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ML Compilers

https://knowen-production.s3.amazonaws.com/uploads/attachment/file/5151/MLAccelerators_HPEC_2020_Reuther_CameraReady.pdf 

https://knowen-production.s3.amazonaws.com/uploads/attachment/file/5151/MLAccelerators_HPEC_2020_Reuther_CameraReady.pdf


Common Architectures

https://arxiv.org/pdf/2002.03794 

Hardware independent Hardware dependent

https://arxiv.org/pdf/2002.03794


High Level IR - Graph IR Representation

DAG-based IRs
Nodes denote atomic DL operators
Edges denote tensors and dependencies

https://arxiv.org/pdf/2002.03794 

Figure from TVM: An Automated End-to-End Optimizing Compiler for Deep Learning 

https://arxiv.org/pdf/2002.03794
https://arxiv.org/pdf/1802.04799


High Level IR - Graph IR Representation

Let-binding based IRs

● Defining an expression with let 
keyword

● Control flow easier
● Relay IR from TVM incorporates 

both Let-binding based IR and 
DAG-based IR

https://arxiv.org/pdf/2002.03794 

https://arxiv.org/pdf/2002.03794


High Level IR - Implementation

Tensors - Multi-dimensional Arrays

Represented by either memory pointers or placeholders

Placeholders - variables with shape information that will be populated with data 
later

- Support unknown/dynamic shapes
- Aware of different data layouts
- Memory boundaries

https://arxiv.org/pdf/2002.03794 

https://arxiv.org/pdf/2002.03794


High Level IR - Implementation

https://arxiv.org/pdf/2002.03794 

https://arxiv.org/pdf/2002.03794


High Level IR - Optimizations

DAG optimizations

Defined in passes

Three levels

Node level 

Block level

Dataflow level

https://arxiv.org/pdf/2002.03794 

https://arxiv.org/pdf/2002.03794


High Level IR - Node Level Optimizations

https://arxiv.org/pdf/2002.03794 

https://arxiv.org/pdf/2002.03794


High Level IR - Block Level Optimizations

https://arxiv.org/pdf/2002.03794 

https://arxiv.org/pdf/2002.03794


High Level IR - Block Level Optimizations

Operator Fusion (TVM implementation)

Classes
● injective (one-to-one map, e.g., add) 
● reduction (e.g., sum) 
● complexout-fusable (can fuse element-wise map to output, e.g., conv2d) 
● opaque (cannot be fused, e.g., sort) 

Rules
● injective operators can be fused into another injective operator 
● reduction operator can be fused with input injective operators 
● complex-out-fusable can fuse injective operators to its output

Operator sinking 

https://arxiv.org/pdf/2002.03794 

https://arxiv.org/pdf/2002.03794


High Level IR - Dataflow Optimizations

Common sub-expression elimination (CSE) 

An expression E is a common sub-expression if the value of E is previously computed, and the value 
of E has not to be changed since previous computation 

Dead code elimination (DCE) 

A set of code is dead if its computed results or side-effects are not used. 

Static memory planning 

In-place vs. standard memory sharing

Layout transformation 

Performance often dependent on tensor layout. Best tensor layout depends on target device.

https://arxiv.org/pdf/2002.03794 

https://arxiv.org/pdf/2002.03794


Low Level IR - Implementation

High Level IR is lowered to Low Level IR

https://arxiv.org/pdf/2002.03794 

High Level IR (Pseudo) Low Level IR

https://arxiv.org/pdf/2002.03794


Low Level IR - Implementation

https://arxiv.org/pdf/2002.03794 

Real examples of Low Level IR
Torch Inductor IR

TVM IR

Glow IR

https://arxiv.org/pdf/2002.03794
https://github.com/meta-pytorch/workshops/blob/master/NeurIPS_2022/TorchInductor%20Deep%20Dive%20-%20NeurIPS%202022.pdf
https://arxiv.org/pdf/1802.04799
https://arxiv.org/pdf/1805.00907


