
Rethinking compilation: L1
Alexander Braukmann, Jordi Armengol Estape, Jose Wesley Magalhaes. 

Michael O’Boyle, Jackson Woodruff



• This lecture: Motivation and survey of auto-tuning/machine learning for 
compilers


• L2: 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

Overview



1

2 3

4 5

Optimization Features

Neural Models

Program Classifiers

Generative 
 Models

Lifting

Program  
Search



What is compilation


Why do we need new technicues


Automation


Search/ Auto-tuning/ Iterative compilation


ML for compilation


Features, models and applications


Summary



What is Compilation?

C x86

void add(int *list, int val, int n) {
  int i;
  for (i = 0; i < n; ++i) {
    list[i] += val;
  }
}

void add(int* dest, int* src, int n) {
  if (n <= 0) {
    return;
  }
  // If n is smaller than 2, use a loop
  // to add the values
  if (n < 2) {
    for (int i = 0; i < n; i++) {
      dest[i] += src[i];
    }
    return;
  }

  // Align dest pointer to
  // 16-byte boundary
  int* aligned_dest = (int*) 
     (((uintptr_t) dest + 15) & ~15);

  // Calculate the number of elements
  // before the aligned dest pointer
  int pre_count = (aligned_dest - dest);

  // Add the unaligned elements
  for (int i = 0; i < pre_count; i++) {
    dest[i] += src[i];
  }

  // Add the aligned elements
  int count = (n - pre_count) / 4;
  __m128i* sse_src =
        (__m128i*) (src + pre_count);
  __m128i* sse_dest =
        (__m128i*) (aligned_dest);
  __m128i xmm1 =
        _mm_loadu_si128(sse_src);
  for (int i = 0; i < count; i++) {
    __m128i xmm0 =
      _mm_load_si128(sse_dest);
    xmm0 = _mm_add_epi32(xmm0, xmm1);
      _mm_store_si128(sse_dest, xmm0);
    sse_src++;
    sse_dest++;
  }

  // Add the remaining elements
  int remaining = n - 
    (pre_count + count * 4);
  for (int i = 0; i < remaining; i++) {
    dest[pre_count + count * 4 + i] += 
       src[pre_count + count * 4 + i];
  }
}

   int now = *len;
   while (now > 1 && val > array[now >> 1]) {
      array[now] = array[now >> 1];

      now >>= 1;

      array[now] = val;

   }

BTC
(Decompiled from O0)

void add(int *param_1, int param_2, 
         uint param_3) {
  uint uVar1;
  int *piVar2;
  int *piVar3;

  if (0 < (int)param_3) {
    if (param_3 - 1 < 3) {
      uVar1 = 0;
      do {
        param_1[(int)uVar1] =
          param_1[(int)uVar1] + param_2;
        uVar1 = uVar1 + 1;
      } while ((int)uVar1 < (int)param_3);
      return;
    } else {
      piVar2 = param_1;
      do {
        piVar3 = piVar2 + 4;
        *piVar2 = *piVar2 + param_2;
        piVar2[1] = piVar2[1] + param_2;
        piVar2[2] = piVar2[2] + param_2;
        piVar2[3] = piVar2[3] + param_2;
        piVar2 = piVar3;
      } while (piVar3 = param_1 +
        ((ulong)param_3 >> 2) * 4,
        piVar2 != piVar3);

      uVar1 = param_3 &
        0xfffffffc;
      if ((param_3 & 3) == 0) {
        return;
      }
      param_1[(int)uVar1] =
        param_1[(int)uVar1] + param_2;
      if ((int)(uVar1 + 1) < 
          (int)param_3) {
        param_1[(int)(uVar1 + 1)] =
          param_1[(int)(uVar1 + 1)] + 
          param_2;
        if ((int)(uVar1 + 2) < 
            (int)param_3) {
          param_1[(int)(uVar1 + 2)] =
            param_1[(int)(uVar1 + 2)] + 
            param_2;
          return;
        }
      }
    }
  }
}

Ghidra ChatGPT
2

.globl add

.type add, @function
add:
.LFB0:
.cfi_startproc
endbr64
movq %rdi, %rcx
testl %edx, %edx
jle .L1
leal -1(%rdx), %eax
cmpl $2, %eax
jbe .L6
movq %rdi, %rax
movl %edx, %edi
movd %esi, %xmm2
shrl $2, %edi
pshufd $0, %xmm2, 

       %xmm1
subl $1, %edi
salq $4, %rdi
leaq 16(%rcx,%rdi),%rdi
.p2align 4,,10
.p2align 3

.L4:
movdqu (%rax), %xmm0
addq $16, %rax
paddd %xmm1, %xmm0
movups %xmm0, -16(%rax)
cmpq %rdi, %rax
jne .L4
movl %edx, %edi
andl $-4, %edi
testb $3, %dl
je .L9

GCC O3:

.L3:

movslq %edi, %rax

leal 1(%rdi), %r8d

salq $2, %rax

addl %esi, (%rcx,%rax)

cmpl %r8d, %edx

jle .L1

addl $2, %edi

addl %esi, 4(%rcx,%rax)
cmpl %edi, %edx
jle .L1

addl %esi, 8(%rcx,%rax)

.L1:

ret

.p2align 4,,10

.p2align 3

.L9:

ret

.L6:

xorl %edi, %edi

jmp .L3

.cfi_endproc
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Fig. 1. Comparing decompilation techniques to the ground-truth. We compile the original code (box 2) using GCC O3 and then decompile with each technique.
As BTC was trained on O0 code, we use O0 to evaluate it. We can see that Ghidra (box 1) and ChatGPT (box 3) produce very difficult to read code and in
ChatGPT’s case, the code is incorrect, adding two arrays together rather than adding a constant to an array. BTC (box 5) produces significantly more readable,
but also incorrect, code. SLaDe (box 6) produces readable, correct code.

a) Input Output (IO) Accuracy: A typical definition of
semantic equivalence is to use behavioural equality. That is,
for some functions c 2 C and s 2 S over some domain
D: 8x 2 D.s(x) ⌘ c(x) . This is undecidable for domains
where D is infinite, which is frequent in practice. To make this
notion of equivalence decidable, we instead use input/output
equivalence on finite subsets. That is, we select some finite set
F ✓ D and then seek to prove that:

8x 2 F .s(x) ⌘ c(x) (3)

This process is decidable provided we assume that c or l

terminates. In practice, non-termination is rare and we assume
non-equivalence in cases on non-termination. This process
used for compiler testing in [19] is successfully used in eval-
uating standard decompilers in [20]; this paper is the first to
use it on neural decompilation. As the size of the finite subset
increases, our confidence increases that the programs are truly
equivalent also increases, but is only guaranteed in cases where
D is finite and fully-explored. In many case tighter bounds
on equivalence can be found via model-checking and other
techniques [21].
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uating standard decompilers in [20]; this paper is the first to
use it on neural decompilation. As the size of the finite subset
increases, our confidence increases that the programs are truly
equivalent also increases, but is only guaranteed in cases where
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What is compiliation?
Translation - must be correct  

Optimisation:  go faster, smaller, cooler. 
• Hide complexity,  machines are not Von Neumann

Exploit architecture features 
• Parallelism + Memory management 

  
Gap  between peak and actual performance widening 
• can compilers help?

C x86



What is compiliation?
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Compiler structure

source Front
End

HL
AST

Restruct HL
AST

Middle
End

Low
IR

Back
End

assembler

• Front end translates “strings of characters” into a structured abstract syntax
tree

• Middle end attempt machine independent optimisation. Can also include
“source to source” transformations - restructurer - outputs a lower level
intermediate format

• Many choices for IRs. Affect form and strength of later analysis or optimisation

• Backend: code generation, instruction scheduling and register allocation

M. O’Boyle Compiler Optimisation January, 2014
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Syntax Analysis x − 2 ∗ y

expr

opterm

id − term expr

expr

op

* term

id

y

number

2

x

Impact on binding of operators. x − 2 ∗ y is parsed as x − (2 ∗ y).
What about x ∗ 2 − y?

M. O’Boyle Compiler Optimisation January, 2014
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The Abstract Syntax Tree
expr

opterm

id − term expr

expr

op

* term

id

y

number

2

x

−

x *

2 y
The straightforward parse tree has many intermediate steps that can be eliminated

This cutdown tree is known as the abstract syntax tree and is a central data
structure used by compilers

M. O’Boyle Compiler Optimisation January, 2014
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Code Generation

−

x *

2 y

1

2 3

4

5

loadI @x -> r1 1
loadA0 r0,r1 -> r1 1
loadI 2 -> r2 2
loadI @y -> r3 3
loadA0 r0,r3 ->r3 3
mult r2,r3 -> r3 4
sub r1,r3->r3 5

3 registers used

M. O’Boyle Compiler Optimisation January, 2014

[3]

-
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Optimisation

Generate more efficient code -eliminate redundancy

a = b*c +d t = b*c
e = 2-b*c a = t +d

e = 2- t

Different traversal - less registers

−

x *

2 y 12

34

5 loadI @y -> r1
loadA0 r0,r1 -> r1
loadI 2 -> r2
mult r2,r1 -> r1
loadI @x -> r2
loadA0 r0,r2->r2
sub r2,r1->r2

M. O’Boyle Compiler Optimisation January, 2014

[3]
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Moore’sLaw is coming to an end  
Hardware/Software contract breaking down

  50 years of Moore’s Law   
  - Enabled the  digital age  
  - Basis for software investment and  growth 



Rethinking the Hardware/Software Contract

?

