Rethinking Compilation: L2



Overview

- L1: Motivation and brief survey of
auto-tuning/machine learning for compilers

- This Lecture: Program rewriting schemes - e-graphs
and equality saturation

- L3: Program embeddings and Graph Neural Networks

- L4: Program synthesis and neural synthesis

- L5: Neural Machine Translation, Transformers and
Large language models



Optimization Features

Program Classifiers

Program Neural Models
Search Generative

Models




| ecture Structure

Why Rewrite?

Rewrite Rules in LLVM and GCC
Scheduled Rewrites: LIFT and Halide
Exploration-Based Rewrites: EGraphs
Large-Scale Rewrites: IDL and FACC

A e A



Why Rewrite?

. Cannonicalize
o Easier to write other optimizations
o Remove challenging constructs

. Better Performance

e EXxplore programs equivalent by construction



Why Rewrite?

. Simple to Conceptualize
- Close to code

. Simple to write

- <Pattern> — <Replacement>

. Simple to compartmentalize



Rewrite Rule Examples

. X7-1T -5 -X

. (Unroll)

. <FFT> — <Accelerator>



Rewrite Rules in GCC

. See match.pd
- Lisp-based DSL

/* X/ -X is -1. */
(simplify
(div:C @@ (negate @90))
(1f ((INTEGRAL_TYPE_P (type) || VECTOR_INTEGER_TYPE_P (type))
&& TYPE_OVERFLOW_UNDEFINED (type)
&& linteger_zerop (@9)
&& (!flag_non_call_exceptions || tree_expr_nonzero_p (@0)))
{ build_minus_one_cst (type); })))

Conditions



Rewrite Rules in MLIR

. Rewriter uses Tablegen

. Pattern class:

class Pattern<dag sourcePattern, list<dag>
resultPatterns,

list<dag> additionalConstraints =[],

dag benefitsAdded = (addBenefit 0)>




MLIR Rule Example [1]

def AOp : Op<"a_op"> {
let arguments = (ins
AnyType:$a_input,
AnyAttr:$a_attr
);
let results = (outs
AnyType:$a_output
);
}

def COp : Op<"c_op"> {
let arguments = (ins
AnyType:$c_input,
AnyAttr:$c_attr
);
let results = (outs
AnyType:$c_output
);

}

def : Pat<(AOp $input, $attr), (COp S$input,
$attr)>;




Limits of Traditional Approaches

. Scale — How to Handle Massive Patterns?
. Phase-ordering — When to apply what?

. Rule selection — How to deal with lots of rules?



LIFT [3]

. Aim: Rewrite Exploration for code optimization

C Code DSLs / Skeletons
[for loops| [matrixmul| [stencil] ]
\)Lvering
GUEo., . . Generic Functional IL/IR
parallelization
1) [rmap ] educe] (o ][]
map parallelism
é fi_xed + optimization [19]
|mplementat|t.)ns map parallelism
+auto-tuning + optimization

[2.18]] 4 code generation OpenCL Lift IL/IR

(3,5,6,9,10,17,22] mapGlobal -]

code
generation

v y v [this paper]
[GPU code] [GPU code] [GPU code]  [GPU code]

Figure 1. GPU code generation landscape.




What does LIFT Address?
. Which rules to apply?

. When to apply them?

. Key design: “to preserve algorithmic information for
as long as possible in the compiler”

B



LIFT Rewrite Example: Matrix Multiplication

Lowering [15]

nFun(n=>

fun(offsets:[int], +1 =>

fun(values:[i H[float]toNat(offsets@(i+1)-offsets@i)]n S
values :>> map(reduce(+, 0.0f)) ) ))

S o I S R

Listing 6. Sum of rows for CSR matrix

for i in @0...n

float accum = 0.0f

for j in 0...toNat(offset@(i+1)-offset@i)
accum += (matrix@i)@j

output@i = accum;

Ul = W N =

We replace the map and reduce patterns with a for loop
and explicit array accesses. Additional memory buffers im-
plied in the functional expressions are generated. Multiple
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Limits of LIFT

. Slow (big search space)

. Large-Scale pattern matching still a challenge



Halide [4]

. Separate Algorithm from Schedule

- Algorithm:
bh(x, y) = (in(x-1, y) + in(x, y) + in(x+1, y))/3;
bv(x, y) = (bh(x, y-1) + bh(x, y) + bh(x, y+1))/3;

. Schedule:

bv.tile(x, y, xi, yi, 256, 32)
.vectorize(xi, 8).parallel(y);
bh.compute_at(bv, x).vectorize(x, 8);




What does Halide Address?

