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Abstract

Machine-learning (ML) applications frequently utilize high-performance ML kernels

to execute tensor operations like matrix product and softmax. An ML kernel can be

decomposed into two components: the implicit algorithm, which defines the tensor

operation that computes the output tensor, and the schedule, which defines how the

operation is implemented. The schedule of an ML kernel determines performance

factors such as memory access patterns and vectorization. Therefore, an efficient

schedule is necessary for an efficient ML kernel. Unfortunately, finding an efficient

schedule for a given ML kernel is difficult and may require intimate knowledge of the

hardware that executes the ML kernel. A decoupled language represents programs

as the combination of a modular algorithm and a modular schedule. Triton is a

high-abstraction language and compiler for parallel programming that is commonly

used to write high-performance ML kernels. Triton follows a block-level program-

ming paradigm that requires programmers to define ML kernels at the thread-block

level. This programming paradigm allows developers to ignore low-level details such

as shared memory and thread coalescence, which are automatically handled by the

Triton compiler. Despite these abstractions, writing efficient Triton kernels by hand

remains a tedious and error-prone experience for two reasons: Triton kernels still

include some low-level details—such as pointer arithmetic—and iterating on a kernel

schedule in Triton is difficult due to a tight coupling between the algorithm and the

schedule. Furthermore, higher-level ML frameworks that generate Triton kernels, like
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PyTorch, may not generate efficient schedules and do not allow users to provide their

own scheduling.

We propose Decoupled Triton (DT), a block-level decoupled Domain Specific Lan-

guage (DSL) and compiler for writing parallel tensor kernels. The DT compiler takes

a modular algorithm and schedule defined in the DT DSL and generates a Triton

kernel. Thus, DT acts as an abstraction layer on top of Triton, decoupling the al-

gorithm from the schedule. The block-level programming paradigm, adopted from

Triton, allows for simple and intuitive scheduling, while the decoupling of the algo-

rithm from the schedule makes ML kernel schedule exploration easy and fast. We

demonstrate that DT enables developers to rapidly explore schedule spaces and find

efficient ML kernels with performance matching, and even exceeding, that of both

ML kernels hand-written by expert Triton developers and ML kernels generated by

PyTorch, a mature ML programming framework.
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Chapter 1

Introduction

Modern Deep-Learning (DL) applications such as natural language processing [27] and

computer vision [32] often require training large models on massive datasets for weeks

to compete with state-of-the-art results. This extensive computation leads to a signif-

icant financial and environmental impact due to substantial energy consumption [37].

Furthermore, modern performance-sensitive DL models such as game-playing Arti-

ficial Intelligence (AI) systems [26] and Generative AI-powered chatbots [27] have

significant pressure to execute their computational graphs quickly during inference.

Consequently, the efficient execution of DL models has become a crucial research

focus.

An important factor in efficiently executing a DL model is the utilization of high-

performance Machine-Learning (ML) kernels that efficiently perform tensor opera-

tions such as matrix product and softmax. Such ML kernels are generally imple-

mented using parallel programming languages and executed on parallel hardware,

such as Graphics Processing Units (GPUs) to leverage the parallel nature of tensor

operations. High-performance vendor libraries such as cuDNN [8] and cuBLAS [9]

supply expert-written low-level kernels — library kernels — for common tensor oper-

ations. However, when working with an uncommon or novel tensor operation that is

not implemented by existing high-performance libraries, developers must implement
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a high-performance ML kernel that performs the tensor operations themselves.

Halide [30, 31] introduced the concept of decoupling the algorithm from the sched-

ule in programming languages for image-processing pipelines. An ML kernel can be

decomposed into two components: the implicit algorithm, which defines the tensor

operation that computes the output tensor, and the schedule, which defines how the

operation is implemented [7]. The schedule of an ML kernel determines important

performance factors such as memory access patterns and vectorization. Therefore,

finding an efficient schedule is necessary for writing an efficient ML kernel. Note that

finding an efficient schedule for a given ML kernel is difficult and may require inti-

mate knowledge of both the hardware that executes the ML kernel and the dimension

sizes of the tensors passed into the ML kernel at runtime. A decoupled language is

a programming language that represents programs as the combination of a modu-

lar algorithm and schedule [30]. This decoupling of the algorithm from the schedule

provides major advantages such as allowing programmers to define the schedule of

their programs using scheduling primitives and to quickly explore different schedules

to find an efficient program.

When writing high-performance ML kernels, developers have two main options: a

low-abstraction parallel programming language such as CUDA [24], OpenCL [36], and

HIP [14], or a high-abstraction parallel programming language such as Triton [38].

Many developers opt for the high-abstraction alternatives like Triton [38], because

low-abstraction parallel languages have steep learning curves and may not be portable

across different hardware. Triton’s main advantages compared to low-abstraction

languages are the result of Triton’s block-level programming paradigm that requires

programmers to define ML kernels at the thread-block level. This programming

paradigm allows developers to ignore low-level details — such as shared-memory and

thread coalescence — that are handled by the Triton compiler automatically. Despite
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these abstractions, writing efficient Triton kernels by hand remains undesirable be-

cause Triton kernels still include some low-level details, such as pointer arithmetic,

which are bug-prone [33] and tedious to write. Furthermore, the tight coupling of the

algorithm and the schedule in the Triton language makes it difficult to explore differ-

ent schedules and iterate upon a schedule to find the most efficient implementation.

Also, ML frameworks that generate Triton kernels, like PyTorch [4], may not generate

efficient schedules and do not allow programmers to provide their own scheduling for

an operation.

This thesis presents Decoupled Triton (DT), a block-level decoupled Domain Spe-

cific Language (DSL) and compiler for writing and exploring efficient ML kernels.

The Decoupled Triton compiler takes a modular algorithm and schedule defined in

the Decoupled Triton DSL and generates a Triton kernel. Thus, Decoupled Triton

acts as an abstraction layer on top of Triton. This layer decouples the algorithm

from the schedule. Adopting the block-level programming paradigm from Triton al-

lows for intuitive and simple scheduling primitives, while decoupling the algorithm

from the schedule allows for user-defined scheduling and rapid schedule exploration.

Furthermore, the higher-level representation of the algorithm in Decoupled Triton

simplifies the definition of ML kernels. This thesis demonstrates that: (1) the De-

coupled Triton DSL is highly expressive, nearing the expressivity of Triton kernels

themselves, limited mainly by an inability to represent highly specialized schedules

like FlashAttention [10]; (2) Decoupled Triton simplifies programming Triton kernels

by abstracting intricate details; (3) Decoupled Triton enables developers to rapidly

explore schedule spaces and find efficient ML kernels with performance meeting, and

even exceeding, that of both ML kernels written by expert Triton developers and ML

kernels generated by PyTorch, a mature ML programming framework.

The statement of this thesis is as follows:
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Decoupling the algorithm from the schedule in a high-abstraction language

focused on Machine-Learning kernels increases the programmability of the

language and facilitates the exploration of schedules for a given computa-

tion.

In summary, this thesis makes the following contributions:

1. Decoupled Triton, a block-level decoupled DSL and compiler for defining and

exploring efficient ML kernels (Chapter 3). This contribution includes an al-

gorithm representation based on tensor expressions and a set of block-level

scheduling primitives.

2. An implementation of the Decoupled Triton DSL and compiler (Section 3.5).

3. An experimental workflow for rapid schedule exploration to find efficient ML

kernels in Decoupled Triton (Section 4.2).

4. A detailed experimental evaluation of Decoupled Triton comparing against both

expert-written Triton kernels and kernels generated by PyTorch (Chapter 4).

The remainder of this thesis is organized as follows. Chapter 2 discusses the relevant

background for Decoupled Triton. Chapter 3 presents the Decoupled Triton DSL and

compiler. Chapter 4 describes an experimental evaluation that compares Decoupled

Triton against expert-written kernels and kernels generated by PyTorch. Chapter 5

discusses the related work of Decoupled Triton. Chapter 6 discusses future research

directions related to Decoupled Triton. Chapter 7 concludes the thesis.
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Chapter 2

Background

This chapter presents the background for decoupling the algorithm from the schedule

in a programming language, illustrating it with an example, and listing its advantages.

Next, the chapter discusses parallel ML kernel languages, including Triton and its

block-level programming paradigm.

2.1 Decoupling the algorithm from the schedule

Halide [30, 31] is a DSL for describing image-processing pipelines that introduced the

concept of algorithm and schedule in a programming language. An image processing

pipeline represented in the Halide DSL is decomposed into two components: the algo-

rithm and the schedule. The algorithm is a functional representation of the pipeline,

while the schedule is a description of how the pipeline is implemented as a program.

In particular, the schedule determines the details of the program implementation,

such as the order in which the output is computed, vectorization, and parallelism.

Listing 2.1 shows an example image-processing pipeline described in Halide. The

algorithm of the pipeline (lines 6–7) is decoupled from the schedule (lines 10–12). In

this text, Halide and other programming languages that decouple the algorithm from

the schedule are referred to as decoupled languages; a programming language that is

not decoupled, like Triton, is referred to as a coupled language.
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Listing 2.1: A 3x3 blur operation defined in Halide’s C++ Application Programming
Interface (API) [30].

1 Func blur_3x3(Func input) {
2 Func blur_x, blur_y;
3 Var x, y, xi, yi;
4

5 // The algorithm - no storage or order
6 blur_x(x, y) = (input(x - 1, y) + input(x, y) + input(x + 1, y)) / 3;
7 blur_y(x, y) = (blur_x(x, y - 1) + blur_x(x, y) + blur_x(x, y + 1)) / 3;
8

9 // The schedule - defines order, locality; implies storage
10 blur_y.tile(x, y, xi, yi, 256, 32)
11 .vectorize(xi, 8).parallel(y);
12 blur_x.compute_at(blur_y, x).vectorize(x, 8);
13

14 return blur_y;
15 }

In decoupled languages, the schedule is defined by a series of scheduling primitives

(lines 10–12 of Listing 2.1). Scheduling primitives are operations that transform the

schedule. An empty schedule, without any scheduling primitives, results in a default

schedule that is sequential, and typically naive, for any given operation. Similarly,

any scheduling decisions not explicitly specified by the scheduling primitives in the

schedule default to some predefined naive scheduling or sometimes the result of a

simple heuristic.

The schedule defines the implementation details of a program. Thus, the sched-

ule, together with the hardware that executes the program, determines performance

factors of the program, such as memory access patterns, hardware utilization, cache

utilization, and feature utilization. Therefore, an efficient schedule leads to an effi-

cient program. Coupled languages typically use an optimizing compiler with analyses

to set the low-level scheduling details, such as vectorization, that are not represented

in the high-level coupled representation [34]. Decoupled languages, such as Halide,

do not use an optimizing compiler. Instead, a code generator converts the provided
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algorithm and schedule into an executable program. Therefore, decoupled languages

rely on the programmer defining an efficient schedule to produce an efficient program.

To facilitate finding an efficient schedule, researchers have developed autoschedulers

that automatically find a schedule to implement a given algorithm. The schedules

found by an autoscheduler can be used directly or modified by the developer. Multiple

autoschedulers have been written for Halide [1, 3, 21, 23].

Compared to a coupled language, a decoupled language offers the following main

advantages:

1. Expert developers can input their knowledge directly into the schedule of the

program. A compiler will not necessarily generate an efficient schedule for any

given program. An expert developer, armed with knowledge about the hardware

that will execute their program, is best positioned to define an efficient schedule.

2. The algorithm and schedule are modular. Extracting the schedule of a program

written in a coupled language like Triton is often difficult, which in turn makes

it harder to modify the algorithm and the schedule independently. Decoupled

languages force a separation of the algorithm from the schedule, making both

components modular. This modularity allows developers to modify the algo-

rithm or schedule of a program without impacting the other component, thereby

simplifying development and improving maintainability.

3. Developers can easily explore different schedules for an algorithm. Due to the

modular representation of the schedule and the exposed scheduling primitives in

decoupled languages, developers can quickly and easily explore many different

schedules for an algorithm to find efficient schedules. This ease of exploration

speeds up development and can teach developers how to write efficient schedules

in general or even for a particular hardware.
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The concept of decoupling the algorithm from the schedule is not exclusive to

image-processing pipelines. For ML kernels, the algorithm is the tensor expression

that computes the output tensor, and the schedule is the description of how the kernel

is implemented. Related work that decouples the algorithm from the schedule for

ML kernels are discussed in Subsection 5.3. This thesis proposes Decoupled Triton, a

decoupled DSL for defining ML kernels that benefits from the advantages of decoupled

representations.

2.2 Parallel Machine-Learning kernel languages

ML applications frequently utilize ML kernels to execute tensor computations such

as matrix product and softmax. Due to the parallel nature of these tensor compu-

tations, parallel architectures like GPUs are natural targets for executing ML ker-

nels efficiently. Thus, developers typically write ML kernels in parallel programming

languages. Prior to the introduction of Triton [38], the available parallel program-

ming languages were low-abstraction programming languages such as CUDA [24],

OpenCL [36], and HIP [14]. Programming an efficient ML kernel in these low-

abstraction parallel programming languages is error-prone and requires a strong un-

derstanding of parallel hardware — GPU architectures — and parallel programming

patterns. Consequently, writing high-performance ML kernels was inaccessible to

many developers and strictly the domain of performance engineers.