Hardware/software contract breaking down

Technology trends means 
- Hardware specialised or heterogenous

Software cannot fit on new hardware

Heterogeneous crisis 
- hardware stalls as software cannot fit



Program x86 Hardware

Program OpenCL Hardware

Program clBLAS
Halide Hardware

Constant change means any solution must work for any API, any DSL 
   On both sides of interface.                                      Need to automate



What is compilation
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Automation


Search/ Auto-tuning/ Iterative compilation


ML for compilation


Features, models and applications


Summary



Automation
1950s,  

• auto-programming to auto-optimisation 
2005 onwards: 

•  Software-gap due to multicores.  
2010 onwards: 

• Rapidly changing hardware 
1990s to 2010s  

• Auto-Tuning/ML  due to poor compiler performance



Automation 1990s to 2010s   
The case for  evidence based approaches  

including search and predictive models 
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Loop Restructuring: Loop Unrolling

Used for exploiting Instruction Level Parallelism

Always legal - take care of epilogue using index splitting

Do i = 1, 100
a(i) = i
Enddo

Do i = 1, 100, 3
a(i) = i
a(i+1) = i+1
a(i+2) = i+2

Enddo

Do i = 100,100
a(i) = i

Enddo
Non-convex iteration space after transformation - steps. Causes difficulties for
dependence analysis. Can normalise loop though

M. O’Boyle Program Transformations February, 2014
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Tiling = strip-mining plus interchange

Do i =1, N

Do j = 1,N

a(i,j) = a(i,j) +b(i)

Enddo

Enddo

Do i =1, N,s

Do j = 1,N,s

Do ii = i, i+s-1

Do jj = j,j+s-1

a(ii,jj) = a(ii,jj) +b(ii)

Enddo

Enddo

Enddo

Enddo
Do i =1, N

Do j = 1,N,s

Do jj = j,j+s-1

a(i,jj) = a(i,jj)+b(i)

Enddo

Enddo

Enddo

Strip-mine by factor s Non-convex space
Interchange placing smaller strip-mine
inside

M. O’Boyle Program Transformations February, 2014
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M. O’Boyle Program Transformations February, 2014

UNROLLING Tiling = Strip-Mine + Interchange

Tiling and Unrolling. What are the best values?
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for ( i=0; i<N; i++) { 
   for ( j=0; j<N; j++){ 
      for ( k=0; k<N; k++){ 
           C[i][j] += A[i][k]*B[k][j]; 
         
What is the best tile and unroll factors for 
MxM? 

Many papers with definitive 
answers on either but not both 

Empirical evaluation 

ATLAS [5] and Bodin [4] 

MxM: Tiling and Unrolling
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UltraSparc: space within 20% of minimum N = 400
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U
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Minimum at: Unroll = 3 and Tile size = 57.

Near minimum: 2.6%. Original 4.99 secs, Minimum 0.56 secs

M. O’Boyle Adaptive and Profile Directed Compilation March, 2014
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Alpha: space within 20% of minimum N = 512
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Tile Size

Minimum at: Unroll = 4 and Tile size = 85.

Near minimum: 0.9%. Original 31.72, Minimum 3.34, Max 81.40 !

M. O’Boyle Adaptive and Profile Directed Compilation March, 2014

Minimum at 
- Unroll = 3, Tile =57 
- 2.6% of space near minimum 
- 10x between Original and Best 

Minimum at 
- Unroll = 4 Tile =85 
- 0.9% of space near minimum 
- 10x between Original and Best 
- Worst: 3x slower 
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R10000: N = 512
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M. O’Boyle Adaptive and Profile Directed Compilation March, 2014
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Pentium Pro: space within 20% of minimum N = 400
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Minimum at: Unroll = 19 and Tile size = 57.

Near minimum: 4.3%. Original 4.88 Minimum 1.43

M. O’Boyle Adaptive and Profile Directed Compilation March, 2014

Minimum at 
- Unroll = 4, Tile =85 
- 7.2% of space near minimum 
- 2x between Original and Best 

Minimum at 
- Unroll = 19! Tile = 57 
- 4.3% of space near minimum 
- 3x between Original and Best 

Despite  100s of papers, no prior scheme was correct! 



50+ years 

Fundamental reason is complexity and undecidability 

• data to be read in 

• processor architecture behaviour is complex 
• O-O execution and cache have non-deterministic 

behaviour

Why compiler heuristics fail



Optimization space hard 
– especially if hardware changes 

All compiler analysis 
– FAILED 
– MxM: most studied benchmark 

Empirical evidence  
– rather than theory 

2 ways forward 
– Search : Auto-tuning 
– Machine Learning: Automatic learning

The case for automation



What is compilation
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Search/ Auto-tuning/ Iterative compilation


ML for compilation
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Summary
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Evolution of PDC

PDC one compile

Compiler executableprogram

data

results

0

Compiler executable

data

profile

results0 1

1

Iterative: multiple compiles

Compiler executableprogram

data

results

0

profile

0

M. O’Boyle Adaptive and Profile Directed Compilation March, 2014

Profile directed compilation [6] 
• Collect some information  
• Use to improve program performance  
 

Performance gains modest 
• Focuses on persistent control-flow 
• All other information ignored  

Profile-directed to Iterative Compilation
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Phase Order

Steering

Front end Back End

Objective
Function

code

Cooper has found improvements up to 25% over default sequences.

Examined search heuristics that find good points quickly.

However, evaluation approach is strange and results don’t seem portable.

M. O’Boyle Adaptive and Profile Directed Compilation March, 2014

Cooper [7] up to 25% over default.. 
• Focussed on code size  
• Noise in execution time 

• Leather[17[  addressed this with raced profiles 
• Look at problems where signal>noise

Search: Phase Ordering 

GA, Hill-climb, Gradient decent 
• Many many  papers!   

Systematic evaluation:  
• What about random?
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Figure 2. Performance with respect to evaluations for the random (RAND) and genetic (GA) search
algorithms on the TI (a) and AMD (b). The x-axis denotes (logarithmic scale) the number of evalu-
ations performed by each search. The y-axis denotes the best performance achieved so far by the
search; 0 % represents the original code performance, 100% the maximum performance achievable.
Results averaged over all benchmarks

Furthermore, such a complex model will require extensive
training data, which may be costly to gather and is unre-
alistic in practise. In this section we consider two differ-
ent models which try to summarize the optimization space
without excessive overfitting. We consider (i) a simple inde-
pendent distribution model and (ii) a more complex Markov
model. Both of these require relatively small amounts of
training data to construct and should be easy to learn (see
section 5).

4.1 Independent identically distributed
(IID) model

It makes sense to start with the simplest approach first:
modelling program transformations as if they were inde-
pendent. We know that this assumption does not hold in
general, but it might be sufficient to better focus search
algorithms. Consider a set of N transformations T =
{t1, t2, . . . , tN}. Let s = s1, s2, . . . , sL be a sequence of
transformations s of lengthL, where each element si is cho-
sen from the transformations in T . Under the independent
model we assume that the probability of a sequence of trans-
formations being good is simply the product of each of the
individual transformations in the sequence being good, i.e.:

P (s1, s2, . . . , sL) =
L∏

i=1

P (si). (1)

Here P (tj) is the probability that the transformation tj oc-
curs in good sequences. For our dataset we have chosen the
set of good sequences to be those sequences that have an

improvement in performance of at least 95% of the maxi-
mum possible improvement. We calculate P (tj) by simply
counting the number of times tj occurs in good sequences
and normalize the distribution i.e.

∑N
i=1

P (tj) = 1. We
then record within a vector the probability of each of the
N = 14 transformations.
For each benchmark we can build this probability vector

or IID distribution. We refer to this as the IID-oracle. It is
an oracle in the sense that we can only know its value once
we have exhaustively enumerated the space, which in prac-
tise is unrealistic. Our goal is to be able to predict this oracle
by using machine learning techniques based on a training
set of programs in order to improve search. However, it
is necessary to prove first that this oracle distribution does
indeed lead to better search algorithms.

4.2 Markov Model

As described above, the IID probability distribution
function assumes that all transformations are mutually in-
dependent neglecting the effect of interactions among trans-
formations. This can be very restrictive, particularly when
there are transformations that enable the applicability of
other transformations or when some of them only yield
good performance when others are applied. Therefore, in-
cluding these interactions in our technique makes possible
the construction of richer models that ideally will improve
biased search algorithms and will obtain good performance
in fewer evaluations.
In order to keep the number of samples needed for build-

ing our probability density function low while including in-
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Agakov 2006

Random as good as any [8] 

GCC: O(10^260)  
• but large parts irrelevant 

Need to have a useful space.  
• Orthogonal - no repetition.  
• Find good points quickly 



Ensembles of Techniques in OpenTuner

Differential 
Evolution

Particle 
Swarm 

Optimization

Torczon
Hill 

Climber

Information sharing through ResultsDB

AUC Bandit

Which configuration should we try next?