. What Rules to Apply?

. When to Apply them?

. Handles large blocks of code



Limits of Halide

. Hard to write: basically exposing a raw
compiler API



Making Halide Easier to Write:

Autoscheduling [9]

Halide program
(‘mge'gg’;’:;‘;s'"g Halide schedule -
r
/ \(:nappmg of algorithm) Code Ganamion
Var X, Y3 Human Expert
Func f,8; knowledge of code optimization f.tile(x,xo,xi.. Platform-optimized
f(x,y) = ... and hardware architecture) / f.vectorize(xi,8) > binary

Program Function DAG Function Bounds |

Analysis

A

estimated size of Autosched
inputs/outputs sl Bounds and footprint information

S

Figure 1: Our system automatically generates schedules for Halide programs, a task currvently performed by expert Halide programmers.



General Approaches to Autoscheduling:

Sketch-based [13]

AutoTVM Workflow Auto-scheduler Workflow
Step 1: # Matrix multiply # The same
Write a compute
definition C = te.compute((M, N), lambda x, y:
te.sum(A[x, k] * B[k, y], axis=k))

(relatively easy part)

# 20-100 lines of tricky DSL code # Not required

# Define search space
5 2. cfg.define_split("tile_x", batch, num_outputs=4)
ﬁgp 3 cfg.define_split("tile_y", out_dim, num_outputs=4)
Write a schedule
template

# Apply config into the template

(difficult part) bx, txz, tx, xi = cfg["tile_x"].apply(s, C, C.op.axis[@])
by, tyz, ty, yi = cfg["tile_y"].apply(s, C, C.op.axis[1])
s[C].reorder(by, bx, tyz, txz, ty, tx, yi, xi)
s[CC].compute_at(s[C], tx)

Step 3: tuner.tune(..) task.tune(..)
Run auto-tuning
(automatic search)




General Approaches to Autoscheduling:

Exploration-Based [14]

TRAINING

learned i benchmark
cost model performance
guides |
4 importance

tree search ample
on schedules

| random Halide
| algorithms

AUTOSCHEDULING

el fine-tune with autotuning

cost model benchmark ™ fast
performance gl schedule’

guides | :
N importance
. ample

inPut Halide tree search
algorithm on schedules direct
search optimum T T



General Approaches to Autoscheduling:

Exploration-Based [14]

greedy beam search
- (geomean = 1.37x) (geomean = 2.29x)
2 10x
vy
<
£ 5x
)
>
S 2x
Q.
7
o ] IX =
o 0.5x
wv

Performance relative to exiting autoscheduler



Making Halide Easier to Write,

‘er;

programmer

Schedule Synthesis [6]

provides

term,

...............................

term,

................................

term,

term,,,




Egraphs [7]
. Intuition: Apply Every Rule at Once

/) '
W s 2 e L
) =) U
ali (2] (1)

(a) Initial e-graph  (b) After applying rewrite  (c) After applying rewrite ~ (d) After applying rewrites
contains (a X 2)/2. XX2-ox <1 (x Xy)/z > x X (y/2). x/x > land 1 X x — x.



Egraphs: Strategy

1. Generate Equivalence Classes using Rewrite
Rules (equality saturation [Equality Saturation]
2. Solve for best graph (e.g. with ILP) [EGraphs]

Input Initialize Extract Optimized
[ Term | ‘ E-graph Term

Apply Rewrites




What Do EGraphs Solve?

. What Rules to Apply?

. When to Apply Them?



Egraphs: Intuition [FlexC

Rewrite Rule-""" ~apf s r5 ~_Equivalent
Applications ./\. T Programs
ST < L ;
4%67&4»

(W € e, S €15

(a) In the exploration problem, the expression in green is the optimal
choice for this CGRA, but may never be reached in a greedy applica-
tion of rewrite rules, which will reach the red state instead.

- ri

P > r5 r2
& —® = @)
r3

(b) In the cycle problem, A greedy rewriter may get stuck in a cycle
due to cyclical groups of rules, preventing it from finding the optimal
state.

\@1) ri @ rs L€, r2 =@

(c) In the cost-trap problem, A greedy rewriter can get stuck in state

e, as e3 is a less valuable state.



Challenges of EGraphs

. Computation Time

. Handle Large Rules?