2.2.1 Triton and block-level programming

Triton is a high-abstraction parallel programming language and compiler that is pri-

marily used to define ML kernels. The main innovation that Triton introduced is

the block-level programming paradigm [38]. Instead of defining parallel programs

at the thread-level, like in low-abstraction parallel programming languages such as
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CUDA [24], OpenCL [36], and HIP [14], Triton programs are defined at the thread-

block level. To execute a Triton kernel, it is launched as a grid of parallel program

instances. The number of programs in the grid depends on the dimension sizes that

are blocked. Each program instance is responsible for computing a block of the out-

put. This higher-level programming paradigm abstracts many low-level details such

as thread coalescence and shared memory management, which are handled by the

Triton compiler. Triton is a Pythonic language and has direct integration with Py-

Torch types. Experiments have shown that Triton kernels can match the performance

of ML kernels from high-performance vendor libraries such as cuBLAS [9]. The Tri-

ton compiler supports NVIDIA GPUs (Compute Capability 8.0+) and AMD GPUs

(ROCm 6.2+).1

Listing 2.2 shows an example ML kernel written in Triton, taken from the Triton

tutorial.2. In the example kernel, tl.program_id(axis=0) (line 20) retrieves the

program instance index in the launch grid. This index is used to compute the offset

(lines 26–27) into the input and output tensors that the kernel should be loading from

(lines 33–34) and storing to (line 37), respectively. The value of BLOCK_SIZE (line 15)

is a static constant that specifies how many output elements are computed by each

program instance.

Despite the advantages listed above, writing high-performance ML kernels in Triton

has the following disadvantages:

1. Triton kernels still include some low-level details — such as pointer arithmetic

(lines 26–27 and 33–34 of Listing 2.2) — which are bug-prone [33] and tedious

to write.

2. Due to the tight coupling of the algorithm and schedule in the Triton language,
1https://github.com/triton-lang/triton?tab=readme-ov-file#compatibility
2https://triton-lang.org/main/getting-started/tutorials/01-vector-add.html
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Listing 2.2: A vector addition kernel written in Triton.

1 import triton
2 import triton.language as tl
3

4 @triton.jit
5 def add_kernel(
6 # *Pointer* to first input vector.
7 x_ptr,
8 # *Pointer* to second input vector.
9 y_ptr,

10 # *Pointer* to output vector.
11 output_ptr,
12 # Size of the vector.
13 n_elements,
14 # Number of elements each program should process.
15 BLOCK_SIZE: tl.constexpr,
16 # NOTE: ‘constexpr‘ so it can be used as a shape value.
17 ):
18 # There are multiple ’programs’ processing different data.
19 # We identify which program we are here:
20 pid = tl.program_id(axis=0) # We use a 1D launch grid so axis is 0.
21 # This program will process inputs that are offset from the initial data.
22 # For instance, if you had a vector of length 256 and block_size of 64,
23 # the programs would each access the elements
24 # [0:64, 64:128, 128:192, 192:256].
25 # Note that offsets is a list of pointers:
26 block_start = pid * BLOCK_SIZE
27 offsets = block_start + tl.arange(0, BLOCK_SIZE)
28 # Create a mask to guard memory operations against out-of-bounds
29 # accesses.
30 mask = offsets < n_elements
31 # Load x and y from DRAM, masking out any extra elements in case the
32 # input is not a multiple of the block size.
33 x = tl.load(x_ptr + offsets, mask=mask)
34 y = tl.load(y_ptr + offsets, mask=mask)
35 output = x + y
36 # Write x + y back to DRAM.
37 tl.store(output_ptr + offsets, output, mask=mask)
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it is difficult to explore different schedules for an ML kernel and iterate upon a

schedule to find the most efficient implementation.

Triton has also been used as an intermediate representation (IR) for ML frame-

works. In fact, PyTorch [4] targets Triton kernels as its main code-generation target

for its TorchInductor backend. However, TorchInductor may not generate an efficient

schedule for a given ML kernel. Also, PyTorch does not allow programmers to provide

their own scheduling for compiling an ML kernel.

We propose Decoupled Triton, a block-level decoupled DSL and compiler for writ-

ing high-performance GPU tensor kernels. Decoupled Triton acts as an abstraction

layer on top of Triton that decouples the algorithm from the schedule. Decoupling the

algorithm from the schedule allows users to rapidly iterate upon and explore sched-

ules to find efficient kernels quickly. Adopting the block-level programming paradigm

from Triton allows for simple and intuitive scheduling in the Decoupled Triton DSL.

In Triton, only static parameters — such as block sizes — can be auto-tuned.3

Consequently, it is not possible to express the same block-level schedule control that

Decoupled Triton exposes using only built-in Triton auto-tuning. That is, the schedule

space defined using Triton’s built-in auto-tuning is a small subset of the schedule space

defined by the scheduling primitives of the Decoupled Triton DSL.

3https://triton-lang.org/main/python-api/generated/triton.autotune.html
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Chapter 3

Decoupled Triton

The Decoupled Triton DSL uses a representation based on tensor expressions to de-

scribe the algorithm of an ML kernel and exposes scheduling primitives that transform

the schedule of an ML kernel, directly influencing the generated Triton kernel. The

Decoupled Triton compiler is an ahead-of-time compiler that converts the Decoupled

Triton DSL into code that the Triton compiler can compile.

3.1 Overview

Decoupled Triton is a high-level DSL and compiler workflow for writing ML kernels

that function as an abstraction layer on top of Triton to decouple the algorithm from

the schedule. This role allows Decoupled Triton to benefit from both the advan-

tages of decoupled languages (Section 2.1) and of Triton’s block-level programming

model (Subsection 2.2.1). Decoupled Triton empowers developers to rapidly explore

block-level schedule spaces for a particular ML kernel and find efficient Triton kernel

schedules.

Figure 3.1 shows the compilation flow of Decoupled Triton. The input to the

Decoupled Triton compiler is a DT file that contains a decoupled kernel definition —

algorithm and schedule — written in the Decoupled Triton DSL. Listing 3.1 shows

an example ML kernel definition written in Decoupled Triton DSL. Given an input

12



DT file, the Decoupled Triton compiler compiles the algorithm into IR, applies the

scheduling to the IR, and generates a Python file as output. Listing 3.2 shows the

Python file generated by the Decoupled Triton compiler when the kernel definition

in Listing 3.1 is compiled. The generated Python file contains a Triton kernel (lines

5–30), and a wrapper function (lines 32–47). The generated Triton kernel implements

the provided algorithm with the provided schedule. The generated wrapper function

takes torch.tensor and scalar values as arguments (line 32), allocates space for the

output tensor (line 35), invokes the generated Triton kernel (lines 38–45), and returns

the result of the computation (line 47).

Figure 3.1: Overview of the Decoupled Triton compilation flow.

In Listing 3.1, lines 2–5 are declarations for symbols that are used in the algorithm

and schedule definitions of the kernel. The symbols in the Decoupled Triton DSL

are summarized in Table 3.1. Line 2 declares a kernel output named add_out. Line

3 declares two input tensors named A and B. Line 4 declares an input scalar named

alpha. Line 5 declares variable labels for the two dimensions of the kernel compu-

13



Listing 3.1: A simple kernel definition written in the Decoupled Triton DSL.

1 # Declarations
2 Func add_out; # Tensor function to be defined.
3 In A, B; # Input tensors.
4 SIn alpha; # Input scalar.
5 Var x, y; # Dimensions labels.
6

7 # Algorithm
8 add_out[x, y] = alpha * (A[x, y] + B[x, y]);
9

10 # Schedule
11 add_out.block(x:1, y:256);
12 add_out.tensorize(y:64);
13 add_out.compile();

tation, x and y. Line 8 defines the algorithm of the add_out function (Section 3.2).

Lines 11–12 define the schedule of add_out (Section 3.3).

A kernel definition can have multiple Func symbols, like in Listing 3.3, to de-

fine multiple independent kernels or to define a chain of kernels that may be fused

together(Section 3.3).

3.2 Algorithm

All Func symbols in a Decoupled Triton kernel definition must have a corresponding

algorithm definition. In the Decoupled Triton DSL, algorithms are defined by tensor

expressions. A tensor expression can have an arbitrary rank — number of dimensions.

Line 8 in Listing 3.1 defines the algorithm of add_out. The left-hand side of line

8, add_out[x, y], specifies that we are defining the algorithm for a Func named

add_out with a 2-dimensional output tensor. The dimensions of the output shape

are labelled with the Var symbols x and y. The right-hand-side of line 8, alpha *

(A[x, y] + B[x, y]), is the tensor expression that defines the algorithm of add_-

out. A tensor expression is composed of parentheses, element-wise operations, and

14



Listing 3.2: The Python file generated by the Decoupled Triton compiler after com-
piling the kernel definition in Listing 3.1.

1 import torch
2 import triton
3 import triton.language as tl
4

5 @triton.jit
6 def add_out_kernel(
7 A_ptr,
8 A_x_stride: tl.constexpr, A_y_stride: tl.constexpr,
9 B_ptr,

10 B_x_stride: tl.constexpr, B_y_stride: tl.constexpr,
11 alpha,
12 add_out_ptr,
13 add_out_x_stride: tl.constexpr, add_out_y_stride: tl.constexpr,
14 y_SIZE: tl.constexpr, x_SIZE: tl.constexpr):
15 y_BLOCK_COUNT = y_SIZE // 256
16 x_BLOCK_COUNT = x_SIZE // 1
17 y_pid = tl.program_id(0).to(tl.int64) // x_BLOCK_COUNT % y_BLOCK_COUNT
18 x_pid = tl.program_id(0).to(tl.int64) % x_BLOCK_COUNT
19 y_block_start = y_pid * 256
20 x_block_start = x_pid * 1
21 y_arange = tl.arange(0, 64)
22 for y_iter in range(0, 256, 64):
23 A = tl.load(A_ptr + x_block_start * A_x_stride +
24 (y_block_start + y_iter + y_arange) * A_y_stride)
25 B = tl.load(B_ptr + x_block_start * B_x_stride +
26 (y_block_start + y_iter + y_arange) * B_y_stride)
27 add_out = alpha * (A + B)
28 tl.store(add_out_ptr + x_block_start * add_out_x_stride +
29 (y_block_start + y_iter + y_arange) * add_out_y_stride,
30 add_out)
31

32 def add_out(A, B, alpha, x, y):
33 A_x_stride, A_y_stride, = A.stride()
34 B_x_stride, B_y_stride, = B.stride()
35 add_out = torch.empty(x, y, dtype=torch.float32, device=’cuda’)
36 add_out_x_stride, add_out_y_stride, = add_out.stride()
37 add_out_grid = (triton.cdiv(x, 1) * triton.cdiv(y, 256)),
38 add_out_kernel[add_out_grid](
39 A, A_x_stride, A_y_stride,
40 B, B_x_stride, B_y_stride,
41 alpha,
42 add_out, add_out_x_stride, add_out_y_stride,
43 y, x,
44 num_stages=3, num_warps=4
45 )
46

47 return add_out
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Table 3.1: Description of symbols in the Decoupled Triton DSL.

Func A tensor function that is the output of a kernel, must be defined by
an algorithm, may be an input to a tensor expression (Section 3.2),
and has a schedule defined by scheduling primitives (Section 3.3).

In A tensor input that may be an input to a tensor expression (Sec-
tion 3.2).

SIn A scalar input that may be a scalar input to a tensor expression
(Section 3.2).

Var A dimension label that may be used in scheduling primitives to de-
scribe scheduling (Section 3.3) and may be used to define the shapes
of both tensors and tensor expressions (Section 3.2).

RVar Same as a Var, but, additionally, may be a reduction dimension in
a reduction operation (Subsection 3.2.2).

Listing 3.3: A kernel definition for softmax written in the Decoupled Triton DSL.

1 Func softmax_out, sum_exp_A, exp_A;
2 In A;
3 Var x;
4 RVar y;
5

6 exp_A[x, y] = exp(A[x, y]);
7 sum_exp_A[x] = rsum(exp_A[x, y], y);
8 softmax_out[x, y] = exp_A[x, y] / reshape(sum_exp_A[x], x, 1);
9

10 softmax_out.tensorize(x:4, y:128);
11 softmax_out.compile();
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reduction operations on tensors, scalars, and dimension labels. A[x, y] and B[x, y]

are tensor expressions defined as 2-dimensional input tensors with shape [x, y]. The

+ between the two input tensors denotes element-wise binary addition between the two

tensors. Finally, alpha is a scalar input and * performs element-wise multiplication

between the implicitly broadcast scalar and the result of the parenthesized addition.

To summarize, the add_out kernel algorithm computes the element-wise addition

between two input tensors and multiplies the resulting tensor by a scalar input.