33%

Exploration

33% 33%

14 / 30

Ensembles of Techniques in OpenTuner

Differential 
Evolution

Particle 
Swarm 

Optimization

Torczon
Hill 

Climber

Information sharing through ResultsDB

AUC Bandit

Which configuration should we try next?

100%

Exploitation

0% 0%

14 / 30

Ensembles of Techniques

I OpenTuner contains many techniques such as:
I Di↵erential Evolution
I Genetic Algorithms
I Greedy Mutation
I Multi-armed Bandit
I Nelder Mead
I Partial Swarm Optimization
I Pattern Search
I Pseudo Annealing
I Torczon

I Uses ensembles of techniques to provide robustness to
di↵erent search spaces

13 / 30
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OpenTuner [9]



Space  structure  Cooper[7] says varies little  Vuduc[10]  disagrees 

Application tuning is not portable 

Useful for  data independent programs (eg MxM)  

Excessive compile time suitable for embedded  or libraries.  

Why not remember ??? Using Prior Knowledge in Search space: or ML
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Auto-tuning/Iterative Compilation



What is compilation


Why do we need new techniques


Automation


Search/ Auto-tuning/ Iterative compilation


ML for compilation


Features, models and applications


Summary
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Machine Learning as a solution

• Well established area of AI, neural networks, genetic algorithms etc. but what
has AI got to do with compilation?

• In a very simplistic sense machine learning can be considered as sophisticated
form of curve fitting.

INPUTS

OUTPUTS

. .
.
.

. . .

M. O’Boyle Machine Learning based Compilation March, 2014
Sophisticated curve fitting? .  

3

Machine Learning

• The inputs are characteristics of the program and processor. Outputs, the
optimisation function we are interested in, execution time power or code size

• Theoretically predict future behaviour and find the best optimisation

. .
.

.
. . .

Program characteristics

Execution

time

. .
.

.
. . .

Program characteristics

Best 
Transformation
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Machine Learning

• The inputs are characteristics of the program and processor. Outputs, the
optimisation function we are interested in, execution time power or code size

• Theoretically predict future behaviour and find the best optimisation

. .
.

.
. . .

Program characteristics

Execution

time

. .
.

.
. . .

Program characteristics

Best 
Transformation
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Brief intro to ML for compilers

o

x x

x

o o

o
o

x

x

Input 2

Input 1

Classification
Regression

?

?

?
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Collecting training data

Training 
programs

Exhaustive 
experiments

Best 
Configuration

Training the model

Machine Learning 
algorithm

Program 
features

Prediction

Machine Learning 
model

Program 
features

Predicted 
configuration

Learn a model that correlates outputs to inputs 
Distinct train and test data  - unlike most compiler papers!!
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Learning to schedule Moss, ..,Cavazos et al

Given partial schedule 2, which instruction to schedule next 1 or 4?

2

3 4

1 scheduledavailable

availablenot
available

• One of the first papers to investigate machine learning for compiler optimisation

• Appeared at NIPS ’97 - not picked up by compiler community till later.

M. O’Boyle Machine Learning based Compilation March, 2014

Given partial schedule 2,  
schedule next instruction 1 or 4?  

First paper on ML  for compiler optimisation  
Appeared at NIPS ’97  
- not picked up by compiler community till later.  

Learning to Schedule Moss, Cavazos [11]
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Learning to schedule Moss, ..,Cavazos et al

Given partial schedule 2, which instruction to schedule next 1 or 4?

2

3 4

1 scheduledavailable

availablenot
available

• One of the first papers to investigate machine learning for compiler optimisation

• Appeared at NIPS ’97 - not picked up by compiler community till later.

M. O’Boyle Machine Learning based Compilation March, 2014

Train on  many  basic blocks, determine ALL possible schedules.  
• Given two instructions to  scheduled 
• Select each in turn and determine which is best.  

Record (P,Ii,Ij) P is a partial schedule, Ii. to be  scheduled earlier first.  Record TRUE as output.  
• Record FALSE with (P,Ij,Ii)  
Fixed length vector summary based on features. 

Learning to Schedule Moss, Cavazos
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Learning to schedule Moss, ..,Cavazos et al

Given partial schedule 2, which instruction to schedule next 1 or 4?

2

3 4

1 scheduledavailable

availablenot
available

• One of the first papers to investigate machine learning for compiler optimisation

• Appeared at NIPS ’97 - not picked up by compiler community till later.

M. O’Boyle Machine Learning based Compilation March, 2014

Features and tuples

Tuple ({2}, 1, 4) : [odd:T, ic:0, wcp:1, d:T, e:0 ]: TRUE  
Tuple ({2}, 4, 1) : [odd:T, ic:0, wcp:0, d:T, e:0 ]: FALSE  

Feature selection can be a black art.  
• Odd Partial (odd): odd or even length schedule  
• Instruction Class (ic): which class corresponds to function unit  
• Weighted critical path (wcp): length of dependent instructions  
• Actual Dual (d): can this instruction dual issue with previous 
• maxdelay (e): earliest cycle this instruction can go 
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Example - table lookup

2,1,4

2,4,1 T, 0, 0, T, 0

T, 0, 1 ,T ,0

odd ic wcp d e T F

15 8

3 7

Schedule choice

• The first schedule is selected as previous training has shown that it is better

• If feature vector not stored, then find nearest example. Very similar to
instance-based learning

M. O’Boyle Machine Learning based Compilation March, 2014

The first schedule is selected  
• 15>8 vs 3<7 

If feature vector not stored, then find nearest example.  

21

Induction heuristics

e = second
e = same ∧ wcp = first
e = same ∧ wcp = same ∧ d = first ∧ ico = load
e = same ∧ wcp = same ∧ d = first ∧ ico = store
e = same ∧ wcp = same ∧ d = first ∧ ico = ilogical
e = same ∧ wcp = same ∧ d = first ∧ ico = fpop
e = same ∧ wcp = same ∧ d = first ∧ ico = iarith ∧ ic1 = load ...

• Schedule the first Ii if the max time of the second is greater

• If the same, schedule the one with the greatest number of critical dependent
instruction ...

M. O’Boyle Machine Learning based Compilation March, 2014

Schedule the first Ii  
• if the max time of the second is greater 
• if the same, schedule the one with the greatest 
      number of critical dependent  instruction ...  

Models: Lookup and Induction rule



All techniques were very good 
• 98% of the performance of the hand-tuned heuristic  

Small basic blocks were good training data for larger blocks.  
• Relied on unrealistic exhaustive search f 

Technique relied on features that were machine specific 
•  Questionable portability 

Little head room in basic bock scheduler  
• Hard to see benefit over standard schemes.  

Results
16

Learning to schedule Moss, ..,Cavazos et al

Given partial schedule 2, which instruction to schedule next 1 or 4?

2

3 4

1 scheduledavailable

availablenot
available

• One of the first papers to investigate machine learning for compiler optimisation

• Appeared at NIPS ’97 - not picked up by compiler community till later.

M. O’Boyle Machine Learning based Compilation March, 2014
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Learning to unroll Monsifort

do i = 2, 100
 

enddo

    a(i) = a(i) + a(i−1) + a(i+1)

statements      1
aritmetic op    2
iterations       99
array access  4
resuses  3
ifs  0

• Features try to capture structure that may affect unrolling decisions

• Again allows programs to be mapped to fixed feature vector

• Feature selection can be guided by metrics used in existing hand-written
heuristics

M. O’Boyle Machine Learning based Compilation March, 2014
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Learning to unroll Monsifort

3 x −2y > 6

y n

−x+2y>8 6x+y>60

y n y n

A B A B

A

A

B

B

. .
..

..
.

.
.

..
y

x

Feature space is partitioned into regions that can be represented by decision tree.

Each constraint is linear in the features forming hyperplanes in the 6 dimensional
space.

M. O’Boyle Machine Learning based Compilation March, 2014

Monsifrot: Unroll? [12]



85% accuracy  
• Better at picking negative cases due to bias in training set  

4% improvement over  g77. 

g77 is an easy compiler to improve upon.  

Only beneficial on 22% of benchmarks  

Basic approach - unroll factor not considered. 
• Leather[16]  looked at unrolll factor 

Monsifrot Results
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Learning to unroll Monsifort

3 x −2y > 6

y n

−x+2y>8 6x+y>60
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Feature space is partitioned into regions that can be represented by decision tree.

Each constraint is linear in the features forming hyperplanes in the 6 dimensional
space.

