
Rethinking Compilation:L3 





Overview

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

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

● This lecture: Program embeddings and Graph Neural Networks
● L4: Program synthesis and neural synthesis
● L5: Neural Machine Translation,Transformers and Large 

language models



Machine Learning on Code

int i, j;
for (i = 0; i < N; i++)
  for (j = 0; j < N; j++)
    y[i] += A[i][j]*x[j];

int i, j;
for (i = 0; i < N; i+=4)
  for (j = 0; j < N; j++)
    y[i] += A[i][j]*x[j];
    y[i+1] += A[i+1][j]*x[j];
    y[i+2] += A[i+2][j]*x[j];
    y[i+3] += A[i+3][j]*x[j];

Loop Unrolling

Vulnerability Detection
   i = read(STDIN_FILENO, msg, sizeof(msg)-1);
   memcpy( username, msg+2, i-2);

Code Clone Detection

Algorithm Detection
int i, j, k;
for (i = 0; i < N; i++)
  for (j = 0; j < N; j++)
    for (k = 0; k < N; k++)
      C[i][k] += A[i][j]*B[j][k]

gemm(A, B, C)

Complex and undecidable problems → Machine Learning techniques

Motivation



Beyond classic machine learning techniques

Automating feature engineering More sophisticated models for 
harder tasks

Dealing with programs 
represented as complex 
datastructures

#Comp
#Mem
#...
#...

Source
Code

ML

Transformed 
Code

→ Need for better 
ML techniques!
(this lecture)

Motivation



● Motivation
● Embedding Techniques

○ Feature Engineering
○ Learned Embeddings

● Code Modeling
○ Sequences
○ Graphs
○ Sequences II – Transformers

○ Combinations of Sequences & Graphs
○ Interpreters

Course content
Overview



DecisionProgram Embedding Model

ML Technique

Overview
Embedding Techniques



Feature Engineering
Embedding Techniques

DecisionProgram Embedding Model

ML Technique

#Comp
#Mem
#...
#...

Feature 
Engineer

Problem: Features not optimal and engineering time-consuming
Device Mapping Heuristic by Wang [3]



Learned Embeddings
Embedding Techniques

DecisionProgram Embedding Model

ML Technique

Embedding 
Model

Use models to learn embeddings automatically!



Learned Embeddings
Embedding Techniques

● Pre-compute feature vectors 
(“Embeddings”)

● DeepTune [4]
○ Training on task A with large 

dataset
→Embedding

○ Re-using Language Model of 
task A for task B, then train 
on small-scale dataset



Learned Embeddings
Embedding Techniques

● Word2vec [1]
○ Self-supervised training with 

contextual similarity objective: 
Tokens with similar context 
should have similar embedding

○ Multi-layer Perceptron (MLP) 
model predicts context

○ MLP later used for vector lookup



Learned Embeddings
Embedding Techniques

● Word2vec on Code: Inst2vec [2]
○ Pre-train word2vec style 

embeddings on LLVM IR graphs 
with contextual similarity 
objective

○ Predict types of neighbouring 
nodes in graph

○ Trained on 50 mio. lines of code

○ Significant performance gain vs. 
no pre-trained embeddings



● Motivation
● Embedding Techniques

○ Feature Engineering
○ Learned Embeddings

● Code Modeling
○ Sequences
○ Graphs
○ Sequences II – Transformers

○ Combinations of Sequences & Graphs
○ Interpreters

Course content
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DecisionProgram Embedding Model

ML Technique

Embedding 
Model

After extracting embeddings, learn models of code

Code Modeling

Overview



Code Modeling

Lexical Analyzer

Parser + 
Semantic Analyzer

LLVM IR
Generator

Optimization 
Pass

Source Code

Source Tokens

AST

LLVM IR

int

int foo(int i) {
  while(i<100) {i=i*i;}
  return i;
}

foo ( int i ) { while

%2 = alloca i32 , align 4
store i32 %0

How to represent programs?