To allow operations between tensor expressions with different shapes, Decoupled

Triton uses the following implicit broadcasting semantics: after prepending outer

dimensions of size 1 to the shape with the smaller rank, two shapes are compatible if

and only if, for each dimension in the operation, the dimension sizes of both shapes

are equal or one of the dimension sizes is 1. For example, A[x, y] + B[y] is a valid

tensor expression, but A[x, y] + B[x] and A[x, y] + B[x, z] are not. These

broadcasting semantics are the same as those of NumPy [13] arrays.1

3.2.1 Element-wise operations and parentheses

Parentheses are used in tensor expressions to manipulate the precedence between

binary operations. Table 3.2 shows all of the element-wise operations sorted by de-

creasing precedence. To simplify programming and Triton kernel generation, the

Decoupled Triton DSL exposes the built-in math operations that are provided by the

triton.language Application Programming Interface (API) as element-wise primi-

tives.2 Listing 3.4 shows a kernel definition that uses the pow primitive on line 8. The

result of an element-wise operation has the same shape as its inputs. If the inputs of

an element-wise operation have incompatible shapes, the tensor expression, and thus

the algorithm, is malformed.
1https://numpy.org/doc/stable/user/basics.broadcasting.html
2https://triton-lang.org/main/python-api/triton.language.html#math-ops
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Table 3.2: Element-wise operations supported in the Decoupled Triton DSL sorted
by decreasing precedence.

+, - Unary addition and subtraction.

*, /, % Multiplication, division, and remainder.

+, - Binary addition and subtraction.

<, <=, >, >=, ==, != Comparisons.

Listing 3.4: A kernel definition for root mean square layer normalization written in
the Decoupled Triton DSL.

1 Func rms_norm_out;
2 In X, W;
3 SIn Eps, Offset;
4 Var x, y;
5 RVar k;
6

7 rms_norm_out[x, y] = X[x, y] *
8 rsqrt(rsum(pow(X[x, k], 2), k) / len(y) + Eps) *
9 (Offset + W[y]);

10

11 rms_norm_out.compile();
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3.2.2 Reduction operations

Figure 3.2 illustrates the difference between a reduction operation and an element-

wise operation. A reduction operation reduces the rank of a tensor by aggregating all

of the elements along a dimension — the reduction dimension — using an associative

binary function. To describe a reduction operation in the Decoupled Triton DSL,

reduction primitives are used. When using a reduction primitive, you must pass

an RVar that represents the reduction dimension as the last argument. Listing 3.4

shows an example kernel definition that describes a summation reduction along the k

dimension in the Decoupled Triton DSL using the rsum reduction primitive on line 8.

The reduction primitives exposed in the Decoupled Triton DSL are listed in Table 3.3.

Figure 3.2: Comparison of element-wise and reduction operations. Element-wise maps
each element in the input to an output element, while reduction collapses across one
dimension (here k) to produce a smaller output.
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Table 3.3: Reduction primitives supported in the Decoupled Triton DSL.

rmax(input, rvar) Returns the maximum of all elements in the tensor,
input, along the reduction dimension rvar.

rmin(input, rvar) Returns the minimum of all elements in the tensor,
input, along the reduction dimension rvar.

rsum(input, rvar) Returns the sum of all elements in the tensor,
input, along the reduction dimension rvar.

rdot(left, right, rvar) Returns the matrix product of the tensors left and
right. The inner dimensions of the tensors must
match the reduction dimension rvar.

3.2.3 Other primitives

Many ML kernels use the size of a tensor dimension in their computation. To describe

dimension sizes in a tensor expression, Decoupled Triton exposes the len primitive

that takes a Var as input and returns a scalar representing the size of the dimension

matching the Var. Listing 3.4 shows an example kernel definition that uses the len

primitive on line 8.

The Decoupled Triton DSL also exposes the reshape primitive that maps directly

to the triton.language primitive with the same name.3 reshape takes an input

tensor expression followed by any number of Var or literal 1 arguments to define the

output shape. Listing 3.3 shows an example kernel definition that uses the reshape

primitive on line 8.

The Decoupled Triton DSL also exposes the program_id primitive, which maps

to the triton.language primitive with the same name.4 The program_id primitive

returns a scalar representing the program instance index in the Triton program launch

grid. Section 3.3 discusses Triton program instances.
3https://triton-lang.org/main/python-api/generated/triton.language.reshape.html#triton.language.reshape
4https://triton-lang.org/main/python-api/generated/triton.language.program_-

id.html#triton.language.program_id
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3.3 Schedule

The decoupling of the algorithm from the schedule simplifies the process of writing

ML kernels, allowing experts to define a scheduling based on their knowledge of the

memory hierarchy or specialized hardware computing infrastructure. This decoupling

also enables developers to find an efficient schedule by rapidly exploring a schedule

space. This section describes the schedule representation in Decoupled Triton.

The Decoupled Triton compiler generates Triton kernels. It adopts the block-

level programming paradigm from Triton — any low-level details handled by the

Triton compiler such as shared memory and thread coalescence are not exposed in

the Decoupled Triton scheduling API. Consequently, schedules defined in Decoupled

Triton are block-level schedules. The block-level schedule of an ML kernel defines

how the output is computed at the thread-block level.

3.3.1 Scheduling primitives

When writing an ML kernel in the Decoupled Triton DSL, developers use schedul-

ing primitives to define the block-level schedule. The signature of every scheduling

primitive is as follows: FUNC.PRIMITIVE_NAME(ARGS). A scheduling primitive must

be applied to a Func and may take arguments in some form depending on the par-

ticular primitive. Lines 11–13 of Listing 3.1 shows an example block-level schedule

defined by three scheduling primitives in the Decoupled Triton DSL. Table 3.4 pro-

vides a summary of the schedule primitives available in the Decoupled Triton DSL.

The scheduling primitives presented in this section form the complete initial set of

scheduling primitives available in Decoupled Triton. To form this initial set, we were

primarily focused on the scheduling primitives with the highest expected performance

impact based upon our intuition and preliminary experimentation. The Decoupled

Triton DSL and compiler are extensible, especially with new scheduling primitives.
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In particular, Decoupled Triton can be extended with any scheduling primitive that

expresses a code transformation, which can be applied to Triton code. For example,

many of the loop-level scheduling primitives supported by languages like Halide [31],

such as split, reorder, and unroll, could be added to the Decoupled Triton DSL

and compiler.

Table 3.4: Summary of scheduling primitives available in the Decoupled Triton DSL.

compile Compiles a Func to generate a wrapper function and all of the Triton
kernels required to implement the Func.

block Block a Func’s implementation in a dimension according to a block
size.

tensorize Tensorize a Func’s implementation in a dimension according to a
tensor size.

map Defines a Func’s mapping from program instance index to output
block.

fuse_at Fuse a Func into another Func at a particular loop dimension.

num_warps Sets the num_warps argument for a Func’s Triton kernel.5

num_stages Sets the num_stages argument for a Func’s Triton kernel.6

Listing 3.5 will be referenced throughout this section as an example ML kernel

definition in the Decoupled Triton DSL.

3.3.1.1 Compile

When applied to a Func f, the scheduling primitive compile directs the Decoupled

Triton compiler to generate a Triton kernel and wrapper function for f that computes

the algorithm of f with the schedule applied by other scheduling directives in the

kernel definition. Listing 3.6 shows an example of a generated Triton kernel (lines 5–

17) and wrapper function (lines 20–33). The only scheduling primitive in Listing 3.5
5https://triton-lang.org/main/python-api/generated/triton.Config.html#triton.Config
6https://triton-lang.org/main/python-api/generated/triton.Config.html#triton.Config
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Listing 3.5: A kernel definition for the rectified linear unit function written in the
Decoupled Triton DSL.

1 Func relu_out;
2 In A;
3 Var x, y;
4

5 relu_out[x, y] = maximum(0, A[x, y]);
6

7 relu_out.compile();

is compile. Therefore, the ML kernel is generated with a default schedule — a single

program instance computes the entire output sequentially without using any tensor

operations.

If the compile primitive is applied to a Func f and the algorithm of f depends on

the result of another Func g as input, directly or indirectly, and g is not fused into

f with the fuse_at scheduling primitive, then the Decoupled Triton compiler also

generates the Triton kernel for g and calls it in the wrapper function before calling f.

Listing 3.3 and Listing 3.7 show such an ML kernel definition written in the Decoupled

Triton DSL and the corresponding Python file generated by the Decoupled Triton

compiler, respectively. The schedule in Listing 3.3 contains a compile primitive

applied to softmax_out (line 11) and no fuse_at primitives. Listing 3.7 contains

a generated Triton kernel for softmax_out (lines 13–15), the Func that compile is

applied to, and, because the algorithm of softmax_out depends on them, both exp_-

A_kernel (lines 5–6) and sum_exp_A_kernel (lines 9–11). The wrapper function

(lines 17–44) first calls the kernel for exp_A_kernel (lines 22–24), then the kernel

for sum_exp_A_kernel (lines 30–32), and finally the kernel for softmax_out (lines

40–42).

The compile primitive is the only scheduling primitive that takes no arguments.

The Decoupled Triton compiler will generate no code if the input kernel definition
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Listing 3.6: The Python file generated by the Decoupled Triton compiler after com-
piling the kernel definition in Listing 3.5.

1 import torch
2 import triton
3 import triton.language as tl
4

5 @triton.jit
6 def relu_out_kernel(
7 A_ptr,
8 A_x_stride: tl.constexpr, A_y_stride: tl.constexpr,
9 relu_out_ptr,

10 relu_out_x_stride: tl.constexpr, relu_out_y_stride: tl.constexpr,
11 y_SIZE: tl.constexpr, x_SIZE: tl.constexpr):
12 for x_iter in range(0, x_SIZE, 1):
13 for y_iter in range(0, y_SIZE, 1):
14 A = tl.load(A_ptr + x_iter * A_x_stride + y_iter * A_y_stride)
15 relu_out = tl.maximum(0, A)
16 tl.store(relu_out_ptr + x_iter * relu_out_x_stride +
17 y_iter * relu_out_y_stride, relu_out)
18

19

20 def relu_out(A, y, x):
21 A_x_stride, A_y_stride, = A.stride()
22 relu_out = torch.empty(x, y, dtype=torch.float32, device=’cuda’)
23 relu_out_x_stride, relu_out_y_stride, = relu_out.stride()
24 relu_out_grid = (1,)
25 relu_out_kernel[relu_out_grid](
26 A,
27 A_x_stride, A_y_stride,
28 relu_out,
29 relu_out_x_stride, relu_out_y_stride,
30 y, x,
31 num_stages=3, num_warps=4)
32

33 return relu_out
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Listing 3.7: The Python file generated by the Decoupled Triton compiler after com-
piling the kernel definition in Listing 3.3. Triton kernel arguments and bodies have
been omitted for brevity.

1 import torch
2 import triton
3 import triton.language as tl
4

5 @triton.jit
6 def exp_A_kernel(...):
7 ...
8

9 @triton.jit
10 def sum_exp_A_kernel(...):
11 ...
12

13 @triton.jit
14 def softmax_out_kernel(...):
15 ...
16

17 def softmax_out(A, y, x):
18 A_x_stride, A_y_stride, = A.stride()
19 exp_A = torch.empty(x, y, dtype=torch.float32, device=’cuda’)
20 exp_A_x_stride, exp_A_y_stride, = exp_A.stride()
21 exp_A_grid = (1,)
22 exp_A_kernel[exp_A_grid](
23 A, A_x_stride, A_y_stride, exp_A, exp_A_x_stride, exp_A_y_stride,
24 y, x, num_stages=3, num_warps=4)
25

26 exp_A_x_stride, exp_A_y_stride, = exp_A.stride()
27 sum_exp_A = torch.empty(x, dtype=torch.float32, device=’cuda’)
28 sum_exp_A_x_stride, = sum_exp_A.stride()
29 sum_exp_A_grid = (1,)
30 sum_exp_A_kernel[sum_exp_A_grid](
31 exp_A, exp_A_x_stride, exp_A_y_stride, sum_exp_A, sum_exp_A_x_stride,
32 y, x, num_stages=3, num_warps=4)
33

34 exp_A_x_stride, exp_A_y_stride, = exp_A.stride()
35 sum_exp_A_x_stride, = sum_exp_A.stride()
36 softmax_out = torch.empty(x, y, dtype=torch.float32, device=’cuda’)
37 softmax_out_x_stride, softmax_out_y_stride, = softmax_out.stride()
38 softmax_out_grid = (1,)
39 softmax_out_kernel[softmax_out_grid](
40 exp_A, exp_A_x_stride, exp_A_y_stride, sum_exp_A, sum_exp_A_x_stride,
41 softmax_out, softmax_out_x_stride, softmax_out_y_stride,
42 y, x, num_stages=3, num_warps=4)
43

44 return softmax_out
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does not include any compile primitive because the compiler has no instruction about

which Func to compile.

3.3.1.2 Block

The block primitive in the Decoupled Triton DSL partitions the output tensor of a

Func into blocks such that each block is computed by a separate program instance

launched from the kernel launch grid. In Decoupled Triton, given a Func f, a dimen-

sion is either blocked and it has a specified block size in f’s schedule, or not blocked

in f’s schedule. The block size of a dimension x determines the number of output

elements along x that a single program instance is responsible for computing. That is,

the output block dimensions are defined by the block sizes of the blocked dimensions

in f. Therefore, the number of program instances in the launch grid can be computed

using the following equation:

# of program instances = # of blocks =
∏︂

x:x is blocked

xsize

xblock size

To use the block scheduling primitive, pass a list of argument pairs specifying a

dimension (Var) and block size (unsigned integer) using the following syntax:

f.block(VAR:SIZE, VAR:SIZE, ...). The blocking strategy described in this sec-

tion does not apply to reduction dimensions (RVar). Blocking in a reduction di-

mension is possible, and the strategy to do so is described in Subsection 3.3.2. To

minimize control-flow divergence and to simplify code generation, Decoupled Triton

requires the block size of a dimension to be a factor of its size. Figure 3.3 shows

several examples of how the block primitive partitions the computation of the out-

put tensor into blocks. Each subfigure shows the partitioning of the output tensor

computation into blocks based on the corresponding block scheduling with the x and

y vars in the vertical and horizontal dimensions, respectively. The smallest granular-

ity box represents an element of the output tensor. The output tensor is separated
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into thick-outlined boxes that denote the blocks. An output element labeled with the

number n is part of the n-th block and thus computed by the n-th program instance.