M. O’Boyle Machine Learning based Compilation March, 2014
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A

B

C

DE

New Program

 Using ML to focus search [8]

Capture probability distribution of good transformations per benchmark 
Then see if new program looks like existing ones and then use its distribution



Features
for loop is simple?
for loop is nested?
for loop is perfectly nested?
for loop has constant lower bound?
for loop has constant upper bound?
for loop has constant stride?
for loop has unit stride?
number of iterations in for loop
loop step within for loop
loop nest depth
no. of array references within loop
no. of instructions in loop
no. of load instructions in loop
no. of store instructions in loop
no. of compare instructions in loop
no. of branch instructions in loop
no. of divide instructions in loop
no. of call instructions in loop
no. of generic instructions in loop
no. of array instructions in loop
no. of memory copy instructions in loop
no. of other instructions in loop
no. of float variables in loop
no. of int variables in loop
both int and floats used in loop?
loop contains an if-construct?
loop contains an if statement in for-construct?
loop iterator is an array index?
all loop indices are constants?
array is accessed in a non-linear manner?
loop strides on leading array dimensions only?
loop has calls?
loop has branches?
loop has regular control flow?

Table 3. Features used

As the oracles have been shown to improve performance
and we are able to achieve a significant percentage of
their improvement, this suggests that both learnt models
should give significant performance improvement over ex-
isting schemes. This is evaluated in the next section.

6 Evaluation

This section evaluates our focussed search approach on
two optimization spaces. The first space is the exhaus-
tively enumerated 145 space described throughout this pa-
per. The second is a much larger space of size 8220 i.e.
transformation sequences of length 20 with each transfor-
mation selected from one of 82 possible transformations
available in SUIF 1 [10]. This was achieved using the stan-
dard leave one out cross-validation scheme i.e. learn the
IID and Markov models based on the training data from all
other programs except for the one about to be optimized or
tested.

6.1 Evaluation on exhaustively enumer-
ated space

Initially, we ran both the baseline random and GA search
algorithms for 500 program evaluations and recorded their
speedup over time on both the TI and AMD.We then ran the
same algorithms again, this time using the two learnt mod-
els: IID and Markov. This was achieved using the standard
leave one out cross-validation scheme i.e. learn the IID and
Markov models based on the training data from all other
programs except for the one about to be optimized or tested.
The results for the TI and AMD are shown in figures 5

and 6 respectively. On the TI the learnt IID based mod-
els achieve approximately twice the potential performance
of either baseline algorithm after 10 evaluations (60%/62%
vs 32%/27%) . The learnt Markov model does even better,
achieving 79% of the perfomance available after the same
number of evaluations. The baseline algorithms would need
over 40 evaluations to achieve this same performance im-
provement. On the AMD, the performance improvements
are less dramatic, yet the learnt Markov based algorithms
achieves more than twice the performance of the baseline
algorithms after 10 evaluations.

6.2 Evaluation on large space

Experiments within an exhaustively enumerated space
are useful as the performance of a search algorithm can be
evaluated relative to the absolute minima. However, in prac-
tise when we wish to search across a large range of transfor-
mations, it is infeasible to run exhaustive experiments. In-
stead we ran a random search for 1000 evaluations on each
program space as off-line training data.
This time we wish to focus on the performance achieved

in the early parts of iterative optimization. So, we ran the
baseline random search algorithm and both learnt models
for just 50 evaluations. As the genetic algorithm and ran-
dom search have the same behaviour for the first 50 evalua-
tions, the GA was not separately evaluated
The speedups for each benchmark after 2, 5, 10 and 50

evaluations on the TI is shown in figure 7. Due to time
constraints, only those benchmarks with non-negligible
speedup on the exhaustively enumerated space are evalu-
ated. The learnt models both deliver good performance and
the random + IID learnt model achieves an average speedup
of 1.26 after just 2 evaluations. Furthermore, the random +
IID learnt model achieves a greater average performance af-
ter 5 evaluations (1.34) than the baseline random algorithm
does after 50 evaluations (1.29).
Surprisingly, the IID learnt model achieves better perfor-

mance than the Markov learnt model after 50 evaluations
1.41 vs 1.30 speedup in contrast to the results of the ex-
haustively enumerated space (see figures 5 and 6). The rea-
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Figure 2. Performance with respect to evaluations for the random (RAND) and genetic (GA) search
algorithms on the TI (a) and AMD (b). The x-axis denotes (logarithmic scale) the number of evalu-
ations performed by each search. The y-axis denotes the best performance achieved so far by the
search; 0 % represents the original code performance, 100% the maximum performance achievable.
Results averaged over all benchmarks

Furthermore, such a complex model will require extensive
training data, which may be costly to gather and is unre-
alistic in practise. In this section we consider two differ-
ent models which try to summarize the optimization space
without excessive overfitting. We consider (i) a simple inde-
pendent distribution model and (ii) a more complex Markov
model. Both of these require relatively small amounts of
training data to construct and should be easy to learn (see
section 5).

4.1 Independent identically distributed
(IID) model

It makes sense to start with the simplest approach first:
modelling program transformations as if they were inde-
pendent. We know that this assumption does not hold in
general, but it might be sufficient to better focus search
algorithms. Consider a set of N transformations T =
{t1, t2, . . . , tN}. Let s = s1, s2, . . . , sL be a sequence of
transformations s of lengthL, where each element si is cho-
sen from the transformations in T . Under the independent
model we assume that the probability of a sequence of trans-
formations being good is simply the product of each of the
individual transformations in the sequence being good, i.e.:

P (s1, s2, . . . , sL) =
L∏

i=1

P (si). (1)

Here P (tj) is the probability that the transformation tj oc-
curs in good sequences. For our dataset we have chosen the
set of good sequences to be those sequences that have an

improvement in performance of at least 95% of the maxi-
mum possible improvement. We calculate P (tj) by simply
counting the number of times tj occurs in good sequences
and normalize the distribution i.e.

∑N
i=1

P (tj) = 1. We
then record within a vector the probability of each of the
N = 14 transformations.
For each benchmark we can build this probability vector

or IID distribution. We refer to this as the IID-oracle. It is
an oracle in the sense that we can only know its value once
we have exhaustively enumerated the space, which in prac-
tise is unrealistic. Our goal is to be able to predict this oracle
by using machine learning techniques based on a training
set of programs in order to improve search. However, it
is necessary to prove first that this oracle distribution does
indeed lead to better search algorithms.

4.2 Markov Model

As described above, the IID probability distribution
function assumes that all transformations are mutually in-
dependent neglecting the effect of interactions among trans-
formations. This can be very restrictive, particularly when
there are transformations that enable the applicability of
other transformations or when some of them only yield
good performance when others are applied. Therefore, in-
cluding these interactions in our technique makes possible
the construction of richer models that ideally will improve
biased search algorithms and will obtain good performance
in fewer evaluations.
In order to keep the number of samples needed for build-

ing our probability density function low while including in-
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Figure 3. TI: Random (a) and GA (b) search versus IID-oracle and Markov oracle. Results averaged
over all benchmarks

teractions among transformations, we can take one step fur-
ther from the IID distribution by using a Markov chain. A
Markov chain for transformation sequences can be defined
as follows:

P (s) = P (s1)
L∏

i=2

P (si|si−1).

The equation above states that the probability of a trans-
formation applied in the sequence depends upon the trans-
formations that have been applied before. The main as-
sumption under this model is that these probabilities do not
change along the sequence, i.e. they are the same at any
position of the sequence, and therefore the model is often
referred as a stationary Markov chain. This oversimplifica-
tion prevents the number of parameters of the model from
increasing with the length of the sequences considered.
Thus, the parameters of the model are the probability

at the first position of the sequence P (s1) and the transi-
tion matrix P (si|si−1) with i = 1 , . . . , L, which as be-
fore can be learnt from data by counting. Once again∑N

j=1
P (s1 = tj) = 1 and

∑N
j=1

P (si = tj |si−1) = 1
must be satisfied.
As in section 4.1 the parameters of the model have been

learnt from those sequences that have an improvement in
performance at least 95% of the maximum possible im-
provement. Using this model gives a 14 x 14 matrix.