Sequences Graphs



Lexical Analyzer

Parser + 
Semantic Analyzer

LLVM IR
Generator

Optimization 
Pass

Source Code

Source Tokens

AST

LLVM IR

int

int foo(int i) {
  while(i<100) {i=i*i;}
  return i;
}

foo ( int i ) { while

%2 = alloca i32 , align 4
store i32 %0

Sequence Program Representations

● Program as token 
sequence

● Different abstraction levels
○ Characters
○ Source language
○ Compiler internal 

representations (IRs)

● Normalization of identifiers 
helps generalization

Code Modeling
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Sequence Models – DeepTune [4]

● Recurrent Neural Network
○ Processes tokens one-by-one
○ Captures sequential dependencies

int foo ( }

Code Modeling

● Input: Sequence of C tokens

● One-hot encoding of tokens

● Output: Hidden states
● Final hidden state used for 

prediction
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Sequence Models – inst2vec [2]

● Recurrent Neural Network
○ Processes tokens one-by-one
○ Captures sequential dependencies

int foo ( }

Code Modeling

● Input: Sequence of C tokens

● One-hot encoding of tokens

● Output: Hidden states
● Final hidden state used for 

prediction

● Lookup of embedding



Sequence Models – inst2vec [2]
Code Modeling



● Motivation
● Embedding Techniques

○ Feature Engineering
○ Learned Embeddings

● Code Modeling
○ Sequences
○ Graphs
○ Sequences II – Transformers

○ Combinations of Sequences & Graphs
○ Interpreters

Course content
Overview



Graph Models

Code Analyses

Code Modeling

● Idea: Learn a model on known code structures



Graph Program Representation

● Represent programs as 
graphs

● Compiler-internal 
information represented as 
edges
○ Control-flow
○ Use-def

● Normalized by construction

Lexical Analyzer

Parser + 
Semantic Analyzer

LLVM IR
Generator

Optimization 
Pass

Source Code

Source Tokens

AST

LLVM IR

Code Modeling



Graph Models

● Graph Neural Networks
○ Input: Nodes, Edges
○ Output: Graph 

embedding hG

● Propagation Style
○ Graph-based

● Modeling Capability
○ Relations

Phase 1: Message Passing

Phase 0: Initialization

Phase 2: Embedding 
Aggregation

Code Modeling



Graph Models
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Phase 1: Initialization

● Initialize each node with hidden state
○ One-hot encoded
○ Produced by learned function

Code Modeling



T = 0
n1 n2

n3

n4 n5

T = 1
n1 n2

n3

n4 n5

T = 2
n1 n2

n3

n4 n5

f
prop

f
prop

Phase 2: Message Passing

● f_msg forms messages, based on node state
● f_prop computes new node state, based on aggregated messages
● f_msg and f_prop are learned functions

Graph Models
Code Modeling
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Phase 3: Embedding Aggregation

● Aggregate node embeddings to a graph 
embedding

● f_m and g_m are learned functions

Graph Models
Code Modeling



Graphs – GNNs4Compilers [5]

● Program Representation
○ Clang AST + Use-Def
○ LLVM IR Graphs

● Code Model
○ GNN

Code Modeling

propagate propagate

Features

aggregate



Graphs – ProGraML [6]
Code Modeling

● Program Representation
○ LLVM IR Graphs

● Embedding
○ Pre-trained 

inst2vec 
embeddings

● Code Model
○ GNN



Code Modeling

GNNs yield best 
performance

GNNs significantly 
outperform RNNs (+ 
inst2vec 
embeddings)

Graphs – ProGraML [6]



Graphs – Compiler Analyses [6]
Code Modeling

● GNNs can learn classic 
compiler analyses

● RNNs perform poorly, 
as they don’t represent 
structure explicitly



Graphs – ComPy-Learn [7]
Code Modeling

● Designing own, task-specific code 
representations, based on 
Clang/LLVM

● Auto-extracting these from C/C++ 
code, using just Python

● Learning models of code (RNNs, 
GNNs) on graph structures

● https://github.com/tud-ccc/compy
-learn
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● Code Modeling
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○ Graphs
○ Sequences II – Transformers