(a) out.block(x:1, y:4)
or out.block(x:1)

(b) out.block(x:2, y:2) (c) out.block(x:2, y:1)

(d) out.block(x:1, y:1) (e) out.block(x:4, y:2)
or out.block(y:2)

(f) out.block(x:4, y:4)
or no block scheduling.

Figure 3.3: Visual examples of the block scheduling primitive applied to a Func that
computes a 4x4 output tensor.

Listing 3.8 shows an example Triton kernel and wrapper function generated by the

Decoupled Triton compiler for a kernel definition whose schedule includes the block

primitive. In general, the block primitive code transformation:

1. Modify the kernel launch in the wrapper function to use a launch grid with the

appropriate number of program instances (lines 30–31).

2. For each blocked dimension, compute the dimensional program instance index

from the 1-dimensional program instance index into the launch grid (lines 12–
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15).

3. For each blocked dimension, compute the block start offset. This offset points

to the output block that the program instance must compute relative to the

memory address of a tensor (lines 16–17).

4. Set the upper-bound of each blocked dimension’s loop to its block size (lines

18–19).

5. Modify tensor memory accesses in the Triton kernel by computing the addresses

according to the block start offsets (lines 20–21 and lines 23–24).

3.3.1.3 Tensorize

The tensorize primitive in the Decoupled Triton DSL enables single-instruction-

multiple-data (SIMD) tensor operations within a program instance. It partitions the

output block of a program instance into tensors, such that each tensor is computed by

a sequential loop iteration in the program instance. A dimension is fully tensorized in

f’s schedule if and only if its tensor size is equal to its block size in f’s schedule or the

tensor size is explicitly 0. Otherwise, the tensorized dimension is partially tensorized.

The tensor size specifies the step size of the loop in the kernel. Consequently, if a

dimension is fully tensorized in f’s schedule, then the kernel generated for f does

not have a loop iterating over the dimension. If a dimension is blocked, its tensor

size cannot be greater than its block size. Figure 3.4 shows several examples of

how the tensorize primitive partitions the output block of a program instance into

tensors. Each subfigure shows how the computation of the output tensor is partitioned

across sequential loop iterations, each computing a tensor of the output using tensor

operations, based on the corresponding tensorize scheduling. The x and y vars are

not blocked and visualized in the vertical and horizontal dimensions, respectively.
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Listing 3.8: The Python file generated by the Decoupled Triton compiler after adding
the scheduling primitive relu_out.block(x:16, y:64) to the kernel definition in
Listing 3.5.

1 import torch
2 import triton
3 import triton.language as tl
4

5 @triton.jit
6 def relu_out_kernel(
7 A_ptr,
8 A_x_stride: tl.constexpr, A_y_stride: tl.constexpr,
9 relu_out_ptr,

10 relu_out_x_stride: tl.constexpr, relu_out_y_stride: tl.constexpr,
11 y_SIZE: tl.constexpr, x_SIZE: tl.constexpr):
12 y_BLOCK_COUNT = y_SIZE // 64
13 x_BLOCK_COUNT = x_SIZE // 16
14 y_pid = tl.program_id(0).to(tl.int64) // x_BLOCK_COUNT % y_BLOCK_COUNT
15 x_pid = tl.program_id(0).to(tl.int64) % x_BLOCK_COUNT
16 y_block_start = y_pid * 64
17 x_block_start = x_pid * 16
18 for x_iter in range(0, 16, 1):
19 for y_iter in range(0, 64, 1):
20 A = tl.load(A_ptr + (x_block_start + x_iter) * A_x_stride +
21 (y_block_start + y_iter) * A_y_stride)
22 relu_out = tl.maximum(0, A)
23 tl.store(relu_out_ptr + (x_block_start + x_iter) * relu_out_x_stride +
24 (y_block_start + y_iter) * relu_out_y_stride, relu_out)
25

26 def relu_out(A, y, x):
27 A_x_stride, A_y_stride, = A.stride()
28 relu_out = torch.empty(x, y, dtype=torch.float32, device=’cuda’)
29 relu_out_x_stride, relu_out_y_stride, = relu_out.stride()
30 relu_out_grid = (triton.cdiv(x, 16) * triton.cdiv(y, 64)),
31 relu_out_kernel[relu_out_grid](
32 A,
33 A_x_stride, A_y_stride,
34 relu_out,
35 relu_out_x_stride, relu_out_y_stride,
36 y, x,
37 num_stages=3, num_warps=4)
38

39 return relu_out
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The smallest granularity box represents an element of the output tensor. The output

tensor is divided into dark-outlined boxes that denote the tensors.

(a) out.tensorize(x:1, y:4) or
out.tensorize(x:1, y:0)

(b) out.tensorize(x:2, y:2)

(c) out.tensorize(x:1, y:1) or no
tensorize scheduling

(d) out.tensorize(x:4, y:4) or
out.tensorize(x:0, y:0)

Figure 3.4: Visual examples of the tensorize scheduling primitive applied to a Func
that computes a 4x4 output tensor.

Listing 3.9 shows an example Triton kernel and wrapper function generated by

the Decoupled Triton compiler for a kernel definition whose schedule includes the

tensorize primitive. The step of the x loop is modified to equal the tensor size of x

(line 15) and the y loop is removed because y is fully tensorized. The kernel uses range
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tensors (lines 13–14) to compute address tensors that tensorize the load (lines 16–17)

and store (lines 19–21) instructions. The Triton kernel must include an argument,

because y is fully tensorized but not blocked, which is equal to the smallest power of 2

greater than or equal to the size of y (lines 12 and 34), to create the address tensors.

Listing 3.10 shows an example Triton kernel and wrapper function generated by the

Decoupled Triton compiler for a kernel definition whose schedule includes both block

and tensorize primitives. The block size is used as the tensor size for the blocked

and fully tensorized dimension x (line 19).

3.3.1.4 Map

The number of program instances that can execute in parallel at a given time is

limited by the available hardware resources. Also, depending on the algorithm, pro-

gram instances may reuse some of the data loaded into the cache by other program

instances. Consequently, the order in which program instances are launched may

impact the efficiency of a kernel. The map scheduling primitive allows users to specify

a mapping from program instance index to output tensor block using a notation for

describing loop nests. Map takes any number of arguments, each argument represents

a loop level in the loop nest with the argument order describing the nesting order.

Figure 3.5 shows several examples of how the map primitive changes the program

instance to output block mapping of a kernel. Each box represents an output block

of the output tensor. The x and y vars are visualized in the vertical and horizontal

dimensions, respectively. Each subfigure describes how a program instance maps to

the output block that it computes. The numbers and arrows specify the program in-

stance ordering. A block labeled with the number n is computed by the n-th program

instance in the launch grid.

A map primitive argument can either be of the form VAR or VAR:ID/FACTOR. In

the first case, the dimension loop for VAR is placed in the loop nest. In the second
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Listing 3.9: The Python file generated by the Decoupled Triton compiler after adding
the scheduling primitive relu_out.tensorize(x:64, y:0) to the kernel definition
in Listing 3.5.

1 import torch
2 import triton
3 import triton.language as tl
4

5 @triton.jit
6 def relu_out_kernel(
7 A_ptr,
8 A_x_stride: tl.constexpr, A_y_stride: tl.constexpr,
9 relu_out_ptr,

10 relu_out_x_stride: tl.constexpr, relu_out_y_stride: tl.constexpr,
11 y_SIZE: tl.constexpr, x_SIZE: tl.constexpr,
12 y_NEXT_POWER_OF_TWO: tl.constexpr):
13 y_arange = tl.arange(0, y_NEXT_POWER_OF_TWO)
14 x_arange = tl.arange(0, 64)
15 for x_iter in range(0, x_SIZE, 64):
16 A = tl.load(A_ptr + (x_iter + x_arange[:, None]) * A_x_stride +
17 y_arange[None, :] * A_y_stride)
18 relu_out = tl.maximum(0, A)
19 tl.store(relu_out_ptr + (x_iter + x_arange[:, None]) *
20 relu_out_x_stride + y_arange[None, :] * relu_out_y_stride,
21 relu_out)
22

23 def relu_out(A, y, x):
24 A_x_stride, A_y_stride, = A.stride()
25 relu_out = torch.empty(x, y, dtype=torch.float32, device=’cuda’)
26 relu_out_x_stride, relu_out_y_stride, = relu_out.stride()
27 relu_out_grid = (1,)
28 relu_out_kernel[relu_out_grid](
29 A,
30 A_x_stride, A_y_stride,
31 relu_out,
32 relu_out_x_stride, relu_out_y_stride,
33 y, x,
34 triton.next_power_of_2(y),
35 num_stages=3, num_warps=4)
36

37 return relu_out
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Listing 3.10: The Python file generated by the Decoupled Triton compiler af-
ter adding the scheduling primitives relu_out.block(x:4, y:128) and relu_-
out.tensorize(x:0, y:16) to the kernel definition in Listing 3.5.

1 import torch
2 import triton
3 import triton.language as tl
4

5 @triton.jit
6 def relu_out_kernel(
7 A_ptr,
8 A_x_stride: tl.constexpr, A_y_stride: tl.constexpr,
9 relu_out_ptr,

10 relu_out_x_stride: tl.constexpr, relu_out_y_stride: tl.constexpr,
11 y_SIZE: tl.constexpr, x_SIZE: tl.constexpr):
12 y_BLOCK_COUNT = y_SIZE // 128
13 x_BLOCK_COUNT = x_SIZE // 4
14 y_pid = tl.program_id(0).to(tl.int64) // x_BLOCK_COUNT % y_BLOCK_COUNT
15 x_pid = tl.program_id(0).to(tl.int64) % x_BLOCK_COUNT
16 y_block_start = y_pid * 128
17 x_block_start = x_pid * 4
18 y_arange = tl.arange(0, 16)
19 x_arange = tl.arange(0, 4)
20 for y_iter in range(0, 128, 16):
21 A = tl.load(A_ptr + (x_block_start + x_arange[:, None]) * A_x_stride +
22 (y_block_start + y_iter + y_arange[None, :]) * A_y_stride)
23 relu_out = tl.maximum(0, A)
24 tl.store(relu_out_ptr + (x_block_start + x_arange[:, None]) *
25 relu_out_x_stride + (y_block_start + y_iter +
26 y_arange[None, :]) * relu_out_y_stride, relu_out)
27

28 def relu_out(A, y, x):
29 A_x_stride, A_y_stride, = A.stride()
30 relu_out = torch.empty(x, y, dtype=torch.float32, device=’cuda’)
31 relu_out_x_stride, relu_out_y_stride, = relu_out.stride()
32 relu_out_grid = (triton.cdiv(x, 4) * triton.cdiv(y, 128)),
33 relu_out_kernel[relu_out_grid](A, A_x_stride, A_y_stride, relu_out,

relu_out_x_stride, relu_out_y_stride, y, x, num_stages=3, num_warps=4)
34

35 return relu_out
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case, the dimension loop for VAR is first split by the FACTOR, then it is placed in the

loop nest. The new dimension loop bounded by FACTOR is given the name ID and

must be placed in the loop nest by a later map argument. The traversal pattern of

the loop nest defined by the map scheduling primitive defines the program mapping.

Subsection 4.4.3 includes an experimental evaluation on the performance impact of

the map scheduling directive on a matrix product ML kernel.

Listing 3.11 shows an example Triton kernel and wrapper function generated by

the Decoupled Triton compiler for a kernel definition whose schedule includes the map

and block primitives. The program instance mapping is applied from lines 14–18.

3.3.1.5 Fuse at

The fuse_at primitive directs the compiler to fuse the computation of a Func into

another Func at a dimension loop level (Var). For instance, the scheduling primitive

f.fuse_at(g, x) instructs the compiler to fuse the computation of f into the kernel

of g at the loop level of x. If g does not depend on the output of f in its algorithm,

then the scheduling primitive is malformed. Furthermore, for legal fusion, the Decou-

pled Triton compiler requires that x is a dimension of both f and g, and that the outer

dimensions, relative to x, in the shape of both f and g are equal. These requirements

are the same requirements that must be satisfied for a compiler to perform successive

loop-fusion transformations [42] between two nested loops, because the shape of a

Func defines the loop nest that computes its output. For example, f[u, v, k, w]

can be fused into g[u, v, l, w] at the dimension u or v but not at the dimension k,

l, or w. The fuse_at primitive also alters the dependencies of g. The dependency on

f is removed, and any of f’s dependencies that are not already dependencies of g are

added. These dependency updates are important to ensure that the wrapper function

can execute the entire algorithm of g and no extraneous kernels are generated. If f

is not fully fused into g — x is not the innermost dimension of f — and at least one
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(a) out.map(x, y) (b) out.map(y, x)

(c) out.map(y:yi/2, x, yi) (d) out.map(y:yi/2, x:xi/2, yi, xi)

Figure 3.5: Examples of the map scheduling primitive applied to a Func with a 4x4
launch grid containing 16 program instances.
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Listing 3.11: The Python file generated by the Decoupled Triton compiler after adding
the scheduling primitives relu_out.block(x:8, y:16) and relu_out.map(x:xi/4,
y, xi) to the kernel definition in Listing 3.5.