4.3 Speeding up search: Evaluating the
potential of the models

To test the potential of our scheme, we compared each
baseline search algorithm against this same algorithm us-
ing each predictive model. For the random algorithm, in-
stead of having a uniform probability of a transformation

being selected, each model biases certain transformations
over others. In the case of the GA, the initial population is
selected based on the model’s probabilities and then the GA
is allowed to evolve as usual.
We construct each model using the results obtained from

searching a particular program’s space and then test each
model-enabled search algorithm on the same benchmark;
we call these two learnt models: IID-oracle and Markov-
oracle. These ”oracles” form an upper-bound on the perfor-
mance we can expect to achieve when later trying to learn
each model. This is to evaluate whether such models can
improve the search. Clearly, if the best a model oracle can
achieve is insignificant, it is not worth expending effort in
trying to learn it.
Figure 3 (a) depicts the average performance, over

all our benchmarks, of the baseline random algorithm
against random search biased with the two oracles on the
TI. Similarly, Figure 3 (b) depicts the performance of
the baseline GA algorithm versus using the two oracles
to generate the initial population. In both figures, we
see that the oracles can significantly speed up finding a
good solution. For example, at evaluation 10, random
achieves less than 35% of the maximum available perfor-
mance. In contrast, random + IID-oracle achieves
more than 70% of the available performance and random
+ Markov-oracle achieves around 87% of the perfor-
mance. Figure 4 depicts a similar picture on the AMD ar-
chitecture. On the AMD architecture, our two oracles sig-
nificantly improve the performance of each baseline algo-
rithm. The baseline random search algorithm only achieves
22% of the available performance after 10 evaluations. In
contrast, random + IID-oracle achieves about 40%
of the available performance (twice better than base) and
random + Markov-oracle achieves 66% of the avail-
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Figure 5. TI: Random (a) and GA (b) search versus IID-learnt and Markov-learnt. Results averaged
over all benchmarks
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Figure 6. AMD: Random (a) and GA (b) search versus IID-learnt and Markov-learnt. Results averaged
over all benchmarks

son is that the Markov model needs a greater number of
training evaluations than the IID model to model the space
accurately. Here we have only 1000 evaluations to build a
model.

Similarly, the speedups for the AMD are shown for each
benchmark after 2, 5, 10 and 50 evaluations on in figure 8.
Again both learnt models significantly outperform the base-
line random algorithm. In fact the random + Markov learnt
model achieves a greater average performance (1.33) after
5 evaluations than random does after 50 evaluations (1.32).
It therefore achieves this level of performance an order of
magnitude faster - the same is also true for the TI. Once
again random + IID unexpectedly outperforms random +
Markov at 50 evaluations. Thus after just 2 evaluations a
speedup of 1.27 is found on average, almost three times the

performance of the baseline algorithm.
Finally, the single sequence that gives the best perfor-

mance on average on the AMD in the small space is himc3.
This gives an average speedup of 1.11, significantly less
than that achieved by random + Markov after just 2 eval-
uations. On the TI, there does not exist a single sequence
which gives any performance improvement on average.

Discussion The Markov predictor performs less well on
the large space due to the reduced amount of training data.
This suggests that the IID model should initially be used on
a new platform when there is relatively small amounts of
training data available. Once sufficient new data is accrued
by iterative optimization, it can be used for a second stage
of learning using the Markov model.

Proceedings of the International Symposium on Code Generation and Optimization (CGO’06) 

0-7695-2499-0/06 $20.00 © 2006 IEEE Authorized licensed use limited to: University of Edinburgh. Downloaded on June 22,2023 at 18:44:00 UTC from IEEE Xplore.  Restrictions apply. 

0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

100%

 1  10  100  1000

P
er

ce
nt

 o
f M

ax
 Im

pr
ov

em
en

t A
va

ila
bl

e

Evaluations

32%

60%

79%

RANDOM
IID-LRN

MAR-LRN
0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

100%

 1  10  100  1000

P
er

ce
nt

 o
f M

ax
 Im

pr
ov

em
en

t A
va

ila
bl

e

Evaluations

27%

62%

79%

GA
GA-IID-LRN

GA-MAR-LRN

(a) TI: Random (b) TI: GA

Figure 5. TI: Random (a) and GA (b) search versus IID-learnt and Markov-learnt. Results averaged
over all benchmarks

0%

20%

40%

60%

80%

100%

 1  10  100  1000

P
er

ce
nt

 o
f M

ax
 Im

pr
ov

em
en

t A
va

ila
bl

e

Evaluations

22%

35%

51%

RAND
IID-LRN

MAR-LRN
0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

100%

 1  10  100  1000

P
er

ce
nt

 o
f M

ax
 Im

pr
ov

em
en

t A
va

ila
bl

e

Evaluations

17%

28%

44%

GA
GA-IID-LRN

GA-MAR-LRN

(a) AMD: Random (b) AMD: GA

Figure 6. AMD: Random (a) and GA (b) search versus IID-learnt and Markov-learnt. Results averaged
over all benchmarks

son is that the Markov model needs a greater number of
training evaluations than the IID model to model the space
accurately. Here we have only 1000 evaluations to build a
model.

Similarly, the speedups for the AMD are shown for each
benchmark after 2, 5, 10 and 50 evaluations on in figure 8.
Again both learnt models significantly outperform the base-
line random algorithm. In fact the random + Markov learnt
model achieves a greater average performance (1.33) after
5 evaluations than random does after 50 evaluations (1.32).
It therefore achieves this level of performance an order of
magnitude faster - the same is also true for the TI. Once
again random + IID unexpectedly outperforms random +
Markov at 50 evaluations. Thus after just 2 evaluations a
speedup of 1.27 is found on average, almost three times the

performance of the baseline algorithm.
Finally, the single sequence that gives the best perfor-

mance on average on the AMD in the small space is himc3.
This gives an average speedup of 1.11, significantly less
than that achieved by random + Markov after just 2 eval-
uations. On the TI, there does not exist a single sequence
which gives any performance improvement on average.

Discussion The Markov predictor performs less well on
the large space due to the reduced amount of training data.
This suggests that the IID model should initially be used on
a new platform when there is relatively small amounts of
training data available. Once sufficient new data is accrued
by iterative optimization, it can be used for a second stage
of learning using the Markov model.
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TABLE II: Machine learning methods discussed in Section IV.

Approach Problem Application Domains Models

Regression Useful for modelling continuous values, such as esti-
mating execution time, speedup, power consumption,
latency etc.

Linear/non-linear regression, artificial neural net-
works (ANNs), support vector machines (SVMs).

Supervised learning Classification Useful for predicting discrete values, such as choos-
ing compiler flags, #threads, loop unroll factors,
algorithmic implementations etc.

K-nearest neighbour (KNN), decision trees, random
forests, logical regression, SVM, Kernel Canonical
Correlation Analysis, Bayesian

Clustering Data analysis, such as grouping profiling traces into
clusters of similar behaviour

K-means, Fast Newman clustering

Unsupervised learning Feature engineering Feature dimension reduction, finding useful feature
representations

Principal component analysis (PCA), autoencoders

Online learning Search and self-learning Useful for exploring a large optimisation space,
runtime adaption, dynamic task scheduling where
the optimal outcome is achieved through a series of
actions

Genetic algorithm (GA), genetic programming (GP),
reinforcement learning (RL)

TABLE III: Regression techniques used in prior works.

Modelling Technique Application References

Linear Regression Exec. Time Estimation [62], [38], [43]
Linear Regression Perf. & Power Prediction [63], [64], [65]
Artificial Neural Networks Exec. Time Estimation [62], [46], [39]

output (i.e. labels) have a strong linear relation. SVM and ANNs
can model both linear and non-linear relations, but typically
require more training examples to learn an effective model
when compared with simple linear regression models.

Table III gives some examples of regression techniques that
have been used in prior work for code optimisation and the
problem to be modelled.

2) Classification: Supervised classification is another tech-
nique that has been widely used in prior work of machine
learning based code optimisation. This technique takes in a
feature vector and predicts which of a set of classes the feature
vector is associated with. For example, classification can be
used to predict which of a set of unroll factors should be used
for a given loop, by taking in a feature vector that describes
the characteristics of the target loop (see also Section II-D).

The k-nearest neighbour (KNN) algorithm is a simple yet
effective classification technique. It finds the k closet training
examples to the input instance (or program) on the feature
space. The closeness (or distance) is often evaluated using the
Euclidean distance, but other metrics can also be used. This
technique has been used to predict the optimal optimisation
parameters in prior works [52], [66], [67]. It works by first
predicting which of the training programs are closet (i.e. near-
est neighbours) to the incoming program on the feature space;
it then uses the optimal parameters (which are found during
training time) of the nearest neighbours as the prediction
output. While it is effective on small problems, KNN also has
two main drawbacks. Firstly, it must compute the distance
between the input and all training data at each prediction. This
can be slow if there is a large number of training programs
to be considered. Secondly, the algorithm itself does not learn
from the training data; instead, it simply selects the k nearest
neighbours. This means that the algorithm is not robust to
noisy training data and could choose an ill-suited training
program as the prediction.

F1 (Commun. - Computation Ratio) < 0.03

F4 (Computation – Mem Ratio) < 7.65

F3 < 21

F2 ( % Coalesced Mem Access) < 0.99

F3 (% Local Mem Access    Avg. #Work-
items per Kernel) < 3300

CPU GPU

CPU GPU

F3 < 0.02

GPUF4 < 134

GPUF4 < 30

GPU CPU

NoYes

GPU

Fig. 6: A decision tree for determining which device (CPU
or GPU) to use to run an OpenCL program. This diagram is
reproduced from [68].