Case Study: Denali [2] (2002)

i
L Matcher

E-graph

{
i

architectural | Constraint
description Generator

SAT problem

SAT solver

\/
assembly program




Case Study: Why didn’t Denali take

off? [2]

- Lack of Computer Power in 2002 (SAT Solver Costly)
- No plug-and-play library
- Straight-line code only



Egraphs: Memory Usage (6]

provides . sketch, :J guides | i sketchy| goal f_ isketch,,,

5 cost, cost, costy.,
programmer rules, rules, rulesy,,
search, searchy searchy, ,

termg g i S ke term, termy,,




Egraphs: Memory Usage [O]

term,_,

........

satisfying S ket C h 1}

s i
'/ \\ minimizing costlx
’ I'A ..................
mmalzze’ e-graph extract o term,
]
search,

- Key concept: Reduce Search Space




Egraphs: Memory Usage [0]
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(d) sketch-guided equality saturation
parallel (found: V)



Egraphs: Computation Time [8]

Embedding Procedure RL Agent
Initial AST E-Graph E-Graph Embedding
Actor GNN

& < — )

° 0 _) ;@ — Critic GNN
Encode
O |GHYG) =
N

e

Apply Rewrite Rule to E-Graph

- Key concept: Direct Search Space



Large-Scale Rewrites [10]

. Why?
- Optimize large chunks of code (e.g. matmul)

. Challenge:

— Cannonicalization is hard at scale



Large-Scale Rewrites [10]

lnPUt |dl(.)m. Domain Specific
Program Description Code Generators

—
C/C++ IDL

lib

[ ! object
optimized X Constraint LLVM IF} c 3
LLVM IR l Formula — + » o=
DSL code
Binary
Constraints N

Solver L |LLM IR+ TP (C

i lib call 4
lib (—
Code extraction object |

Vendor Libraries




Cannonicalization at Scale [11]

void recursiveFFT(...) {

recursiveFFT (...);

A
}
Two methods of
implementing FFTs Code
Mismatch
W
Optimized Library

optimized iterative fft(...){
forltios)

forf )



IDL: Large Patterns [10]

. Use constraint solving and a DSL for pattern

matching:

Input Idiom Dom
Program Description od

Code S
— %o
C/C++ IDL Q

N lib
\ 4 N \ object
optimized Constraint| B
LLVM IR l Formula — BLQILMcIoRd; > c-:
Binary
Constraints 1
Solver [y |LLVM IR + » )
i lib call A
> lib
Code extraction — obiject
) Vendor Libraries




IDL Example [10]

Constraint FactorizationOpportunity
( {sum} is add instruction and
{left_addend} is first argument of {sum} and
{left_addend) is mul instruction and
{right_addend} is second augment of {sum} and
{right_addend} is mul instruction and
( {factor} is first argument of {left_addend} or
{factor} is second argument of {left_addend}) and
( {factor} is first argument of {right_addend} or
{factor} is second argument of {right_addend}))

- Hard to read
- Hard to write

O 00 1O U W =

—
(=]

11 End

Figure 2. IDL formulation of (x*y)+(x*z) pattern



Challenges of IDL: Pattern Size [10]

. Very very hard to read/write/compose

Constraint SESE

( {precursor} is branch instruction and
{precursor} has control flow to {begin} and
{end} is branch instruction and

{end} has control flow to {successor} and
{begin} control flow dominates {end} and
{end} control flow post dominates {begin} and
{precursor} strictly control flow dominates
{begin} and

{successor} strictly control flow post dominates
{end} and

all control flow from {begin} to {precursor}
passes through {end} and

all control flow from {successor} to {end}
passes through {begin})

End




Challenges of IDL: Pattern Size with

Synthesis as a Solution

A t _t Library Centric SYNTHESIZED CONSTRAINTS
= u OI I Ia e LIBRARY FUNCTIONS 'MPLEMENT‘_\TIONS Constraint dgemv (
declare void dgemv(...) { {x} is add inst
.l:.t dgemv(...) //synthesized code GENERALIZE and ...
pa ern opt_dgemv(...) SYNTHESIZE } )
.. sgftmax(...) s Constraint dot (
Wr -t n fir_1d(...) declare void dot(...) { {x} is mul inst
I I S;; relu(...) //sythesized code and ...
dot(...) } )
INLINE SEARCH
R e d u C e Prog ram Centric INLINED USER CODE MATCH RESULTS
do i=1,nlocs found "dot" at ...
: e val = valux(d)"y(1) seARcH with (x, y)
Learn I n dO i=1, nlOCS INLINE sn __(; N PR
val = val+x(i)*y(i) Orl=ly found "dgemv" at ...
end do do j=1,M with ...
Cu rve call dgemv(..., X, ...) // dgemv loop
s REPLACE
L OVE SER CO
Ta— IMPROVED USE DE

call dot(nlocs, x, y)
call opt_dgemv(..., x, ...)



