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TVM: An automated end-to-end optimizing compiler for deep learning

1. DL Complier

2. End To End Transformation 3.1. ML for ML system

123

“Iron Law” Equation Source: “Machine Learning System Vol1 Chap 7”
Complexity Analysis Source: “Deep Learning Systems: Algorithms, Compilers, and Processors for Large-Scale Production Chap 9”

“The combination of F frameworks, M microarchitectures
(hardware targets), P primitives, S schedules per primitive (a
primitive function may have different schedules depending on
the size of the operands), and D different numerical formats

has an implementation cost in the order of O(FMPSD)”

3.2. Solution to M x N x... Problem



DL Model in layers of Abstraction...
1. ML framework-level code

2. Relay IR: graph-level representation

3. Tensor Expression: declarative tensor computation

4.1. TensorIR / TIR: imperative loop-level representation 4.2. Scheduled TensorIR: tiled loop version

5. Lowered CPU-style loop code



Figure 7.3 source: “Machine Learning System Vol1 Chap 7”

1. Computational Graph and Graph Level Optimization:  
The Macro-View of Operations

Road Map

Possible Graph Level Optimizations
Operator Fusion
Constant Folding
Static Memory Planning Pass
Data Layout Transformations

(+ Dead Code Elimination 
 + Common Expression Elimination)

Fun facts about Computational Graph
Hardware-Agnostic
DAG Data Structure
Operate on Tensor
Pure Dataflow



Hand-Drawn Figure Source: “Making Deep Learning Go Brrrr from First Principles”

1.1. Operator Fusion: 
Boost Arithmatic Intensity

“Operator fusion combines multiple
operators into a single kernel
without saving the intermediate

results in memory.”

Four categories of operators:
injective (+element-wise)
reduction
complex-out-fusable
opaque

Three practice of operator fusion:
Injective → Injective
Injective → Reduction
Complex-out-fusable → Injective

Search Method:
Heuristic / Rule-Based



1.2. Data Layout Transformation:
Align Tensor Storage Format to Physical Access Pattern

“Convert computational graph into one that can use better
internal data layouts for execution on the target hardware.”

Explicit Layout Transformation +
Propagation in Graph

Mapping logical dimensions to linear
physical memory address space

1.Channel First

2.Channel Last

3.Blocked Layout



2. Declarative Tensor Expression: 
Separation of Compute and Schedule

Road Map

“Tensor expression language supports common arithmetic

and math operations and covers common DL operator
patterns. The language does not specify the loop
structure and many other execution details.”

A mathematical
blueprint that defines
the iteration spaces
and the operations
applied to them.

 Hardware Info lie
in Schedule System

Pass Math Info to
Tensor Expression



3. Imperative Nested Loop: The Micro-View of OperationsRoad Map

Schedule Process:

“Build a schedule by incrementally

applying basic transformations

(schedule primitives) that preserve
the program’s logical equivalence.”



“Mapping Principle” Paragraph Source: “Machine Learning System Vol1 Chap 7”

TVM Schedule Primitives

Factors To

Consider...

3.1. Nested Loop Transformation: Finding Efficient Hardware Mapping



Special Memory Scope (GPU + DSA): 

From “Shared-Nothing” to Cooperatively Fetching

Introduce Corresponding
Schedule Primitives in

Schedule Space to mimic
target CUDA program

3.2. More about Schedule Primitives...

[Def] “Memory fetch sharing, also known as nested parallelism
with cooperation, improves fetching data from memory.

Threads with local shared memory space cooperatively fetch
data from higher levels in the memory hierarchy.“

Definition Source: “Deep Learning Systems: Algorithms, Compilers, and Processors for Large-Scale Production Chap 8”
Figure 5.7 Source: “Programming Massively Parallel Processors: A Hands-on Approach Chap 5“



Tensorization (CPU + GPU + DSA): 

Extensible Solution to Vectorize with rank > 1

“We introduce a tensorize schedule primitive to replace a unit
of computation with the corresponding intrinsics. The compiler
matches the computation pattern with a hardware declaration

and lowers it to the corresponding hardware intrinsic.”

2-Step Support

“We use the same tensor expression
language to declare both the behavior
of each new hardware intrinsic and the

lowering rule associated with it.”

3.2. More about Schedule Primitives...

Definition Source: “Deep Learning Systems: Algorithms, Compilers, and Processors for Large-Scale Production Chap 8”

[Def] “Micro-kernel and intrinsic matching

matches and replaces a block of
computations with the corresponding micro-
kernel or corresponding hardware intrinsic.”



Latency Hiding/Virtual Threading (DSA only):

For Decoupled Access-Execute Architecture
which offload synchronization to software

3.2. More about Schedule Primitives...

Definition Source: “Deep Learning Systems: Algorithms, Compilers, and Processors for Large-Scale Production Chap 8”  
Figure 1 Source: “Decoupled Access/Execute Computer Architectures”

[Def] “Memory transfers, also known as explicit memory latency
handling, is used in conjunction with the memory allocation pass.

It adds memory access instructions to transfer data to and from
memory banks to overlap memory transfers with computations.“

EX

LD

RAW dependency

WAR dependency

1. Write standard multi-
threading program

2. Automatically inject
low-level enqueue and

dequeue tokens

3. Interleaves virtual
threads into a single
list of instructions



4.1. Explosive Factors to Consider and Possible Search Space

Figures Source: “Machine Learning System Vol1 Chap 7”
Comment Source: “Deep Learning Systems: Algorithms, Compilers, and Processors for Large-Scale Production Chap 9”

“Finding the optimal schedule is an NP-
complete problem with potentially billions
of choices for a single expression. RL and
ML techniques can improve DL compilers.”



4.2. Automated Nested Loop Schedule Optimizer

4.2.1 Main Component: Schedule Explorer  Tensor
Expression

Exposed Knobs +
Hardware

Constraints

“Search space contains every possible version of a kernel that produces the
correct mathematical result but differs in its execution strategy. Constructing
this space requires parametrizing the transformation primitives.The compiler

then treats code generation as a constraint satisfaction and minimization
problem where the objective function is execution time.”

Source: “https://apxml.com/courses/compiler-optimizations-machine-learning”

AutoTVM: Template Based

Define Search Space

Define Search Algorithm

“Because we cannot compute gradients with respect to
schedule parameters, we rely on black-box optimization

algorithms. These algorithms sample configurations from
the search space and evaluating their quality.“

AutoTVM: Simulated Annealing

https://apxml.com/courses/compiler-optimizations-machine-learning


4.2. Automated Nested Loop Schedule Optimizer

4.2.2 Main Component: ML Cost Model Tensor
Expression

Exposed Knobs +
Hardware

Constraints

Other
alternativs ...

Model: Gradient
Boosting Tree

(XGBoost)

Objective function: Correct
Relative Order / Rank

Source: “https://apxml.com/courses/intro-ml-compiler-optimization”

“A cost model acts as a high-throughput surrogate for the hardware,
predicting the performance of a specific schedule without executing it.
This allows the search algorithm to query the performance of thousands of

candidates per second, filtering down to only the most promising
configurations for actual hardware benchmarking.”

Active Learning
Process

ML Based Cost

Model

Proposed 
Schedule

Configuration 

Predicted
Running

Time

Feature

Extraction

Convert Loop Configuration
into Feature Vector

https://apxml.com/courses/intro-ml-compiler-optimization


5. Many Good Quantative Results...
Server Class GPU Embedded CPU Embedded CPU 
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