As an alternative, the decision tree has been used in prior
works for a range of optimisation problems. These include
choosing the parallel strategy for loop parallelisation [69],
determining the loop unroll factor [16], [70], deciding the prof-
itability of using GPU acceleration [68], [71], and selecting the
optimal algorithm implementation [72]. The advantage of a
decision tree is that the learned model is interpretable and can
be easily visualised. This enables users to understand why a
particular decision is made by following the path from the root
node to a leaf decision node. For example, Figure 6 depicts the
decision tree model developed in [68] for selecting the best-
performing device (CPU or GPU) to run an OpenCL program.
To make a prediction, we start from the root of the tree; we
compare a feature value (e.g. the communication-computation
ratio) of the target program against a threshold to determine
which branch of the tree to follow; and we repeat this process
until we reach a leaf node where a decision will be made.
It is to note that the structure and thresholds of the tree are
automatically determined by the machine learning algorithm,
which may change when we target a different architecture or
application domain.

Decision trees make the assumption that the feature space
is convex i.e. it can be divided up using hyperplanes into
different regions each of which belongs to a different category.
This restriction is often appropriate in practice. However, a
significant drawback of using a single decision tree is that
the model can over-fit due to outliers in the training data
(see also Section IV-D). Random forests [73] have therefore
been proposed to alleviate the problem of over fitting. Random

Taxonomy of ML in compiler optimisation [2]
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of code segments that rarely get executed, and such in-
formation can confuse the machine learning model; some
program information such as the loop bound depends on the
program input, which can only obtained during execution time;
and static code features often may not precisely capture the
application behaviour in the runtime environment (such as
resource contention and I/O behaviour) as such behaviour
highly depends on the computing environment such as the
number of available processors and co-running workloads.

As illustrated in Figure 12, dynamic features can be ex-
tracted from multiple layers of the runtime environment. At
the application layer, we can obtain information like loop iter-
ation counts the cannot be decided at compile time, dynamic
control flows, frequently executed code regions, etc. At the
operating system level, we can observe the memory and I/O
behaviour of the application as well as CPU load and thread
contention, etc. At the hardware level, we can use performance
counters to track information like how many instructions have
been executed and of what types, and the number of cache
loads/stores as well as branch misses, etc.

Hardware performance counter values like executed in-
struction counts and cache miss rate are therefore used to
understand the application’s dynamic behaviours [53], [128],
[129]. These counters can capture low-level program informa-
tion such as data access patterns, branches and computational
instructions. One of the advantage of performance counters
is that they capture how the target program behave on a
specific hardware and avoid the irrelevant information that
static code features may bring in. In addition to hardware
performance counters, operating system level metrics like
system load and I/O contention are also used to model an
application’s behavior [39], [124]. Such information can be
externally observed without instrumenting the code, and can
be obtain during off-line profiling or program execution time.

While effective, collecting dynamic information could incur
prohibitively overhead and the collected information can be
noisy due to competing workloads and operating system
scheduling [130] or even subtle settings of the execution
environment [131]. Another drawback of performance coun-
ters and dynamic features is that they can only capture
the application’s past behavior. Therefore, if the application
behaves significantly different in the future due to the change
of program phases or inputs, then the prediction will be drawn
on an unreliable observation. As such, dynamic and static
features are often used in combination in prior works in order
to build a robust model.

B. Reaction based features

Cavazos et al. present a reaction-based predictive model for
software-hardware co-design [132]. Their approach profiles
the target program using several carefully selected compiler
options to see how program runtime changes under these
options for a given micro-architecture setting. They then use
the program “reactions” to predict the best available applica-
tion speedup. Figure 13 illustrates the difference between a
reaction-based model and a standard program feature based
model. A similar reaction-based approach is used in [133] to
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Fig. 13: Standard feature-based modelling (a) vs reaction-
based modelling (b). Both models try to predict the speedup
for a given compiler transformation sequence. The program
feature based predictor takes in static program features ex-
tracted from the transformed program, while the reaction based
model takes in the target transformation sequence and the
measured speedups of the target program, obtained by apply-
ing a number of carefully selected transformation sequences.
Diagrams are reproduced from [132].

predict speedup and energy efficiency for an application that
is parallelised thread-level speculation (TLS) under a given
micro-architectural configuration. Note that while a reaction-
based approach does not use static code features, developers
must carefully select a few settings from a large number of
candidate options for profiling, because poorly chosen options
can significantly affect the quality of the model.

C. Automatic feature generation
As deriving good features is a time-consuming task, a few

methods have been proposed to automatically generate features
from the compiler’s intermediate representation (IR) [134],
[70]. The work of [70] uses GP to search for features, but
required a huge grammar to be written, some 160kB in length.
Although much of this can be created from templates, selecting
the right range of capabilities and search space bias is non triv-
ial and up to the expert. The work of [134] expresses the space
of features via logic programming over relations that represent
information from the IRs. It greedily searches for expressions
that represent good features. However, their approach relies
on expert selected relations, combinators and constraints to
work. Both approaches closely tie the implementation of the
predictive model to the compiler IR, which means changes to
the IR will require modifications to the model. Furthermore,
the time spent in searching features could be significant for
these approaches.

The first work to employ neural network to extract fea-
tures from program source code for compiler optimisation is
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TABLE IV: Summary of features discussed in Section V.

Feature Description

Static code features Features gathered from source code
or the compiler intermediate rep-
resentations, such as instruction
counts. See Section V-A1.

Tree and graph based features Features extracted from the pro-
gram graph, such as the number
of nodes of different types. See
Section V-A2.

Dynamic features Features obtained through dynamic
profiling or during runtime execu-
tion, such as performance counter
values. See Section V-A3.

Reaction-based features Speedups or execution time ob-
tained by profiling the target pro-
gram under specific compiler set-
tings. See Section V-B.

TABLE V: Feature engineering techniques discussed in Sec-
tion V.

Problem Techniques

Feature selection Pearson correlation coefficient, mu-
tual information, regression analy-
sis. See Section V-D1.

Feature dimensionality reduction Principal component analysis
(PCA), factor analysis, linear
discriminant analysis, autoencoder.
See Section V-D2.

learning algorithm alone [121], [122]. Making a prediction
using an ensemble typically requires more computational time
than doing that using a single model, so ensembles can be
seen as a way to compensate for poor learning algorithms
by performing extra computation. To reduce the overhead,
fast algorithms such as decision trees are commonly used
in ensemble methods (e.g. Random Forests), although slower
algorithms can benefit from ensemble techniques as well.

V. FEATURE ENGINEERING

Machine learning based code optimisation relies on hav-
ing a set of high-quality features that capture the important
characteristics of the target program. Given that there is an
unbounded number of potential features, finding the right set
is a non-trivial task. In this section, we review how previous
work chooses features, a task known as feature engineering.
Tables IV and V summarises the range of program features
and feature engineering techniques discussed in this section,
respectively.

A. Feature representation
Various forms of program features have been used in

compiler-based machine learning. These include static code
structures [123] and runtime information such as system
load [119], [124] and performance counters [53].

1) Static code features : Static program features like the
number and type of instructions are often used to describe
a program. These features are typically extracted from the
compiler intermediate representations [46], [29], [52], [80] in
order to avoid using information extracted from dead code.

TABLE VI: Example code features used in prior works.

Description Examples

Arithmetic instructions #floating point instr., #integer instr.,
#method call instr.

Memory operations #load instr, #store instr.
Branch instructions #conditional branch instr, #uncon-

ditional branch instr
loop information #loops, loop depth
parallel information #work threads, work group size

01010
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Operating System

Application

profiling runs

dynamic program features (e.g. loop 
counts, hot code etc.)

OS info. (e.g. I/O contention, CPU 
loads)
Performance counter values (e.g. 
#instr., #L1 cache misses)

Fig. 12: Dynamic features can be extracted from multiple
layers of the computing environment.

Table VI gives some of the static code features that were used
in previous studies. Raw code features are often used together
to create a combined feature. For example, one can divide the
number of load instructions by the number of total instructions
to get the memory load ratio. An advantage of using static
code features is that the features are readily available from
the compiler intermediate representation.

2) Tree and graph based features : Singer and Veloso
represent the FFT in a split tree [125]. They extract from
the tree a set of features, by counting the number of nodes of
various types and quantifying the shape of the tree. These tree-
based features are then used to build a neural network based
cost function that predicts which of the two FFT formulas
runs faster. The cost function is used to search for the best-
performing transformation.

Park et al. present a unique graph-based approach for feature
representations [126]. They use a SVM where the kernel is
based on a graph similarity metric. Their technique requires
hand coded features at the basic block level, but thereafter,
graph similarity against each of the training programs takes
the place of global features. Mailike shows that spatial based
information, i.e. how instructions are distributed within a
program, extracted from the program’s data flow graph could
be useful features for machine learning based compiler optimi-
sation [127]. Nobre et al. also exploit graph structures for code
generation [26]. Their approach targets the phase ordering
problem. The order of compiler optimisation passes is repre-
sented as a graph. Each node of the graph is an optimisation
pass and connections between nodes are weighted in a way
that sub-sequences with higher aggregated weights are more
likely to lead to faster runtime. The graph is automatically
constructed and updated using iterative compilation (where
the target program is complied using different compiler passes
with different orders). A design space exploration algorithm
is employed to drive the iterative compilation process.

