86

Get compilable Compile them 5 - Trarg?(i?mer Eve(all:(a)ter aor: 1O
C functions into x86 (gcc - FERPRCHECN AR prog

parallel corpus (sequence-to- synthesis
(Anghabench) 00) sequence) benchmark)




Results:

Fib

Correct translation

|O equivalent

Does the same thing

Additional noop
-In ground truth
Additional moves
-In translation

C input

int fib_.n(int n) {
int 1 = 1;
int r = 1;

while (n > 1) {

i

r

n

}

return r;

Model assembler

fib_n:

.LFBO:
.cfi_startproc
pushq %rbp

.cfi_def_cfa_offset 16
.cfi_offset 6
movq %rsp

.cfi_def_cfa_register 6

movl %ed1 , =20 ( %rbp )
movl $1 , -8 ( %rbp )
movl $1 , -4 ( %rbp )
jmp .L2

L3

movl -4 ( %rbp ), %eax
subl =8 ( %rbp ), %eax
movl %eax , -8 ( %rbp )
movl =8 ( %rbp ), %edx
movl -4 ( %rbp ), %eax
addl %edx ., %eax

movl %eax , -4 ( %rbp )
subl $1 , =20 ( %rbp )
L2

cmpl $1 , =20 ( %rbp )
jg .L3

movl -4 ( %rbp ), %eax
popq %rbp

.cfi_def_cfa 7 , 8

ret

, —16

, Jerbp

.cfi_endproc

Ground truth assembler

fib_n:

.LFBO:

.cfi_startproc

endbr64

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

movl $1, —4(%rbp)

jmp .L2

L3:

movl —4(%rbp ), %eax
subl —-8(%rbp ), %eax
movl %eax, —-8(%rbp)
movl —8(%rbp ), %eax
addl %eax, —-4(%rbp)

subl $1, -20(%rbp)
L2

cmpl $1, —20(%rbp)
jg .L3

movl —-4(%rbp ), %eax
popq %rbp
.cfi_def_cfa 7, 8
ret

.cfi_endproc




Results: Search

Correct translation

Non- trivial
- [ry doing this by hand!

Great that it can work

C input
int search(int =arr ,
int v,
int n) {
int 1dx = -1;
for (int 1 = 0; 1 <
++i) {
1f (1dx == -1 &&
arr[i] == v) {
1dx = 1;
¥
¥
return 1dx;
}

n;

Model assembler

- but ¢.30% Is far from practical

- SO0 multi-modal training

[AIPLANS@NeurlPS21]

search:

.LFBO:
.cfi_startproc

pushq %rbp
.cfi_def_cfa_offset 16
.cfi_offset 6, —-16
movq %rsp , %rbp
.cfi_def_cfa_register 6
movq %rdi , -24(%rbp)
movl %es1 , -28(%rbp)
movl %edx , -32(%rbp)
movl $—-1, —-8(%rbp)
movl $0, —-4(%rbp)
jmp .L2

L4:

cmpl $-1, —-8(%rbp)
jne .L3

movl —-4(%rbp ), %eax
movslq %eax , %rdx
movq —-24(%rbp ), %rax
addq %rdx , Y%rax

movl (%rax), %eax
cmpl -28(%rbp ), %eax
jne .L3

movl —4(%rbp ), %eax
movl %eax , —8(%rbp)
.L3:

addl $1, —4(%rbp)
L2

movl —-4(%rbp ), %eax
cmpl =32(%rbp ), %eax
jl .L4

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

.cfi_endproc

Ground truth assembler

search:

.LFBO:

.cfi_startproc
endbr64

pushq %rbp
.cfi_def_cfa_offset 16
.cfi_offset 6, -16
movq %rsp , %rbp
.cfi_def_cfa_register 6
movq %rdi, —-24(%rbp)
movl %esi, —28(%rbp)
movl %edx, —-32(%rbp)
movl $—1, —8(%rbp)
movl $0, —-4(%rbp)
jmp .L2

L4:

cmpl $—-1, —-8(%rbp)
jne  .L3

movl —-4(%rbp ), %eax
cltq

leaq O(,%rax ,4), %rdx
movq —24(%rbp), %rax
addq %rdx , %rax

movl (%rax), %eax
cmpl %eax, —28(%rbp)
jne  .L3

movl —-4(%rbp ), %eax
movl %eax , —-8(%rbp)
L3

addl $1, —-4(%rbp)
L2

movl —-4(%rbp ), %eax
cmpl =-32(%rbp), %eax

jl .L4

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

.cfi_endproc




Mult-lingual/modal translation

C
Build a multi-modal, multi-task model ° |
Pose all tasks (including pre-training) | )
- with same tformat 0 %l> Transformer :ll> s
- works multiple masks S
Opt

C: C function, S, T: assemblers, | input example, O output example, Opt: optimise

<X> x1,x2.. XN </X> <Y> <mask> </Y> =2 <mask> <END>



Types of translation

Compilation C->s
Decompilation s->C

Program Synthesis ,0->C

Binary translation arm <-> X806

Binary Optimisation X86-> smaller x86
Evaluation C,I->0

Latent evaluation ,0,1->0

/ero -shot

- seen target but not direction In training

/ero++

- NOt seen targets
- eg arm -> smaller arm



Highly Preliminary Results

Uses

—xeBench

- Expanded AnghaBench

[MachineProgramming22@

GitHub C code
- Executable code

- |O examples (autogen)

PL

DI]



Highly Preliminary Results

Compilation C->s: 56%
Decompilation s->C 271 %
Program Synthesis |,0->C 21%
Evaluation C,|->0 47 %
| atent evaluation 1,0,l->0 39%
Currently

- training a larger model (1.5B+)

Using models to repair
- predict errors (lots of training data!)
- predict repair (using same/new model)

Uses ExeBench

- Expanded AnghaBench

[MachineProgramming22@

G

tHub C code

- Executable code

- |O examples (autogen)

PL

DI]



Conclusion

Matching Hardware to Software
- enables hardware innovation

Program synthesis and code matching
- big step acceleration

Going beyond simple acceleration requires new approaches
-compilation as neural machine translation

Crtpt




Conclusion

Matching Hardware to Software
- enables hardware innovation

Program synthesis and code matching
- big step acceleration

Going beyond simple acceleration requires new approaches
-compilation as neural machine translation

New technologies + endless automation = bridging software/hardware gap