Low Level IR - Implementation

High Level IR lowered into Low Level IR

Optimizations and Autotuning

Low Level IR lowered to device code

https://arxiv.org/pdf/2002.03794 

https://arxiv.org/pdf/2002.03794


Low Level IR - Optimizations

https://arxiv.org/pdf/2002.03794 

https://arxiv.org/pdf/2002.03794


Low Level IR - Autotuning

https://arxiv.org/pdf/2002.03794 

Define input/outputs
Input: Target Device, register count, shared memory size
Output: Tile size, grid size, loop ordering

Cost model
Black box
ML model
Heuristics

Search Method
Genetic Algorithm
Simulated annealing algorithm 
Reinforcement learning 

Acceleration
Parallelization 
Configuration reuse 

https://arxiv.org/pdf/2002.03794


Low Level IR - Lower to device

https://arxiv.org/pdf/2002.03794 

Kernel Libraries

Intel - DNNL

NVIDIA - cuDNN

AMD - MIOpen

Code Generation

Triton, CUDA, CUTLASS, …
LLVM IR

https://arxiv.org/pdf/2002.03794
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➔ Theano: A CPU and GPU Math Compiler in Python 
➔ TensorFlow: A system for large-scale machine learning 

https://www.researchgate.net/publication/228832149_Theano_A_CPU_and_GPU_math_compiler_in_Python
https://arxiv.org/pdf/1605.08695


Theano (2010)

From Wikipedia

https://en.wikipedia.org/wiki/Theano_(software)


Theano - Compilation

Canonicalization - Simplify expression

Stabilization - Numerical stability

Specialization - Replace expressions 

GPU Transfer - Replace CPU with GPU 
implementation

Code Generation - Produces and loads 
modules for the expression in the 
computation graph



Theano - Benchmark



TensorFlow 

Represents ML program as a DAG

Nodes = operations

Edges = tensors

Stateful Nodes = variables, queues, checkpoint ops, etc.

Makes the communication explicit, enables distributed and heterogeneous 
execution



TensorFlow - Graph

Operators and Tensors as nodes and edges

Graph level optimizations

Operations have multiple kernel 
implementation for different devices

In a heterogeneous distributed environment, 
we can place different operators on different 
devices (CPU, GPU, TPU)

Enabled by stateful variables and queues



TensorFlow - Placement

Device Placement Optimization with Reinforcement Learning 

A Hierarchical Model for Device Placement

Placeto: Learning Generalizable Device Placement Algorithms for Distributed 
Machine Learning 

https://arxiv.org/pdf/1706.04972
https://static.googleusercontent.com/media/research.google.com/en//pubs/archive/46646.pdf
https://arxiv.org/pdf/1906.08879
https://arxiv.org/pdf/1906.08879


➔ AutoGrad (Ch. 4)
➔ Chainer: A Deep Learning Framework for Accelerating the Research Cycle 
➔ PyTorch: An Imperative Style, High-Performance Deep Learning Library 
➔ Glow: Graph Lowering Compiler Techniques for Neural Networks 
➔ PyTorch 2: Faster Machine Learning Through Dynamic Python Bytecode 

Transformation and Graph Compilation 

https://dougalmaclaurin.com/phd-thesis.pdf
https://arxiv.org/pdf/1908.00213
https://arxiv.org/pdf/1912.01703
https://arxiv.org/pdf/1805.00907
https://docs.pytorch.org/assets/pytorch2-2.pdf
https://docs.pytorch.org/assets/pytorch2-2.pdf


Designed to make gradients effortless

AutoGrad (2015)



AutoGrad - Computation Graph

Introduced Reverse-mode differentiation

Transform computation graph F to gradient function F’

Constructing Computation Graph F

1) Direct specification of graph (Theano)
2) Source code inspection (interpreter)
3) Monitoring function execution (AutoGrad)



AutoGrad - Computation Graph

Given a node in the tape, we can recursively trace through the graph!



AutoGrad - Applying Backward Pass

Backward pass - applying 
reverse accumulation mode 
differentiation procedure

Create a separate tape for 
each variable we want the 
gradient with respect to, 
each node keeps track of 
the tape it belongs to, each 
node inherits tapes from 
their parents



AutoGrad - Computation Graph

Requires supporting gradients of many primitives!