3) Dynamic Features : While static code features are useful
and can be extracted at static compile time (hence feature
extraction has no runtime overhead), they have drawbacks.
For examples, static code features may contain information
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of code segments that rarely get executed, and such in-
formation can confuse the machine learning model; some
program information such as the loop bound depends on the
program input, which can only obtained during execution time;
and static code features often may not precisely capture the
application behaviour in the runtime environment (such as
resource contention and I/O behaviour) as such behaviour
highly depends on the computing environment such as the
number of available processors and co-running workloads.

As illustrated in Figure 12, dynamic features can be ex-
tracted from multiple layers of the runtime environment. At
the application layer, we can obtain information like loop iter-
ation counts the cannot be decided at compile time, dynamic
control flows, frequently executed code regions, etc. At the
operating system level, we can observe the memory and I/O
behaviour of the application as well as CPU load and thread
contention, etc. At the hardware level, we can use performance
counters to track information like how many instructions have
been executed and of what types, and the number of cache
loads/stores as well as branch misses, etc.

Hardware performance counter values like executed in-
struction counts and cache miss rate are therefore used to
understand the application’s dynamic behaviours [53], [128],
[129]. These counters can capture low-level program informa-
tion such as data access patterns, branches and computational
instructions. One of the advantage of performance counters
is that they capture how the target program behave on a
specific hardware and avoid the irrelevant information that
static code features may bring in. In addition to hardware
performance counters, operating system level metrics like
system load and I/O contention are also used to model an
application’s behavior [39], [124]. Such information can be
externally observed without instrumenting the code, and can
be obtain during off-line profiling or program execution time.

While effective, collecting dynamic information could incur
prohibitively overhead and the collected information can be
noisy due to competing workloads and operating system
scheduling [130] or even subtle settings of the execution
environment [131]. Another drawback of performance coun-
ters and dynamic features is that they can only capture
the application’s past behavior. Therefore, if the application
behaves significantly different in the future due to the change
of program phases or inputs, then the prediction will be drawn
on an unreliable observation. As such, dynamic and static
features are often used in combination in prior works in order
to build a robust model.

B. Reaction based features

Cavazos et al. present a reaction-based predictive model for
software-hardware co-design [132]. Their approach profiles
the target program using several carefully selected compiler
options to see how program runtime changes under these
options for a given micro-architecture setting. They then use
the program “reactions” to predict the best available applica-
tion speedup. Figure 13 illustrates the difference between a
reaction-based model and a standard program feature based
model. A similar reaction-based approach is used in [133] to
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Fig. 13: Standard feature-based modelling (a) vs reaction-
based modelling (b). Both models try to predict the speedup
for a given compiler transformation sequence. The program
feature based predictor takes in static program features ex-
tracted from the transformed program, while the reaction based
model takes in the target transformation sequence and the
measured speedups of the target program, obtained by apply-
ing a number of carefully selected transformation sequences.
Diagrams are reproduced from [132].

predict speedup and energy efficiency for an application that
is parallelised thread-level speculation (TLS) under a given
micro-architectural configuration. Note that while a reaction-
based approach does not use static code features, developers
must carefully select a few settings from a large number of
candidate options for profiling, because poorly chosen options
can significantly affect the quality of the model.

C. Automatic feature generation
As deriving good features is a time-consuming task, a few

methods have been proposed to automatically generate features
from the compiler’s intermediate representation (IR) [134],
[70]. The work of [70] uses GP to search for features, but
required a huge grammar to be written, some 160kB in length.
Although much of this can be created from templates, selecting
the right range of capabilities and search space bias is non triv-
ial and up to the expert. The work of [134] expresses the space
of features via logic programming over relations that represent
information from the IRs. It greedily searches for expressions
that represent good features. However, their approach relies
on expert selected relations, combinators and constraints to
work. Both approaches closely tie the implementation of the
predictive model to the compiler IR, which means changes to
the IR will require modifications to the model. Furthermore,
the time spent in searching features could be significant for
these approaches.

The first work to employ neural network to extract fea-
tures from program source code for compiler optimisation is
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conducted by Cummins et al. [78]. Their system, namely
DeepTune, automatically abstracts and selects appropriate
features from the raw source code. Unlike prior work where
the predictive model takes in a set of human-crafted features,
program code is used directly in the training data. Programs
are fed through a series of neural network based language
models which learn how code correlates with the desired
optimisation options (see also Figure 8). Their work also
shows that the properties of the raw code that are abstracted by
the top layers of the neural networks are mostly independent
of the optimisation problem. While promising, it is worth men-
tioning that dynamic information such as the program input
size and performance counter values are often essential for
characterising the behaviour of the target program. Therefore,
DeepTune does not completely remove human involvement for
feature engineering when static code features are insufficient
for the optimisation problem.

D. Feature selection and dimension reduction

Machine learning uses features to capture the essential
characteristics of a training example. Sometimes we have
too many features. As the number of features increase so
does the number of training examples needed to build an
accurate model [135]. Hence, we need to limit the dimension
of the feature space In compiler research, commonly, an initial
large, high dimensional candidate feature space is pruned via
feature selection [52], or projected into a lower dimensional
space [17]. In this subsection, we review a number of feature
selection and dimension reduction methods.

1) Feature selection : Feature selection requires under-
standing how does a particular feature affect the prediction
accuracy. One of the simplest methods for doing this is apply-
ing the Pearson correlation coefficient. This metric measures
the linear correlation between two variables and is used in
numerous works [136], [55], [123], [93] to filter out redundant
features by removing features that have a strong correlation
with an already selected feature. It has also been used to
quantify the relation of the select features in regression. One
obvious drawback of using Pearson correlation as a feature
ranking mechanism is that it is only sensitive to a linear
relationship.

Another approach for correlation estimation is mutual infor-
mation [132], [137], which quantifies how much information
of one variable (or feature) can be obtained through another
variable (feature). Like correlation coefficient, mutual informa-
tion can be used to remove redundant features. For example, if
the information of feature, x, can be largely obtained through
another existing feature, y, feature x can then be taken out
from the feature set without losing much information on the
reduced feature set.

Both correlation coefficient and mutual information evaluate
each feature independently with respect to the prediction. A
different approach is to utilise regression analysis for feature
ranking. The underlying principal of regression analysis is
that if the prediction is the outcome of regression model
based on the features, then the most important features should
have the highest weights (or coefficients) in the model, while
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Fig. 14: Using PCA to reduce dimensionality of a three-
dimensional feature space. The principal components are
firstly computed (a). Then the first two principal components
(PC1 and PC2) are selected to represent the original three-
dimensional feature space on a new two-dimensional space b.

features uncorrelated with the output variables should have
weights close to zero. For example, LASSO (least absolute
shrinkage and selection operator) regression analysis is used
in [138] to remove less useful features to build a compiler-
based model to predict performance. LASSO has also been
used for feature selection to tune the compiler heuristics for
the TRIPS processor [139].

In general, feature selection remains an open problem
for machine learning, and researchers often follow a “trail-
and-error” approach to test a range of methods and feature
candidates. This makes automatic feature selection framework
like FEAST [140] and HERCULES [141] attractive. The for-
mer framework employs a range of existing feature selection
methods to select useful candidate features, while the latter
searches for the most important static code features from a set
of pre-defined patterns for loops.

2) Feature dimensionality reduction: While feature selec-
tion allows us to select the most important features, the
resulted feature set can still be too large to train a good model,
especially when we only have a small number of training
examples. By reducing the number of dimensions, the learning
algorithm can often perform more efficiently on a limited
training dataset. Dimension reduction is also important for
some machine learning algorithms such as KNN to avoid the
effect of the curse of dimensionality [142].
PCA is a well-established feature reduction technique [143].

It uses orthogonal linear transformations to reduce the dimen-
sionality of a set of variables i.e. features in our case.

Figure 14 demonstrates the use of PCA to reduce the
number of dimensions. The input in this example is a three-
dimensional space defined by M1, M2 and M3, as shown in
Figure 14 (a). Three components: PC1, PC2 and PC3, which
account for the variance of the data, are firstly calculated. Here,
PC1 and PC2 contribute most to the variance of the data and
PC3 accounts for the least variance. Using only PC1 and
PC2, one can transform the original, three-dimensional space
into a new, two-dimensional coordinate system (as illustrated
in Figure 14b) while preserving much of the variance of the
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Application: Automatic parallelization [13]



Static analysis 
finds no parallelism 

Static analysis : 
– indirect array accesses 
– reductions 
– pointer aliasing 
– dynamic allocation 

Profiling shows it is 
parallel

Example 1
f o r ( i = 0 ; i < nodes ; i ++) {

Anext = Aindex [ i ] ;
A l a s t = Aindex [ i + 1 ] ;

sum0 = A[ Anext ] [ 0 ] [ 0 ] ⇥ v [ i ] [ 0 ] +
A[ Anext ] [ 0 ] [ 1 ] ⇥ v [ i ] [ 1 ] +
A[ Anext ] [ 0 ] [ 2 ] ⇥ v [ i ] [ 2 ] ;

sum1 = . . .