1 import torch
2 import triton
3 import triton.language as tl
4

5 @triton.jit
6 def relu_out_kernel(
7 A_ptr,
8 A_x_stride: tl.constexpr, A_y_stride: tl.constexpr,
9 relu_out_ptr,

10 relu_out_x_stride: tl.constexpr, relu_out_y_stride: tl.constexpr,
11 y_SIZE: tl.constexpr, x_SIZE: tl.constexpr):
12 y_BLOCK_COUNT = y_SIZE // 16
13 x_BLOCK_COUNT = x_SIZE // 8
14 x_pid = tl.program_id(0).to(tl.int64) // (y_BLOCK_COUNT * 4) %
15 (x_BLOCK_COUNT // 4)
16 y_pid = tl.program_id(0).to(tl.int64) // 4 % y_BLOCK_COUNT
17 xi_pid = tl.program_id(0).to(tl.int64) % 4
18 x_pid_ = x_pid * 4 + xi_pid
19 y_block_start = y_pid * 16
20 x_block_start = x_pid_ * 8
21 for x_iter in range(0, 8, 1):
22 for y_iter in range(0, 16, 1):
23 A = tl.load(A_ptr + (x_block_start + x_iter) * A_x_stride +
24 (y_block_start + y_iter) * A_y_stride)
25 relu_out = tl.maximum(0, A)
26 tl.store(relu_out_ptr + (x_block_start + x_iter) * relu_out_x_stride +
27 (y_block_start + y_iter) * relu_out_y_stride, relu_out)
28

29

30 def relu_out(A, y, x):
31 A_x_stride, A_y_stride, = A.stride()
32 relu_out = torch.empty(x, y, dtype=torch.float32, device=’cuda’)
33 relu_out_x_stride, relu_out_y_stride, = relu_out.stride()
34 relu_out_grid = (triton.cdiv(x, 8) * triton.cdiv(y, 16)),
35 relu_out_kernel[relu_out_grid](
36 A,
37 A_x_stride, A_y_stride,
38 relu_out,
39 relu_out_x_stride, relu_out_y_stride,
40 y, x,
41 num_stages=3, num_warps=4)
42

43 return relu_out
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of the inner dimensions is not fully tensorized, then the Decoupled Triton compiler

must allocate and manage an additional global memory tensor that holds the result

tensor of f. We cannot use shared memory for this tensor because Triton does not

expose shared memory details, and there is no way of storing to or loading from a

slice of a local tensor.

Listing 3.12 shows a kernel definition that can be scheduled using the fuse_at

primitive. The algorithm of swish_out takes the Func tmp as an input. Listing 3.13

shows the generated Triton kernel and wrapper function when tmp is fully fused into

swish_out. The algorithm of tmp is fused in line 16. Listing 3.14 shows the generated

Triton kernel and wrapper function when tmp is partially fused into swish_out. The y

loop of tmp is fused in lines 16–20. The wrapper function must allocate an additional

global memory tensor on line 33 that stores the result of tmp (lines 19–20). Listing 3.15

shows the generated Triton kernel and wrapper function when tmp is partially fused

into swish_out and y is fully tensorized. The wrapper function does not need an

additional global memory tensor and the algorithm of tmp is fused in line 17.

Listing 3.12: A kernel definition for the swish function written in the Decoupled
Triton DSL.

1 Func swish_out, tmp;
2 In A;
3 SIn beta;
4 Var x, y;
5

6 tmp[x, y] = sigmoid(beta * A[x, y]);
7 swish_out[x, y] = A[x, y] * tmp[x, y];
8

9 swish_out.compile();

37



Listing 3.13: The Python file generated by the Decoupled Triton compiler after adding
the scheduling primitive tmp.fuse_at(swish_out, y) to the kernel definition in List-
ing 3.12.

1 import torch
2 import triton
3 import triton.language as tl
4

5 @triton.jit
6 def swish_out_kernel(
7 A_ptr,
8 A_x_stride: tl.constexpr, A_y_stride: tl.constexpr,
9 beta,

10 swish_out_ptr,
11 swish_out_x_stride: tl.constexpr, swish_out_y_stride: tl.constexpr,
12 y_SIZE: tl.constexpr, x_SIZE: tl.constexpr):
13 for x_iter in range(0, x_SIZE, 1):
14 for y_iter in range(0, y_SIZE, 1):
15 A = tl.load(A_ptr + x_iter * A_x_stride + y_iter * A_y_stride)
16 tmp = tl.sigmoid(beta * A)
17 swish_out = A * tmp
18 tl.store(swish_out_ptr + x_iter * swish_out_x_stride +
19 y_iter * swish_out_y_stride, swish_out)
20

21 def swish_out(A, beta, y, x):
22 A_x_stride, A_y_stride, = A.stride()
23 swish_out = torch.empty(x, y, dtype=torch.float32, device=’cuda’)
24 swish_out_x_stride, swish_out_y_stride, = swish_out.stride()
25 swish_out_grid = (1,)
26 swish_out_kernel[swish_out_grid](
27 A,
28 A_x_stride, A_y_stride,
29 beta,
30 swish_out,
31 swish_out_x_stride, swish_out_y_stride,
32 y, x,
33 num_stages=3, num_warps=4)
34

35 return swish_out
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Listing 3.14: The Python file generated by the Decoupled Triton compiler after adding
the scheduling primitive tmp.fuse_at(swish_out, x) to the kernel definition in List-
ing 3.12.

1 import torch
2 import triton
3 import triton.language as tl
4

5 @triton.jit
6 def swish_out_kernel(
7 A_ptr,
8 A_x_stride: tl.constexpr, A_y_stride: tl.constexpr,
9 beta,

10 tmp_fuse_ptr,
11 tmp_fuse_x_stride: tl.constexpr, tmp_fuse_y_stride: tl.constexpr,
12 swish_out_ptr,
13 swish_out_x_stride: tl.constexpr, swish_out_y_stride: tl.constexpr,
14 y_SIZE: tl.constexpr, x_SIZE: tl.constexpr):
15 for x_iter in range(0, x_SIZE, 1):
16 for y_iter in range(0, y_SIZE, 1):
17 A = tl.load(A_ptr + x_iter * A_x_stride + y_iter * A_y_stride)
18 tmp = tl.sigmoid(beta * A)
19 tl.store(tmp_fuse_ptr + x_iter * tmp_fuse_x_stride +
20 y_iter * tmp_fuse_y_stride, tmp)
21 for y_iter in range(0, y_SIZE, 1):
22 A = tl.load(A_ptr + x_iter * A_x_stride + y_iter * A_y_stride)
23 tmp = tl.load(tmp_fuse_ptr + x_iter * tmp_fuse_x_stride +
24 y_iter * tmp_fuse_y_stride)
25 swish_out = A * tmp
26 tl.store(swish_out_ptr + x_iter * swish_out_x_stride +
27 y_iter * swish_out_y_stride, swish_out)
28

29 def swish_out(A, beta, y, x):
30 A_x_stride, A_y_stride, = A.stride()
31 swish_out = torch.empty(x, y, dtype=torch.float32, device=’cuda’)
32 swish_out_x_stride, swish_out_y_stride, = swish_out.stride()
33 tmp_fuse = torch.empty(x, y, dtype=torch.float32, device=’cuda’)
34 tmp_fuse_x_stride, tmp_fuse_y_stride, = tmp_fuse.stride()
35 swish_out_grid = (1,)
36 swish_out_kernel[swish_out_grid](
37 A,
38 A_x_stride, A_y_stride,
39 beta,
40 tmp_fuse,
41 tmp_fuse_x_stride, tmp_fuse_y_stride,
42 swish_out,
43 swish_out_x_stride, swish_out_y_stride,
44 y, x,
45 num_stages=3, num_warps=4)
46

47 return swish_out
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Listing 3.15: The Python file generated by the Decoupled Triton compiler after adding
the scheduling primitives swish_out.tensorize(y:0) and tmp.fuse_at(swish_-
out, x) to the kernel definition in Listing 3.12.

1 import torch
2 import triton
3 import triton.language as tl
4

5 @triton.jit
6 def swish_out_kernel(
7 A_ptr,
8 A_x_stride: tl.constexpr, A_y_stride: tl.constexpr,
9 beta,

10 swish_out_ptr,
11 swish_out_x_stride: tl.constexpr, swish_out_y_stride: tl.constexpr,
12 y_SIZE: tl.constexpr, x_SIZE: tl.constexpr,
13 y_NEXT_POWER_OF_TWO: tl.constexpr):
14 y_arange = tl.arange(0, y_NEXT_POWER_OF_TWO)
15 for x_iter in range(0, x_SIZE, 1):
16 A = tl.load(A_ptr + x_iter * A_x_stride + y_arange * A_y_stride)
17 tmp = tl.sigmoid(beta * A)
18 swish_out = A * tmp
19 tl.store(swish_out_ptr + x_iter * swish_out_x_stride +
20 y_arange * swish_out_y_stride, swish_out)
21

22 def swish_out(A, beta, y, x):
23 A_x_stride, A_y_stride, = A.stride()
24 swish_out = torch.empty(x, y, dtype=torch.float32, device=’cuda’)
25 swish_out_x_stride, swish_out_y_stride, = swish_out.stride()
26 swish_out_grid = (1,)
27 swish_out_kernel[swish_out_grid](
28 A,
29 A_x_stride, A_y_stride,
30 beta,
31 swish_out,
32 swish_out_x_stride, swish_out_y_stride,
33 y, x,
34 triton.next_power_of_2(y),
35 num_stages=3, num_warps=4)
36

37 return swish_out
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3.3.1.6 Num warps and num stages

The num_warps and num_stages scheduling primitives each take a single unsigned

integer argument and set the num_warps and num_stages, respectively, configuration

parameter of the Triton just-in-time (JIT) compiler.7 Listing 3.16 shows an example

Triton kernel and wrapper function generated by the Decoupled Triton compiler for

a kernel definition whose schedule includes both the num_warps and num_stages

primitive. The num_warps and num_stages Triton configuration parameters are set

on line 30.

3.3.2 Scheduling reductions

Listing 3.17 shows a simple reduction ML kernel defined in the Decoupled Triton DSL.

Listing 3.18 shows the Triton kernel and wrapper function generated by the Decoupled

Triton compiler for a reduction operation with no scheduling. A local accumulator

variable (line 13) is used to accumulate the reduction across the reduction dimension

as the program instance iterates through the reduction dimension loop (lines 14–16).

Listing 3.19 shows how tensorizing a reduction dimension influences the Triton

kernel implementation. A tensor accumulator is used instead of a scalar (line 14),

and the built-in Triton reduction operation is used to compute the result of the

reduction after iterating through the entire reduction dimension (line 19).

Blocking a reduction dimension is not as simple. As illustrated in Figure 3.2, com-

puting a single output element of a reduction operation requires all of the elements

along the reduction dimension. Consequently, a program instance computing a re-

duction is required to use the entire reduction dimension of the reduction’s input.

Therefore, we cannot apply block to a reduction dimension using the same strategy

as with a non-reduction dimension. For small reduction dimensions, this limitation
7https://triton-lang.org/main/python-api/generated/triton.Config.html#triton.Config
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Listing 3.16: The Python file generated by the Decoupled Triton compiler after adding
the scheduling primitives relu_out.num_warps(8) and relu_out.num_stages(4) to
the kernel definition in Listing 3.5.

1 import torch
2 import triton
3 import triton.language as tl
4

5 @triton.jit
6 def relu_out_kernel(
7 A_ptr,
8 A_x_stride: tl.constexpr, A_y_stride: tl.constexpr,
9 relu_out_ptr,

10 relu_out_x_stride: tl.constexpr, relu_out_y_stride: tl.constexpr,
11 y_SIZE: tl.constexpr, x_SIZE: tl.constexpr):
12 for x_iter in range(0, x_SIZE, 1):
13 for y_iter in range(0, y_SIZE, 1):
14 A = tl.load(A_ptr + x_iter * A_x_stride + y_iter * A_y_stride)
15 relu_out = tl.maximum(0, A)
16 tl.store(relu_out_ptr + x_iter * relu_out_x_stride +
17 y_iter * relu_out_y_stride, relu_out)
18

19 def relu_out(A, y, x):
20 A_x_stride, A_y_stride, = A.stride()
21 relu_out = torch.empty(x, y, dtype=torch.float32, device=’cuda’)
22 relu_out_x_stride, relu_out_y_stride, = relu_out.stride()
23 relu_out_grid = (1,)
24 relu_out_kernel[relu_out_grid](
25 A,
26 A_x_stride, A_y_stride,
27 relu_out,
28 relu_out_x_stride, relu_out_y_stride,
29 y, x,
30 num_stages=4, num_warps=8)
31

32 return relu_out
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Listing 3.17: A kernel definition for the sum reduction function written in the De-
coupled Triton DSL.