Challenges of IDL: Mismatch

void recursiveFFT(...) {

.;écursiveFFT(...);
) A

Code
Mismatch

Optimizedeibrary

optimized iterative fft(...){
for (...)

for (...)

struct complex float {
float real;
float im;

};

void FFT(
float *real,
float *imag,
mton) f o}

Data

Mismatch
\J
Optimized Library
fftw call(
complex_float *acc input,
complex_float *acc output,
int length,
int direction
)

void mixed radix_fft(
float complex *in,
float complex *out,
int len) {

if (len % 2 == 0)
radix 2 step(....)
else if (len % 3 == 0)

} A

Domain
Mismatchv

Analog Devices FFTA
(Power of 2 Only)
fft accel(
float complex *input,
float complex *output,
int len

void DenormalizedFFT (
complex *input,
complex *twiddles,
int n) {

3 e .

Behavior
Mismatch

NXP PowerQuad

fft (
complex *input,
complex *output,
int length

)

PrograML Neural Embeddings
Used to Identify Code

Automatically Compute to/from
Types
for (Lin) o
real[i] =
input[i].real;
imag[i] =
input[i].im;

Range-Check: Fallback
to User Code

if (inputs in range) {

fft_accel(...)
} else {

}

mixed radix fft(...)

Program Synthesis to Equalize
Behaviour

accelerator(....)
denormalize (output)




Synthesis as a Solution [11]

BRI
SW / [Mismatch /Accelerator/

User Code

FACC-Generated Adaptor
Code and pattern may not match: generate

code so that they do.



FACC Strategy (for APIs)

Range and

. . Accg]erator is (size,in,
1. Use ML to identify code to i por |
PrograML e
match coriie [ JURR  wowan
2. Use program synthesis to ginding [ 28 | [ Aol | [ m | [
. . Synthesis |_x - size B.. size 27X . size X size
bind it to the pattern isics TR AT -
p . & anstraints s W M Ax:i:iiz":;
3. Use program synthesis to P e s s
make behaviours line up e
4. Test using 10 to determine Caresian
correct synthesized 1O Tt [12.‘.41
prog fam Equi*\:/galller_uce 2::2:;‘3;‘ size.in.
iltering X . size

Generate and Test




FACC Output: Binding Code to APIs

[11]

[ Has length len (inferred) J
0 = —
complex *data, int direction, int len
User codeland i ,
APl are written
differently prebind Dostbuwd\\\ prebind
o N N

complex *input, complex *output, int N
Has length N (part of API)




FACC Output: Binding Code to APIs [11]

complex »FFT_accel(complex «x, int N) {

// Check for wvalid inputs to accelerator
if (is_power_of two(N) && N <= 65536) {
// Bind user inputs to accelerator

int len = N;

#pragma align 64
complex_float output[len];
complex_float input[len];

- Orange: Range Check P —

input[i].re = ].real;

u [} X[i
_ - _ : T s
Grey: Pre-Binding e iy
. . . // Call acc}elerator
- Pink: Post-Binding pasel. g Ganl s nifighc Jeal
. . for {in't j =_0; j =< N j.++') {
- Green: Behavioural Synthesis i
}// De-normalize outputs
for (int k = 0; k < N; i ++) {
x[k].imag = N;
x[k].real »= N;
} Llse { // Not wvalid accelerator input

// Fallback to user code.
UserFFT(x, N);



FACC Output: Binding Code to APIs [11]

< 5

< 6 10

) 3 9 301 mmm Neural Classifier DFT
() L) 4 i

Es541 % & L | . FACC 10 /\

= B IDL

'8 103 .

20-

E 102 i

o 15 A

s 1

S 16/ 10! - ‘ J I J

c

M

£ 5 100 -

g 1 e o mn wp By wm owm | —1

b Ol =5 =5 =5 =y =y =g sy | (01

11 12 13 14 15 16 17
PrOJect Number



What does FACC Address?

. Handles Large Blocks of Code



Limits of FACC

. Does not tell you when to apply rewrites

. No correctness guarantees



Guaranteed Correctness with SMT




Mosiac: Integrating Large-Scale

Rewrites into a Compiler [12]

- Large-Scale Rewrites for a Tensor compiler

- Integrate large-scale pattern matching and
traditional optimization

- Prove transformations correct



Mosiac: Integrating Large-Scale

ewrites into a Compiler [12]