Anext ++;
whi le ( Anext < A l a s t ) {

c o l = Acol [ Anext ] ;

sum0 += A[ Anext ] [ 0 ] [ 0 ] ⇥ v [ c o l ] [ 0 ] +
A[ Anext ] [ 0 ] [ 1 ] ⇥ v [ c o l ] [ 1 ] +
A[ Anext ] [ 0 ] [ 2 ] ⇥ v [ c o l ] [ 2 ] ;

sum1 += . . .

w[ c o l ] [ 0 ] += A[ Anext ] [ 0 ] [ 0 ] ⇥ v [ i ] [ 0 ] +
A[ Anext ] [ 1 ] [ 0 ] ⇥ v [ i ] [ 1 ] +
A[ Anext ] [ 2 ] [ 0 ] ⇥ v [ i ] [ 2 ] ;

w[ c o l ] [ 1 ] += . . .
Anext ++;

}
w[ i ] [ 0 ] += sum0 ;
w[ i ] [ 1 ] += . . .

}

Figure 1. Static analysis is challenged by sparse array reduction
operations and the inner while loop in the SPEC equake benchmark.

nificant improvements when compared with state-of-the-art paral-
lelizing compilers, but comes close and sometimes exceeds the per-
formance of manually parallelized codes. We show that profiling-
driven analyses can detect more parallel loops than static tech-
niques. A surprising result is that all loops classified as parallel
by our technique are correctly identified as such, despite the fact
that only a single, small data input is considered for parallelism
detection. Furthermore, we show that parallelism detection in iso-
lation is not sufficient to achieve high performance, and neither
are conventional mapping heuristics. Our machine-learning based
mapping approach provides the adaptivity across platforms that is
required for a genuinely portable parallelization strategy. On av-
erage, our methodology achieves 96% of the performance of the
hand-tuned OpenMP NAS and SPEC parallel benchmarks on the
Intel Xeon platform, and a significant speedup over manually par-
allelized codes for the Cell platform, demonstrating the potential
of profile-guided machine-learning based auto-parallelization for
complex multi-core platforms.

Overview. The remainder of this paper is structured as follows.
We motivate our work based on simple examples in section 2. This
is followed by a presentation of our parallelization framework in
section 3. Our experimental methodology and results are discussed
in sections 4 and 5, respectively. We establish a wider context of
related work in section 6 before we summarize and conclude in
section 7.

2. Motivation
Parallelism Detection. Figure 1 shows a short excerpt of the svmp
function of the SPEC equake benchmark that takes up more than
60% of the total execution time. While conservative static analysis
fails to parallelize both loops due to sparse matrix operations and
the inner while loop, profiling-based dependence analysis provides
us with the additional information that no actual data dependence
inhibits parallelization for a given sample input. While we still can-
not prove absence of data dependences for every possible input we

can classify both loops as candidates for parallelization (reduction)
and, if profitably parallelizable, present it to the user for approval.
This example demonstrates that static analysis is overly conserva-
tive. Profiling information, on the other hand, can provide accu-
rate dependence information for a specific input. When combined
we can select candidates for parallelization based on empirical ev-
idence and, hence, can eventually extract more application paral-
lelism than purely static approaches.

#pragma omp f o r r e d u c t i o n ( + : sum ) p r i v a t e ( d )
f o r ( j =1 ; j <= l a s t c o l �f i r s t c o l �1; j ++) {

d = x [ j ] � r [ j ] ;
sum = sum + d ⇥ d ;

}

Figure 2. Complex mapping for the simple cg benchmark.

Mapping. In figure 2 a parallel reduction loop originating from
the parallel NAS cg benchmark is shown. Despite the simplicity of
the code, mapping decisions are non-trivial. For example, parallel
execution of this loop is not profitable for the Cell BE platform due
to high communication costs between processing elements. In fact,
parallel execution results in a massive slowdown over the sequen-
tial version for the Cell for any number of threads. On the Intel
Xeon platform, however, parallelization can be profitable, but this
depends strongly on the specific OpenMP scheduling policy. The
best scheme (“STATIC”) results in a speedup of 2.3 over the se-
quential code and performs 115 times better than the worst scheme
(“DYNAMIC”) that slows the program down to 2% of its original,
sequential performance. This example illustrates that selecting the
correct mapping scheme has a significant impact on performance.
However, the mapping scheme varies not only from program to pro-
gram, but also from architecture to architecture. Therefore, we need
an automatic and portable solution for parallelism mapping.

3. Parallelization Framework
In this section we give an overview and technical details of our
parallelization framework. As shown in figure 3 a sequential C pro-
gram is initially extended with plain, parallel OpenMP annotations
for parallel loops and reductions as a result of our profiling-based
dependence analysis. In addition, data scoping for shared and pri-
vate data also takes place at this stage. In a second step we add
further OpenMP work allocation clauses to the code if the loop is
predicted to benefit from parallelization, or otherwise remove the
parallel annotations. This also happens for loop candidates where
correctness cannot be proven conclusively and the user disapproves
with the parallelizer’s decision. Finally, the parallel code is com-
piled with a native OpenMP compiler for the target platform. A
complete overview of our tool-chain is shown in figure 4.

3.1 Profile-Driven Parallelism Detection
We propose a profile-driven approach to parallelism detection
where the traditional static compiler analyses are not replaced,
but enhanced with dynamic information. To achieve this we have
devised a novel instrumentation scheme operating at the interme-
diate representation (IR) level of the compiler. Unlike e.g. (20) we

Sequential
Code

Code with
Parallel 

Annotations

Code with
Extended 

Annotations

Profiling Based
Analysis

Machine-Learning
Based Mapping

Figure 3. Two-staged OpenMP parallelization using profiling-
driven parallelism detection and machine-learning based mapping.
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• SPEC equake

• Both loops are parallel

• Compilers don’t like

• Indirect accesses

• While loops

• Reductions over arrays

• ICC fails to detect any 
parallelism

equake (75%)
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Why poor performance?



• Key point: restrictions of static analysis can be overcome using precise, 
dynamic information  

• How? 
• Instrument the compiler representation 
• Track all read/writes to memory 
• Dynamically reconstruct precise view of control and data flow 
– Identify parallel loops 
– Unsafe so check with user 
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Sequential
code
in C

Code with
OpenMP 
annotations

Code with
profitable
loops

Profiling-driven
analysis

Machine-Learning
based mapper

Profiling and ML mapping



icc Profile-driven Manual
Application #loops(%cov) #loops(%cov) #loops(%cov)
bt 72 (18.6%)

)
205 (99.9%) 54 (99.9%)

cg 16 (1.10%)
)

28 (93.1%) 22 (93.1%)
ep 6 (<1%) 8 (99.9%)

)
1 (99.9%)

)ft 3 (<1%) 37 (88.2%) 6 (88.2%)
is 8 (29.4%)

)
9 (28.5%)

)
1 (27.3%)

)lu 88 (65.9%)
)

154 (99.7%)
)

29 (81.5%)
)mg 9 (4.70%)

)
48 (77.7%)

)
12
70

(77.7%)
)sp 178 (88.0%)

)
287 (99.6%)

)
70 (61.8%)

)equake 29 (23.8%)
)

69 (98.1%)
)

11 (98.0%)
)art 16 (30.0%)

)
31 (85.6%)

)
5 (65.0%)

)ammp 43 (<1%) 21 (1.40%) 7 (84.4%)

• ICC good number of loops  
• But poor sequential time coverage 
– Majority of loops too short to be profitable
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ML good profitability heuristic
ML:96% of hand-parallelized    
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Comparison against hand-coded
C

Source to source compiler LLVM

Original OpenCL

Nvidia

Transformed OpenCL

1. Clang

3. Axtor

4. Proprietary Compiler

2. CoarseningLLVM IR

AMD Intel

I 3 transformations
I Thread coarsening: using divergence analysis
I Stride optimisations
I Work group size

Source to source compiler LLVM

Original OpenCL

Nvidia

Transformed OpenCL

1. Clang

3. Axtor

4. Proprietary Compiler

2. CoarseningLLVM IR

AMD Intel

I 3 transformations
I Thread coarsening: using divergence analysis
I Stride optimisations
I Work group size

Can we use data driven approach to EXPLAIN behaviour? [14]
- later optimise [15]

Using ML for GPU optimisation
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Comparison against hand-coded
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What is compilation


Why do we need new technicues


Automation


Search/ Auto-tuning/ Iterative compilation


ML for compilation


Features, models and applications


Summary



• Since Cavazos 1997  hundreds of paper 
• Too many on flag selecting 

• Too much interest in  models rather than data 
• Excellent for profitability heuristics 

• Hand-written analytic heuristics usually pointless  
• Not used for anything involving correctness 

• Key issue of transfer often missed 
• Since 2010s 

• Interest in auto-feature selection 
• Beyond classification/regression - generative techniques for regression

Old School ML for compilers



• This lecture: Motivation and brief survey of auto-tuning/machine learning 
for compilers 

• Next L2: 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

Overview
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