1 Func sum_out;
2 In A;
3 Var x;
4 RVar k;
5

6 sum_out[x] = rsum(A[x, k], k);
7

8 sum_out.compile();

may have no performance impact. However, as the size of a reduction dimension

grows, it becomes increasingly important to exploit block-level parallelism in that

dimension.

One method we experimented with was to use a global lock and atomic operations

to create synchronization barriers between program instances. Using the synchro-

nization barriers to avoid any data races, we could block the reduction dimension and

implement a parallel tree-reduction across program instances. Unfortunately, Triton

is not designed for this kind of programming pattern, and the overhead of the syn-

chronization barriers was massive. Instead, we use kernel launches to implement the

synchronization. In particular, to block a reduction dimension, we split the reduction

into two separate kernels. The first kernel is blocked in the reduction dimension, and

each program instance computes a partial result of the reduction. Each program in-

stance writes the partial result into a global tensor at the index equal to its program

instance index. The second kernel is not blocked in the reduction dimension and a

single program instance computes the result of the reduction using the partial results

computed by the first kernel. Due to the overhead of the additional kernel launch,

this strategy is only beneficial for large reduction dimensions. Listing 3.20 and List-

ing 3.21 show an example using this strategy to block a reduction dimension. Lines
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Listing 3.18: The Python file generated by the Decoupled Triton compiler after com-
piling the kernel definition in Listing 3.17.

1 import torch
2 import triton
3 import triton.language as tl
4

5 @triton.jit
6 def sum_out_kernel(
7 A_ptr,
8 A_x_stride: tl.constexpr, A_k_stride: tl.constexpr,
9 sum_out_ptr,

10 sum_out_x_stride: tl.constexpr,
11 x_SIZE: tl.constexpr, k_SIZE: tl.constexpr):
12 for x_iter in range(0, x_SIZE, 1):
13 k_accumulator = 0.000000
14 for k_iter in range(0, k_SIZE, 1):
15 A = tl.load(A_ptr + x_iter * A_x_stride + k_iter * A_k_stride)
16 k_accumulator = k_accumulator + A
17 k_reduction_result = k_accumulator
18 sum_out = k_reduction_result
19 tl.store(sum_out_ptr + x_iter * sum_out_x_stride, sum_out)
20

21 def sum_out(A, x, k):
22 A_x_stride, A_k_stride, = A.stride()
23 sum_out = torch.empty(x, dtype=torch.float32, device=’cuda’)
24 sum_out_x_stride, = sum_out.stride()
25 sum_out_grid = (1,)
26 sum_out_kernel[sum_out_grid](
27 A,
28 A_x_stride, A_k_stride,
29 sum_out,
30 sum_out_x_stride,
31 x, k,
32 num_stages=3, num_warps=4)
33

34 return sum_out

44



Listing 3.19: The Python file generated by the Decoupled Triton compiler after adding
the scheduling primitive sum_out.tensorize(k:16) to the kernel definition in List-
ing 3.17.

1 import torch
2 import triton
3 import triton.language as tl
4

5 @triton.jit
6 def sum_out_kernel(
7 A_ptr,
8 A_x_stride: tl.constexpr, A_k_stride: tl.constexpr,
9 sum_out_ptr,

10 sum_out_x_stride: tl.constexpr,
11 x_SIZE: tl.constexpr, k_SIZE: tl.constexpr):
12 k_arange = tl.arange(0, 16)
13 for x_iter in range(0, x_SIZE, 1):
14 k_accumulator = tl.zeros((16,), tl.float32)
15 for k_iter in range(0, k_SIZE, 16):
16 A = tl.load(A_ptr + x_iter * A_x_stride +
17 (k_iter + k_arange) * A_k_stride)
18 k_accumulator = k_accumulator + A
19 k_reduction_result = tl.sum(k_accumulator, 0)
20 sum_out = k_reduction_result
21 tl.store(sum_out_ptr + x_iter * sum_out_x_stride, sum_out)
22

23 def sum_out(A, x, k):
24 A_x_stride, A_k_stride, = A.stride()
25 sum_out = torch.empty(x, dtype=torch.float32, device=’cuda’)
26 sum_out_x_stride, = sum_out.stride()
27 sum_out_grid = (1,)
28 sum_out_kernel[sum_out_grid](
29 A,
30 A_x_stride, A_k_stride,
31 sum_out,
32 sum_out_x_stride,
33 x, k,
34 num_stages=3, num_warps=4)
35

36 return sum_out
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1–19 and 21–39 in Listing 3.20 define the first and second kernels, respectively, of the

reduction. The first kernel stores its partial result to the global tensor on lines 18–19.

The second kernel loads the partial results on lines 33–35 and computes the result

of the reduction in the reduction loop from lines 32–36. Lines 7–14 in Listing 3.21

launch the first kernel using a grid with multiple program instances. Lines 20–26

launch the second kernel with a single program instance.

Another strategy to block a reduction dimension is possible if the reduction we

are blocking is the last operation in the kernel. In this case, each program instance

can use atomic instructions to update the global output tensor with its partial result.

Data races in the update are not an issue because the updates are atomic. This

strategy is not implemented in the current Decoupled Triton compiler.

3.4 Limitations

A limitation of the current Decoupled Triton design is that its scheduling primitives

transform iteration spaces through tiling, blocking, and mapping the computation;

however, some high-performance ML operator schedules rely on stateful scheduling

strategies that coordinate computation across iterations using auxiliary data struc-

tures. These strategies are not limited to transforming the iteration space; they also

require mechanisms to express multi-pass dependencies, maintain running statistics,

and perform reductions that are updated online while partial outputs are generated.

An example schedule that relies on these scheduling strategies is FlashAttention [10,

11, 35]. FlashAttention is a fast and memory-efficient exact implementation of atten-

tion that utilizes a fused online softmax [22] implementation to compute the softmax

operation. Online softmax maintains the maximum and normalization factors as it

iterates over input blocks, incrementally producing partial outputs. After processing

the entire sequence, the outputs are updated using the accumulated state to obtain
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Listing 3.20: The Triton kernels generated by the Decoupled Triton compiler after
adding the scheduling primitive sum_out.block(k:32) to the kernel definition in
Listing 3.17. Listing 3.21 contains the corresponding wrapper function.

1 @triton.jit
2 def split_k_kernel(
3 A_ptr,
4 A_x_stride: tl.constexpr, A_k_stride: tl.constexpr,
5 split_k_ptr,
6 split_k_x_stride: tl.constexpr, split_k_k_stride: tl.constexpr,
7 x_SIZE: tl.constexpr, k_SIZE: tl.constexpr):
8 k_BLOCK_COUNT = k_SIZE // 32
9 k_pid = tl.program_id(0).to(tl.int64) % k_BLOCK_COUNT

10 k_block_start = k_pid * 32
11 for x_iter in range(0, x_SIZE, 1):
12 k_accumulator = 0.000000
13 for k_iter in range(0, 32, 1):
14 A = tl.load(A_ptr + x_iter * A_x_stride +
15 (k_block_start + k_iter) * A_k_stride)
16 k_accumulator = k_accumulator + A
17 k_reduction_result = k_accumulator
18 tl.store(split_k_ptr + x_iter * split_k_x_stride +
19 k_pid * split_k_k_stride, k_reduction_result)
20

21 @triton.jit
22 def sum_out_kernel(
23 A_ptr,
24 A_x_stride: tl.constexpr, A_k_stride: tl.constexpr,
25 split_k_ptr,
26 split_k_x_stride: tl.constexpr, split_k_k_stride: tl.constexpr,
27 sum_out_ptr,
28 sum_out_x_stride: tl.constexpr,
29 x_SIZE: tl.constexpr, k_SIZE: tl.constexpr):
30 for x_iter in range(0, x_SIZE, 1):
31 k_accumulator = 0.000000
32 for k_iter in range(0, k_SIZE // 32, 1):
33 k_reduction_intermediate = tl.load(split_k_ptr + x_iter *
34 split_k_x_stride + k_iter *
35 split_k_k_stride)
36 k_accumulator = k_accumulator + k_reduction_intermediate
37 k_reduction_result = k_accumulator
38 sum_out = k_reduction_result
39 tl.store(sum_out_ptr + x_iter * sum_out_x_stride, sum_out)
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Listing 3.21: The wrapper function generated by the Decoupled Triton compiler after
adding the scheduling primitive sum_out.block(k:32) to the kernel definition in
Listing 3.17. Listing 3.20 contains the corresponding Triton kernels.

1 def sum_out(A, x, k):
2 A_x_stride, A_k_stride, = A.stride()
3 sum_out_split_k = torch.empty(
4 x, k // 32,
5 dtype=torch.float32, device=’cuda’)
6 split_k_x_stride, split_k_k_stride, = split_k.stride()
7 split_k_grid = (triton.cdiv(k, 32)),
8 split_k_kernel[split_k_grid](
9 A,

10 A_x_stride, A_k_stride,
11 split_k,
12 split_k_x_stride, split_k_k_stride,
13 x, k,
14 num_stages=3, num_warps=4)
15

16 A_x_stride, A_k_stride, = A.stride()
17 split_k_x_stride, split_k_k_stride, = split_k.stride()
18 sum_out = torch.empty(x, dtype=torch.float32, device=’cuda’)
19 sum_out_x_stride, = sum_out.stride()
20 sum_out_grid = (1,)
21 sum_out_kernel[sum_out_grid](
22 A,
23 A_x_stride, A_k_stride,
24 split_k,
25 split_k_x_stride, split_k_k_stride,
26 sum_out, sum_out_x_stride, x, k, num_stages=3, num_warps=4)
27

28 return sum_out
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the correct result. The scheduling primitives that are currently available in the De-

coupled Triton DSL cannot transform the schedule in a way that generates the online

softmax schedule. However, Decoupled Triton can represent the attention algorithm

with different, non-FlashAttention, schedules. Subsection 4.4.4 describes an experi-

mental evaluation on attention kernels defined in Decoupled Triton.

3.5 Implementation

We created a prototype implementation of the Decoupled Triton DSL and compiler,

dtc, for the experimental evaluation presented in Chapter 4. To define the grammar

and generate both the lexer and parser code for the DSL, we used ANTLR4 [28]. The

rest of dtc is defined in just over 10,000 lines of C++20 code.

For each kernel in the input file, dtc initially compiles the algorithm to a high-level

IR, then applies the relevant scheduling primitives in a series of compiler passes to

transform the IR. The order and number of passes in the compiler is fixed. Some

passes may not transform the IR depending on the provided schedule.

For rapid testing, dtc can optionally generate a test function in addition to the

kernel and wrapper function. The test function takes no arguments. When called,

the test function generates random inputs, with dimension sizes determined by the

user, and calls the wrapper function.

To perform the experimental evaluation, we also developed an experimental work-

flow and set of tools. The experimental workflow is discussed in Section 4.2. To

simplify the creation of a schedule space, we developed a tool in Python that takes a

schedule template as an input and produces all of the schedules in the space defined

by the template as output. To simplify this tool and the schedule template repre-

sentation, we created a shorthand for Decoupled Triton schedules. We also created a

Python script for running the experiments described in Section 4.2.
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Chapter 4

Evaluation

Can Decoupled Triton be used to define efficient ML kernels? How easy is it to

find efficient schedules in Decoupled Triton? This chapter aims to provide answers to

these questions and to present an experimental methodology for evaluating Decoupled

Triton on ML kernels. The results of the evaluation indicate that Decoupled Triton

can be used to define efficient ML kernels, which can easily be found through the

rapid schedule exploration enabled by Decoupled Triton.

4.1 Research questions

This chapter describes an experimental evaluation that aims to answer the following

research questions:

1. Can Decoupled Triton be used to represent and generate Triton kernels that

achieve performance equivalent to, or better than, expert-written Triton kernels

and Triton kernels generated by a mature ML programming framework?

2. If the answer to research question 1 is yes, can developers reasonably find the

efficient schedules?

3. For which ML kernels do expert-written Triton kernels and Triton kernels gener-

ated by a mature ML programming framework fail to achieve good performance?
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4.2 Experimental setup and methodology

Table 4.1 and Table 4.2 provide the system specifications and the software versions,

respectively, used in the experimental evaluation.

Table 4.1: Hardware specifications.

CPU Intel® Core™ i7-14700K

GPU NVIDIA RTX 5000 Ada Generation

Memory 64 GiB DDR5

Table 4.2: Software versions.

CUDA 12.4

Liger Kernel 0.5.8

PyTorch 2.6.0

Triton 3.2.0

Our focus is on schedule exploration and finding efficient schedules. Figure 4.1

shows the experimental setup for evaluating Decoupled Triton on an ML Kernel. In

an experiment, both the algorithm and dimension sizes are fixed while we evaluate

the performance of each schedule in a pre-defined schedule space.

Determining a schedule space for a given ML kernel and dimension size config-

uration starts with a small manual exploration of schedules. After observing the

performance of a few different schedules, we define a schedule space that we expect

to contain good performance schedules. This process simulates the pattern of a de-

veloper using Decoupled Triton to optimize an ML kernel.