Example Input Program —{ Step 2: Operator Pattern Matching Step 4: Tiling Validation § Tile ;
// Tensor<int> Addition @ Match to AVX! Check for legal mappings k || k }:E
ACi, 3) = B(i, J) * (i, k) * DCk, 3) \\ Solver Code - -
A.register(TblisIntVechdd(), @ AVXI.MVCCMU.K.) \\ Generated by Mosaic Ll ! ‘
AvxIntVecMul (), Capjbllﬂ_yém'lplnﬂi s = 23 50lver0) ] [:! ‘
CblasIntDotprod(), 2k =Tk¥ Yk s.add(j < j.dim()) HEEEIN
Gs1FloatMatMul()) @ @ when k == ¢ s.add(j == 4) C D
Step 1: Filter External Functions Step 3: Tensor Index-Variable Matching Step 5: External Function Call
R Add Kemek // AvxIntAdd()
move emels Az‘j — Bij * Cik * ij _mZSG_mul_ps(’opl, Opg)
A w
|

BLAS SEeE Order-Reduce G Order-Reduce D EEED [_Fh}_]_']
Remow: al S T S-S L - |
CblaslntDas d Kemels ) Order-Reduced Order-Reduced
GSL Since AvxIntVecMul() can only compute on vectors Tiled G Tiled D
Gs1FloatMatMul

Fig. 9. Steps in the automatic searching process.

e Commutativity e Split Reduction ° ég:‘ol:/le:lirlg) o @ -
oo T @ Joi ) T @
i » @‘@@,@\@ o™ @ o,
b5

© @ © © ©

S (A +Biu+Cy) 3 (A +Ciyi+ Ba) 3 (A4 +Cy) + Y Bie D (4 +Ci +0)+ > By




Limits of Mosiac

. Large effort to integrate new APls

. No overhead removal



Future Directions for Rewrite Rules

. Full system handling:
- Automatic rule selection
- Large-scale rules

- No programmer interaction



FlexC: Rewriting with EGraphs

9]

Heterogeneous CGRAs may not support all
operations.

Key concept:
- Rewrite code to use only supported ops



FlexC: Rewriting with EGraphs

for (i =0; i <h + 5; i++)
CCA-like Accelerator Adapted from DSAGen {

tmp[0] = (src[0] + src[1l]) * 20 - (src[-1] + src[2]) *
tmp[1] = (src[1l] + src[2]) * 20 = (src[O] + src[3]) *

\.'ﬂ/ \EJ_/ \5{/ \E/ \E/ IR TIsE Original Code

src += srcStride;

+ (src[-2] + src[3]) + pad;
+ (src[-1] + src[4]) + pad;

(S0,

(No Arithmetic: Logic Unit Only Has: * and -

Unsupported by CGRA
l Rewrite

V
-

ﬁor (1=0; 1 <h+ 5; i++) FlexC Rewriter: \
{ Has: Logic and +
\w/f N\w/| N\w/| /| [\w/ a = src[0] + src[1]; Supported by CGRA
b = src[-1] + src[2];
c = src[l] + src[2];
d = src[0] + src[3];

tmp[0] = (a << 4 + a << 2) +/=1 2 (b << 2 + b) #+1 + (src[-2] + src[3]) + pad;
(OpenCGRA Loop tmp[l] = (c << 4 + c << 2) + -1 & (d << 2 +d) + 1 + (src[-1] + src[4]) + pad;
Nodes) tmp += tmpStride;

src += srcStride;
\_ J




1.

FlexC: Rewriting with EGraphs

Rewrite using
traditional
rules (fast)

If no match
found use
EGraphs
(complete)

Rewrite
Input Exploration
Program Equality
Loop —{ Saturation
(DFG)
Rewrite
—
Rules
FallbackT
CGRA 1
Specification
Greedy

9]

7 Best

Candidate

CGRA
Compiler




FlexC: Rewriting with EGraphs

El

Stochastic
Ruleset :

0.7 @@ OpenCGRA

¥ LLVM Rewriter
Greedy Rewriter

0.6 wmme FlexC

0.5 1

0.4 5

0.3 1

0.2 1

Fraction of Loops Compiled to Accelerator

0.1

L y { o | ) O o O LA
CCA Maeri REVAMP SC-CGRA
Architecture

0.0



Summary

- Rewrites are a powerful tool:

- Rewrites present key challenges:
- What rule to apply?
- When to apply rules?
- How to scale?
- Research Projects to address key challenges:
- LIFT/Halide
- FACC/IDL
- EGraphs



Overview

- L1: Motivation and brief survey of
auto-tuning/machine learning for compilers

- L2: Program rewriting schemes - e-graphs and
equality saturation

- Next lecture L3: Program embeddings and Graph
Neural Networks

- L4: Program synthesis and neural synthesis

- L5: Neural Machine Translation, Transformers and
Large language models
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