Problem: Many deep learning frameworks use DSLs, are hard to debug, can’t use 
standard programming debuggers.

Solution: Chainer builds the computation graph through the execution trace!

Chainer (2019)



Chainer (2019)

Source

https://www.slideshare.net/slideshow/introduction-to-chainer-11-may2018-96768990/96768990


Chainer - Object Oriented Models

Compositionality is important!

In Define-by-Run paradigm, 
model must be bound to 
parameters

Can’t just use functions 
anymore, resolved with 
object-oriented programming

First introduced by Chainer in 
2015



Chainer - Backpropagation

Memory-Efficient Backpropagation

Global Memory Usage Reduction

Reference-counting garbage collection

Subgraph is released immediately once rendered unreachable

Local Memory Usage Reduction

Some nodes (ex: tanh) do not require input to compute gradient

Explicitly set with retain_inputs and retain_outputs 

Creates the need to separate Variable from VariableNode, otherwise data will 
always be referenced and can not be freed by the graph!



Chainer - CuPy

CuPy was developed as the backend for Chainer



PyTorch (2019)

Problem: Dynamic eager execution is useful but leads to low performance

Solution: PyTorch replaces some core ideas from Chainer

1) C++ core
2) Separate control and data flow
3) Custom caching tensor allocator
4) Multiprocessing



PyTorch - C++ Core

Libtorch library implements tensor data structure, GPU and CPU operators, 
automatic differentiation system, gradient formulas implemented in C++

Control flow is handled in Python

Computation is handled in C++ for CPU. 

For GPUs, CUDA kernels are invoked and queued on the GPUs hardware FIFO 
using CUDA stream



PyTorch - Custom caching tensor allocator 

Operators dynamically allocate an output tensor

But using cudaFree blocks the caller until all queued GPU work is complete!

PyTorch created a custom allocator

Incrementally build a cache of CUDA memory

Reassign it later without using CUDA APIs

One-pool-per-stream design assumption



Glow (2019)

Glow is an abbreviation of Graph Lowering

General compilers do not optimize ML model code well



Glow - High-level IR

Strongly typed dataflow graph

Graph-level optimization
Dead Code Elimination
Constant Propagation and Folding
Graph rewriting

High-level operator is then lowered into 
low-level linear algebra nodes



Glow - Low-level IR

IRGen - IR Generation

Two memory regions: “declare” (global) and 
“program” (local)

Instruction operand qualified with

@in

@out

@inout

Optimiztions like copy elimination or buffer 
sharing 



Glow - Lowering and Instruction Lifetime

From the Glow paper

https://arxiv.org/pdf/1805.00907


Glow - CPU Backend

Glow could call BLAS or Eigen to implement DL operators

These have runtime checks and optimized implementation are dependent on specific 
tensor sizes, address of buffer, pointer aliases.
Low-level IR has this information, libraries do not!

Glow implements a small standard library that is compiled into LLVM bitcode.

Glow also runs operator stacking optimization

Low-level IR gets lowered into LLVM IR

LLVM IR optimizations take place 

machine code is emitted



PyTorch 2 (2024)

TorchDynamo - Graph Compilation

TorchInductor - Compiler



TorchInductor - Decomposition

Simplifies graph operators into a simpler set of operators

TorchInductor has 191 decompositions!



TorchInductor - Lowering

TorchInductor has lowers for 433 PyTorch operators

ops.load 
ops.store 
ops.reduction 
ops.index_expr 
ops.masked 
ops.rand
ops.mul
ops.add  



TorchInductor - Scheduling

Determines which operators get fused, order kernel run in, memory planning

Every buffer in the IR converted into a subclass of BaseSchedulerNode 

SchedulerNode 

ExternKernelSchedulerNode 

NopKernelSchedulerNode 

FusedSchedulerNode 



TorchInductor - Scheduling

scheduler.can_fuse(node1, node2) 
scheduler.score_fusion(node1, node2) 