We measure kernel run time to compare the performance of each schedule against

the baseline functions and the other schedules. To measure run time, we use the

Triton benchmarking function, triton.testing.do_bench, which measures run time
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Figure 4.1: Overview of the experimental methodology for a single ML Kernel.
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by first calling the function repeatedly for 25 milliseconds to warm up, and then calling

the function repeatedly for 100 milliseconds, while recording run times, and finally

returning the median recorded run time.1 All reported run times are the arithmetic

average of 5 runs of the experiment. Within a single run of an experiment, the order

of functions evaluated — includes both Triton kernels generated by Decoupled Triton

and baseline functions — is randomized. All kernels in an evaluation are tested for

correctness against the baseline functions using torch.allclose.2

The comparison is between the kernels generated by Decoupled Triton against

expert-written kernels and Triton kernels generated by a mature ML programming

framework. Liger Kernels is a collection of efficient Triton kernels, which implement

ML operations [16]. The Liger team selected kernels that are performance-critical

transformer operations with high memory or latency costs and high reusability across

Large Language Models (LLMs). Table 4.3 lists the different baselines used in the

experiments in this evaluation. Not all experiments contain each baseline. In par-

ticular, for a given ML kernel, the liger-kernel or triton-kernel baselines are

only included if there is an implementation of the ML kernel in the Liger Kernels [16]

collection or we found another Triton implementation of the ML kernel.

This comparative study includes any ML kernel that produces a tensor as the

output — no other criteria is used to select ML kernels to evaluate.

4.3 How to read the graphs

All of the graphs presented are run-time graphs. Therefore, a lower value on the y-axis

signifies better performance. Baseline function run times are displayed as horizontal

lines in the graphs. The generated DT kernels from the schedule space are sorted by
1https://triton-lang.org/main/python-api/generated/triton.testing.do_bench.html
2https://docs.pytorch.org/docs/stable/generated/torch.allclose.html
3https://docs.pytorch.org/docs/stable/generated/torch.compile.html
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Table 4.3: Baselines.

torch.compile A kernel implemented in PyTorch
and annotated with the decorator
@torch.compile() to instruct PyTorch to
JIT compile the function using its default
backend TorchInductor.3

torch.compile(max-autotune) Same as torch.compile, but sets the key-
word argument, mode="max-autotune".

liger kernel An expert-written Triton kernel taken
from Liger Kernels [16], an open-source set
of efficient Triton kernels developed specif-
ically for LLM training that utilizes kernel
optimization techniques such as operation
fusing.

triton kernel An expert-written Triton kernel taken
from another repository — specified in the
text.

increasing run time, and their run times are displayed as vertical bars. The x-axis

denotes the number of schedules in the schedule space explored by the experiment.

4.4 Results

This section presents the results of the experimental evaluation of the Decoupled

Triton system.

4.4.1 Element-wise kernels

Element-wise kernels such as DyT, GeGLU, and SwiGLU are fundamental operations

in ML. Commonly used as activation functions, element-wise operations are generally

easy to schedule due to their simplicity: a given schedule, generally, has similar

performance across different element-wise functions.

Figure 4.2, Figure 4.3, and Figure 4.4 show the run time graphs from the perfor-
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mance evaluations for DyT, GeGLU, and SwiGLU, respectively. Listing 4.1 shows

the fastest kernel definition for Figure 4.3a. For these ML kernels, Decoupled Triton

can compete with both the expert-written Liger kernels [16] and the kernels generated

by PyTorch [4]. PyTorch with max-autotune enabled performs poorly for nearly all

of the ML kernels we tested. Our experience with PyTorch during this evaluation

indicates that the kernel templates used by PyTorch with max-autotune enabled are

poorly optimized for most operations.

(a) x=16384, y=16384 (b) x=128, y=65536

Figure 4.2: Experimental evaluation of the DyT operation in Decoupled Triton. Lower
is better.

The Liger-Kernel baseline Triton kernels for these operations have a significant

limitation — they never block in the innermost dimension. Thus, for Figure 4.2b,

Figure 4.3b, and Figure 4.4b, when the innermost dimension is large, the Liger ker-

nels experience a significant slowdown. Furthermore, these Liger kernels report an

error if the input has an innermost dimension size greater than 65536. Although it

may be uncommon to perform these operations on tensors with very large innermost

dimensions, these results show that expert-written kernels may not have the most

efficient schedule for each use case.
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(a) x=16384, y=16384 (b) x=128, y=65536

Figure 4.3: Experimental evaluation of the GeGLU operation in Decoupled Triton.
Lower is better.

(a) x=16384, y=16384 (b) x=128, y=65536

Figure 4.4: Experimental evaluation of the SwiGLU operation in Decoupled Triton.
Lower is better.
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Listing 4.1: The most efficient Decoupled Triton kernel definition evaluated in the
experiment shown in Figure 4.3a.

1 Func geglu;
2 In A, B;
3 Var x, y;
4

5 geglu[x, y] = 0.5 * A[x, y] * (1 + tanh(0.7978845608028654 *
6 (A[x, y] + 0.044715 * pow(A[x, y], 3)))) * B[x, y];
7

8 geglu.block(x:1);
9 geglu.tensorize(x:0);

10 geglu.block(y:512);
11 geglu.tensorize(y:0);
12 geglu.map(x, y);
13 geglu.num_warps(32);
14 geglu.compile();

4.4.2 Reduction kernels

Compared to element-wise ML kernels, ML kernels that contain reduction tensor

operations such as TVD, KL Divergence, and Root Mean Squared Normalization can

be more difficult to schedule (Subsection 3.3.2).

Figure 4.5, Figure 4.6, and Figure 4.7 show the run time graphs from the per-

formance evaluations for TVD, KL Divergence, and Root Mean Squared Normal-

ization, respectively. The exploration of the schedule space with Decoupled Triton

finds Decoupled Triton kernels that can compete with both the expert-written Liger

kernels [16] and the kernels generated by PyTorch [4].

4.4.2.1 Softmax

Softmax is an ML operation that performs a form of normalization. In particular,

softmax converts values to probabilities. Figure 4.8 and Figure 4.9 show the run time

graphs from the performance evaluations for the softmax operation in Decoupled Tri-

ton. Listing 4.2 shows the fastest kernel definition for Figure 4.9c. The baseline
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Figure 4.5: Experimental evaluation of the TVD operation in Decoupled Triton.
Lower is better.
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Figure 4.6: Experimental evaluation of the KL Divergence operation in Decoupled
Triton. Lower is better.
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Figure 4.7: Experimental evaluation of the Root Mean Squared Normalization oper-
ation in Decoupled Triton. Lower is better.
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expert-written Triton kernel is from the Triton tutorial.4 The schedule space explo-

ration finds Decoupled Triton kernels that can compete with both the expert-written

Triton kernel and PyTorch. Furthermore, in many of the experiments depicted in Fig-

ure 4.9, this exploration finds Decoupled Triton kernels that are significantly faster

than all baselines.

(a) x=512, y=1024 (b) x=512, y=2048

(c) x=512, y=4096 (d) x=512, y=8192

Figure 4.8: Experimental evaluation of softmax in Decoupled Triton. The size of the
x dimension is constant. Lower is better.

4https://triton-lang.org/main/getting-started/tutorials/02-fused-softmax.html

61



(a) x=1024, y=512 (b) x=2048, y=512

(c) x=4096, y=512 (d) x=8192, y=512

Figure 4.9: Experimental evaluation of softmax in Decoupled Triton. The size of the
y dimension is constant. Lower is better.
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Listing 4.2: The most efficient Decoupled Triton kernel definition evaluated in the
experiment shown in Figure 4.9c.

1 Func _softmax, _sum;
2 In A;
3 Var x;
4 RVar y;
5

6 _sum[x] = rsum(exp(A[x, y]), y);
7 _softmax[x, y] = exp(A[x, y]) / reshape(_sum[x], x, 1);
8

9 _softmax.block(x:4);
10 _softmax.tensorize(y:512);
11 _softmax.tensorize(x:0);
12 _softmax.num_warps(32);
13 _sum.fuse_at(_softmax, x);
14 _softmax.compile_to_kernel();

4.4.3 Matrix product

Matrix product, or matrix multiplication, is an extremely common operation in ML

models. Matrix product schedule optimization has received a lot of research atten-

tion in the past, and vendor libraries offer high-performance kernels to efficiently

compute matrix products using these schedule optimizations. By default, PyTorch

uses high-performance vendor libraries to compute matrix product instead of generat-

ing a Triton kernel. The schedule exploration with Decoupled Triton finds schedules

that compete with these highly optimized baselines, demonstrating the strength of

Decoupled Triton’s scheduling API. The expert-written Triton kernel baseline is taken

from the Triton tutorial.5

Figure 4.10 and Figure 4.11 show the run time graphs from the performance eval-

uations for the matrix product operation in Decoupled Triton. We find a Decoupled

Triton kernel that competes with all baselines in each experiment.
5https://triton-lang.org/main/getting-started/tutorials/03-matrix-multiplication.html
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(a) m=1024, n=1024, k=1024 (b) m=16384, n=16384, k=16384

Figure 4.10: Experimental evaluation of matrix product with uniform dimension sizes
in Decoupled Triton. Lower is better.

4.4.3.1 Program instance mapping

The program mapping scheduling directive described in Subsection 3.3.1 can have

a significant impact on the efficiency of a matrix product schedule because of the

data-reuse qualities inherent to the matrix product computation.6 Table 4.4 shows

the run-time results for an experiment that demonstrates the importance of program-

instance mapping. Despite only changing the mapping from program instance to

output block, the second schedule is more than twice as fast as the first schedule.

Table 4.4: Run times (ms) for matrix product kernels with different map schedul-
ing but otherwise identical schedules. The dimension sizes are x=16384 y=16384
k=16384.

map(x, y) 254

map(y:yi/8, x, yi) 114

6https://triton-lang.org/main/getting-started/tutorials/03-matrix-multiplication.html#l2-
cache-optimizations
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(a) m=32768, n=32768, k=32

(b) m=16384, n=16384, k=64

(c) m=8192, n=8192, k=128

Figure 4.11: Experimental evaluation of matrix product with a small inner dimension
and large outer dimensions in Decoupled Triton. Lower is better.
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4.4.3.2 Element-wise fusion

A common pattern in ML models is to perform a matrix product, then apply an

element-wise operation, such as an activation function, to the result of the product.

This experimental evaluation uses the mmsigmoid operation, defined as the sigmoid

function applied to the result of a matrix product between two matrices. Figure 4.12

shows the run-time graphs from the performance evaluations for the mmsigmoid op-

eration in Decoupled Triton.

The Decoupled Triton kernels significantly outperform PyTorch because PyTorch

is unable to fuse the sigmoid operation into the high-performance library kernel that

it calls to compute the matrix product. Therefore, PyTorch launches two kernels,

the first computes the matrix product using a high-performance library kernel, and

the second applies element-wise sigmoid to the result. Decoupled Triton can generate

efficient schedules by using scheduling primitives to instruct the compiler to fuse the

matrix product and the sigmoid operation into a single kernel. The max-autotune

PyTorch mode should excel for this type of computation. However, while it does

generate a single fused Triton kernel for the mmsigmoid operation, the generated

kernel is less efficient than the default PyTorch behavior.

4.4.3.3 2mm

2mm is another common ML operation that consists of two matrix products. The

first matrix product is computed between two inputs, then the second matrix product

is computed between the result of the first product and a third input. There are two

strategies to fuse the two matrix products into a single kernel: an inner-loop fusion

and an outer-loop fusion. Figure 4.13 and Figure 4.14 show the run time graphs for the

performance evaluation of 2mm in Decoupled Triton using an inner- and outer-loop

fusion, respectively. Listing 4.3 shows the fastest kernel definition for Figure 4.14a.
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(a) m=256, n=512, k=32

(b) m=512, n=1024, k=32

(c) m=1024, n=2048, k=32

Figure 4.12: Experimental evaluation of mmsigmoid in Decoupled Triton. Lower is
better.
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(a) m=128, k=64, l=64, n=128 (b) m=256, k=64, l=64, n=256

(c) m=512, k=64, l=64, n=512 (d) m=1024, k=64, l=64, n=1024

Figure 4.13: Experimental evaluation of 2mm in Decoupled Triton. These schedule
spaces explore inner-loop fusions. Lower is better.
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(a) m=64, n=128, k=32, l=32 (b) m=128, n=256, k=32, l=32

(c) m=256, n=512, k=32, l=32 (d) m=512, n=1024, k=32, l=32

Figure 4.14: Experimental evaluation of 2mm in Decoupled Triton. These schedule
spaces explore outer-loop fusions. Lower is better.
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Listing 4.3: The most efficient Decoupled Triton kernel definition evaluated in the
experiment shown in Figure 4.14a.

1 Func _2mm, mm;
2 In A, B, C;
3 Var m, n;
4 RVar k, l;
5

6 mm[m, l] = rdot(A[m, k], B[k, l], k);
7 _2mm[m, n] = rdot(mm[m, l], C[l, n], l);
8

9 _2mm.block(m:16);
10 _2mm.tensorize(m:16);
11 _2mm.tensorize(n:64);
12 _2mm.tensorize(k:32);
13 _2mm.tensorize(l:0);
14 _2mm.num_stages(4);
15 _2mm.num_warps(4);
16 mm.fuse_at(_2mm, m);
17 _2mm.compile_to_kernel();

The Decoupled Triton kernels significantly outperform PyTorch because, even with

max-autotune enabled, PyTorch does not fuse the two matrix product operations.