○ Combinations of Sequences & Graphs
○ Interpreters

Course content
Overview



Sequences II – Transformers

Graph Neural Networks

Transformers

Transformers are GNNs
● on fully-connected graphs
● with learned attention weights

Intuition
● Transformers operate on graphs 

with “soft edges”

Code Modeling



Encoder

Decoder

Figures: Michael Nguyen

Sequences II – Transformers [9]
Code Modeling
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RNNs, GNNs and Transformers
Code Modeling

RNNs GNNs Transformers

Propagation 
Style

Graph-
based

Sequential Graph/Attention-
based

Modeling 
capabilities

Sequential
Dependencies

Relations Sequential 
Dependencies & 
Relations

Dataset size 
requirements

+ o ++

Complementary properties! → Combine models?
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Alternate RNNs/Transformers with GNNs
[RNN/Transformer,

GNN,

RNN/Transformer]

States with global 
features

States with global + 
relational features

Sequences & Graphs – Sandwich Models [10]
Code Modeling



Sequences & Graphs – “GREAT” Model [10]

Bias query of attention mechanism to relations

Learnable edge 
type embedding

Additional bias

Attention score

“Soft” relational bias
- Free to attend to any token, even ones 

that are not in explicit in input data 
structure (including global information)

Code Modeling



Smaller datasets:
Graph-based models fit well
(already have relational bias)

Larger datasets:
Soft-biased models 
outperform GGNN

Larger datasets:
GGNNs 

significantly 
outperformed

Larger datasets:
Transformer reaches 

GGNN’s performance

Medium-Larger datasets:
RNNs significantly 

outperformed

Sequences & Graphs [10]

Training Set

Code Modeling



RNN Sandwich best

Transformers on-par with 
GGNN

(Baseline models)
Maximum tokens / sample

GREAT and RNN Sandwich best

Test Set

Code Modeling

Sequences & Graphs [10]
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● Idea: Following the principle 
of an interpreter

Code Modeling

Interpretation – Instruction Pointer Attention GNN [11]



● RNN is a natural fit for execution
○ Statement-by-statement

● Problem: Branches / Non-linear control flow

Code Modeling

Interpretation – Instruction Pointer Attention GNN [11]



● RNN on execution trace (→ Trace RNN)
● Problem: Not static as execution trace 

requires execution

Code Modeling

Interpretation – Instruction Pointer Attention GNN [11]



● Predict what branch to take with a Neural 
Network and update IP accordingly

● Problem: Not differentiable (model makes 
discrete decisions)

Code Modeling

Interpretation – Instruction Pointer Attention GNN [11]



● Soft branch decision (distribution over current 
statements branches)

● Soft instruction pointer (distribution over all 
edges)

→ Supports Branches, Differentiable

Code Modeling

Interpretation – Instruction Pointer Attention GNN [11]



Code Modeling

Interpretation – Instruction Pointer Attention GNN [11]



Code Modeling

TraceRNN has best 
performance
(but not static 
method)

IPA-GNN on-par with 
TraceRNN on larger 
programs

GNN significantly 
outperformed
(steps are limiting)

● Learning-to-Execute 
task
○ Input: Program
○ Output: Result

Interpretation – Instruction Pointer Attention GNN [11]



● IPA-GNN learns instruction pointer mechanism itself

Code Modeling

Interpretation – Instruction Pointer Attention GNN [11]



DecisionProgram Embedding Model

ML Technique

Embedding 
Model

Summary

Word2vec, Inst2vec

Representations
● Sequences
● Graphs

Models
● RNNs (DeepTune, Inst2vec)
● GNNs (GNNs4Compilers, 

ProGraML)
● Transformers
● Mixes (GREAT, IPA-GNN)
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