Until no additional fusion remains

1) Find all fusion opportunities
2) Score and sort fusion opportunities
3) Check if fusion is legal and apply it



TorchInductor - Triton Code Generation

Maps TorchInductor’s IR to Triton kernels



➔ Halide: A Language and Compiler for Optimizing Parallelism, Locality, and 
Recomputation in Image Processing Pipelines 

➔ TVM: An Automated End-to-End Optimizing Compiler for Deep Learning 

https://people.csail.mit.edu/jrk/halide-pldi13.pdf
https://people.csail.mit.edu/jrk/halide-pldi13.pdf
https://arxiv.org/pdf/1802.04799


Problem - Adobe has deep, wide image pipelines needing to be optimized on many 
different hardware.

Current tools require handwriting C, C++, CUDA kernels, infeasible!

Solution - Halide DSL and compiler

Halide (2013)



Halide - Motivation

C++ Implementation of local Laplacian filters has dozens of loop nests and hundreds of lines of 
code!

Different hardware will have different performance based on loop structure



Halide - DSL Algorithm 

Halide decouples the algorithm from the strategy



Halide - Scheduling Motivation

• When and where should the value at each coordinate in each function be computed? 

• Where should they be stored? 

• How long are values cached and communicated across multiple consumers, and when are they 
independently recomputed by each? 

Choices that don’t affect the computed value but affect performance

Three axis:

producer-consumer locality 

parallelism 

redundant recomputation of shared values 



Halide - Scheduling Motivating Example

Two stage pipeline



Halide - Scheduling Motivating Example

Breadth-first schedule 

Fused schedule 

Sliding window schedule 



Halide - Scheduling 

Scheduling Choice Space
What granularity to compute and store in?
Within those grains, what order to traverse?

Domain Order 
Dimension traversed sequentially or in parallel
Unrolled or vectorized
Column vs. Row major
Splitting loop

Recursively creates more choices
Call Schedule

breadth-first schedule 
fused schedule 
sliding window schedule 



Halide



Halide - Compiler



TVM (2018)

Problem: Most ML compilers take high level graph level optimizations, then 
require manual tuning for operator level implementation 

Even if backend is supported,

Avoid graph optimizations that yield unsupported operators

We may have unoptimized operators

As more unique devices come out, this will become infeasible to support!



TVM (2018)

Solution: TVM uses ideas from Halide and refactors them for ML compilers!

1) Tensor Expression Language
2) Automated Program Optimization
3) Graph Rewriter



TVM 

graph
Final optimized 
computational graph 
 
lib 
Generated operators 
 
params
Module parameters 



Operator Fusion 

Constant Folding 

Static Memory Planning 

Data Layout Transformations 

Convert data layouts to utilize target device hardware characteristics

Creates unique graph operators not supported by kernel libraries!

TVM - Graph Rewriter



TVM - Tensor Expression Language

● Decoupling of compute and 
scheduling

● Internal data structure to track loop 
structure 

● Incrementally apply schedule 
transformation

● Need to support schedule primitives 
for different target devices



TVM - Nested Parallelism with Cooperation

Nested Parallelism (shared-nothing nested parallelism) 

Introduces memory scopes for thread cooperation



TVM - Tensorization



TVM - Autotuning

- Gradient Boosting model (XGBoost)
- Enumerate through each configuration, return top-k -> too slow
- Random walk through configuration space until cost model predicts 

lower cost
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Papers

TASO: Optimizing Deep Learning Computation with Automatic Generation of 
Graph Substitutions 

Relay: A New IR for Machine Learning Frameworks 

Ansor: Generating High-Performance Tensor Programs for Deep Learning 

Relax: Composable Abstractions for End-to-End Dynamic Machine Learning 

https://www.wisdom.weizmann.ac.il/~padon/taso-sosp19.pdf
https://www.wisdom.weizmann.ac.il/~padon/taso-sosp19.pdf
https://arxiv.org/pdf/1810.00952
https://arxiv.org/pdf/2006.06762
https://arxiv.org/pdf/2311.02103
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Mega-Kernels



Mirage 



ExecuTorch