Thus, both PyTorch baselines must pay the overhead of an additional kernel launch.

Combined with the results for mmsigmoid, these results demonstrate that PyTorch

struggles with matrix product kernel fusions.

4.4.4 Attention

Attention is an ML operation used in transformer models [39]. The operation con-

sists of a matrix product, followed by a softmax operation, and finally another matrix

product. Figure 4.15 shows the run-time graphs for the performance evaluation of

attention in Decoupled Triton. Listing 4.4 shows the fastest kernel definition for

Figure 4.15a. The baseline function is PyTorch’s scaled_dot_product_attention.7

7https://docs.pytorch.org/docs/stable/generated/torch.nn.functional.scaled_dot_product_at-
tention.html

70

https://docs.pytorch.org/docs/stable/generated/torch.nn.functional.scaled_dot_product_attention.html
https://docs.pytorch.org/docs/stable/generated/torch.nn.functional.scaled_dot_product_attention.html


This evaluation only examines small attention kernels because Decoupled Triton can-

not represent FlashAttention (Section 3.4) and thus would perform poorly for larger

attention kernels. Despite this limitation, the results are impressive. Schedules dis-

covered with Decoupled Triton outperform PyTorch for small attention kernels.

Listing 4.4: The most efficient Decoupled Triton kernel definition evaluated in the
experiment shown in Figure 4.15a.

1 Func attention, mm, e, sm, dvsr;
2 In A, B, C;
3 Var m, n;
4 RVar k, l;
5

6 mm[m, l] = rdot(A[m, k], B[k, l], k) / sqrt(len(l));
7 e[m, l] = exp(mm[m, l]);
8 dvsr[m] = rsum(e[m, l], l);
9 sm[m, l] = e[m, l] / reshape(dvsr[m], m, 1);

10 attention[m, n] = rdot(sm[m, l], C[l, n], l);
11

12 attention.tensorize(m:16);
13 attention.block(m:16);
14 attention.tensorize(n:64);
15 attention.tensorize(k:16);
16 attention.tensorize(l:0);
17 attention.num_stages(8);
18 attention.num_warps(8);
19 mm.fuse_at(e, l);
20 dvsr.fuse_at(sm, m);
21 sm.fuse_at(attention, m);
22 e.fuse_at(attention, m);
23 attention.compile();

4.5 Discussion

The results of the experimental evaluation lead to the following answers to the research

questions posed in Section 4.1.

1. Yes, for all the ML kernels tested in the experimental evaluation, there are
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(a) m=64, k=64, l=64, n=64

(b) m=128, k=128, l=128, n=128

(c) m=256, k=256, l=256, n=256

Figure 4.15: Experimental evaluation of attention in Decoupled Triton. Lower is
better.
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Decoupled Triton kernels that exhibit competitive performance compared to

the baselines. These results indicate that the scheduling power exposed in the

Decoupled Triton DSL is comparable to that of Triton itself. The only schedules

that Decoupled Triton is unable to describe and generate are highly specialized

ML kernel schedules such as FlashAttention [10] (Section 3.4).

2. Yes, for all of the ML kernels tested in the experimental evaluation, finding an

efficient schedule in Decoupled Triton is a very reasonable task. Two numbers

indicate how difficult it is to find an efficient schedule for an ML kernel: (1)

the number of schedules in the explored schedule space and (2) the number of

explored schedules with performance that is competitive with the most efficient

baselines. The ratio of competitive schedules over the total number of explored

schedules estimates how easy it is to find an efficient schedule. In general, about

a quarter of the schedules explored are competitive with the baselines. There-

fore, finding efficient schedules in Decoupled Triton is quite easy. Moreover,

schedule exploration in Decoupled Triton is fast thanks to its modular sched-

ule, and the tools described in Section 3.5. The experimental methodology

presented in Section 4.2 describes the process for rapid schedule exploration.

3. Expert-written Triton kernels may fail to achieve good performance when un-

usual dimension sizes are used. In particular, when the innermost dimension

is large, the following Liger kernels perform poorly or result in an error: DyT,

GeGLU, and SwiGLU (Subsection 4.4.1). Also, PyTorch fails to generate effi-

cient Triton kernels when it is presented with a kernel that benefits from fusing a

matrix product with another operation. This limitation is evident in the exper-

imental evaluations of mmsigmoid and 2mm (Subsection 4.4.3). Furthermore,

PyTorch with max-autotune enabled generates Triton kernels that do not have
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good performance. The only kernels for which PyTorch with max-autotune

enabled generated an efficient kernel were simple matrix product kernels.

74



Chapter 5

Related Work

This chapter compares Decoupled Triton against other related research efforts. The

chapter discusses works that extend the Triton language or compiler and notes that

the existing efforts are orthogonal to Decoupled Triton. Next, the chapter describes

systems that generate Triton kernels as output. There is no existing work that both

generates Triton kernels and allows user-defined scheduling. Finally, the chapter com-

pares Decoupled Triton against other decoupled ML kernel languages. Compared to

these languages, Decoupled Triton sacrifices low-level scheduling control for intuitive

and simple scheduling.

5.1 Extensions to Triton

Inspired by the industry-wide adoption of Triton for writing high-performance ML

kernels, researchers have extended the Triton language and compiler to achieve dif-

ferent goals.

Wang et al. [40] proposed ML-Triton, an extension to Triton that introduces a

multi-level compilation flow and a warp-level IR. ML-Triton introduces a Triton lan-

guage extension, which exposes a warp-level API and a compiler hint, to give de-

velopers fine-grained control over the warp-level scheduling of their kernels. While

ML-Triton empowers developers to define warp-level scheduling, its language exten-
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sion maintains a tight coupling between the algorithm and the scheduling of the

kernel. Therefore, ML-Triton’s contributions are orthogonal to those of Decoupled

Triton. In fact, Decoupled Triton could be expanded to allow warp-level schedul-

ing by introducing warp-level scheduling primitives, generating Triton kernels with

ML-Triton’s language extensions, and utilizing the ML-Triton compilation flow when

compiling generated Triton kernels.

Zheng et al. [43] proposed Triton-Distributed, a Triton extension that enables dis-

tributed programming in Triton. Triton-Distributed introduces communication prim-

itives to Triton and overlapping optimizations to the Triton compiler to hide com-

munication latency. The contributions of Triton-Distributed and Decoupled Triton

are independent and complementary. Decoupled Triton could be extended to support

distributed programming by adding a communication representation to the kernel

definition, generating Triton kernels that employ Triton-Distributed’s communica-

tion primitives, and leveraging the Triton-Distributed compiler to compile generated

Triton kernels.

5.2 Generating Triton kernels

Triton has been selected by some tools and higher-level programming languages as an

intermediate code generation target because of its intuitive block-level programming

paradigm and optimizing compiler that can compete with expert-written kernels from

high-performance vendor libraries.

Li et al. [20] proposed AutoTriton, an AI model specialized for generating Triton

kernels. AutoTriton aims to simplify GPU programming and automatically generate

efficient ML kernels written in Triton. While the goals of AutoTriton are similar to

those of Decoupled Triton, their method and contributions differ significantly. Like

the Decoupled Triton compiler, the AutoTriton model takes an ML kernel description
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as input and generates a Triton kernel and wrapper function. However, compared

to AutoTriton, Decoupled Triton offers several advantages. While AutoTriton may

generate syntactically or semantically incorrect code, the Decoupled Triton compiler

is robust and will always generate correct code. Also, users are not able to explicitly

specify kernel scheduling to AutoTriton and therefore it is impossible to iterate upon

a schedule or explore different schedules to find an efficient implementation.

Ansel et al. [4] proposed PyTorch 2.0, a version of the popular ML framework

that introduced JIT compiler extensions to run ML kernels efficiently. In particu-

lar, PyTorch 2.0 introduced TorchDynamo, the JIT compiler for PyTorch programs,

and TorchInductor, the default compiler backend for TorchDynamo that generates

Triton kernels. TorchInductor uses a combination of heuristics, auto-tuning, and pre-

defined templates to determine the schedule of an ML kernel. TorchInductor is a base-

line compared against Decoupled Triton in the experimental evaluation of this thesis

(Chapter 4). As shown in Section 4.4, TorchInductor generally generates efficient

Triton kernels. However, for ML kernels involving matrix product, TorchInductor is

unable to fuse operations with the matrix product because it uses a high-performance

library kernel unless max-autotune is enabled. If the mode is set to max-autotune,

then TorchInductor uses Triton kernel templates for matrix product and is able to

fuse other operations into the kernel template. Unfortunately, TorchInductor with

max-autotune enabled is generally much worse than the default TorchInductor at

generating efficient Triton kernels. We believe that these results are caused by kernel

templates with schedules that are poorly optimized for many algorithms and dimen-

sion sizes. Using Decoupled Triton, developers can define schedules that compete

with TorchInductor in most cases and outperform TorchInductor for ML kernels that

benefit from fusing operations with matrix product. The other advantage that De-

coupled Triton has over TorchInductor is that its decoupling of the algorithm from
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the schedule enables developers to specify their own scheduling using their expert

knowledge, explore schedules quickly, and find an efficient implementation.

Dong et al. [12] proposed Flex Attention, a compiler-driven programming model to

implement different attention variants. Flex Attention uses a template-based lower-

ing to generate high-performance attention Triton kernels. The system uses a hand-

written high-performance attention Triton kernel template that is filled by the com-

putation graphs of two special PyTorch functions defined by the user. Flex Attention

is only flexible in terms of the attention algorithm — using the two special functions

— it is not flexible in terms of scheduling. Unlike Decoupled Triton, Flex Attention

does not allow users to define the scheduling of their attention kernels. Furthermore,

Flex Attention is limited to generating high-performance Triton kernels for attention

variants, while Decoupled Triton is a general DSL that can be used to define any ML

kernel.

5.3 Decoupled languages for Machine Learning

Halide [30, 31] introduced the concept of decoupling the algorithm from the schedule

in programming languages. Section 2.1 discusses Halide in greater detail. Since the

introduction of Halide, many researchers have applied this concept of decoupling to

the domain of ML kernels.

Apache TVM [7] and TACO [19] are decoupled languages for defining high-performance

ML kernels. Like Decoupled Triton, both Apache TVM and TACO use tensor ex-

pressions to define the algorithm of a kernel and expose a scheduling API to allow

users to specify the schedule of the kernel using scheduling primitives. TileLang [41]

is a tiled decoupled programming language built on top of Apache TVM for writing

efficient ML kernels. Inspired by Triton, TileLang describes computation using a tile-

level programming model, but exposes low-level scheduling details, such as the control
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over the memory hierarchy, to the programmer. The primary difference between De-

coupled Triton and these works is that Decoupled Triton is an abstraction layer on

top of Triton. Consequently, the scheduling primitives available in Decoupled Triton

are designed for defining schedules in the Triton language. Thus, Decoupled Triton

has a comparatively smaller set of simple scheduling primitives that are intuitive to

users familiar with the block-level programming model presented by Triton. Further-

more, because it generates Triton kernels, Decoupled Triton is well positioned to act

as an educational tool for developers to learn how to write efficient block-level sched-

ules in Triton. Unfortunately, as an abstraction layer on top of Triton, Decoupled

Triton is unable to schedule low-level details that are not representable in a Triton

kernel. By leaving these low-level scheduling details to the compiler, we sacrifice some

fine-grained user control in exchange for intuitive and simple scheduling.

Slapo [6] is a schedule language for scheduling at the model level. Slapo takes a

PyTorch [4] model definition and uses a set of scheduling primitives to transform the

model-level schedule. Decoupled Triton is focused on the block-level schedule of ML

kernels rather than the entire model.

Exo [5, 17, 18] is a user-schedulable programming language based on the novel

exocompilation compilation strategy that externalizes both target-specific code gen-

eration and optimization from the compiler and exposes it in user-level code. Most

decoupled languages, similar to Decoupled Triton, have a code generator or compiler

that takes an algorithm and a schedule as inputs and generates scheduled code. Exo

uses a rewriter strategy where the user iteratively applies scheduling primitives to an

IR to rewrite it successively until they have sufficiently transformed the IR, which is

then compiled to a code generation target. Exo2 enables users to define new sched-

ule rewrite rules external to the compiler. Unlike Decoupled Triton, Exo does not

support GPUs as code generation targets at the moment.
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Chapter 6

Future Work

The design of Decoupled Triton is extensible. There are many possible directions

for future work in the area of high-performance ML kernels. Here are some of the

possible future directions:

1. As described in Section 3.4, the main limitation of Decoupled Triton is its

inability to represent highly specialized kernel schedules like FlashAttention [10].

Creating new scheduling primitives that enable the Decoupled Triton DSL to

represent schedules like FlashAttention is an interesting challenge.

2. Gluon [25] is an experimental language emerging from the Triton project. It

is a lower-level language than Triton and is intended to replace the middle-end

of the Triton compiler. Gluon exposes more control over low-level details like

shared memory and tensor layouts to the programmer. Gluon maintains the

same block-level programming paradigm as Triton. Targeting Gluon kernels

with Decoupled Triton, would enable the creation of new scheduling primitives

that interact with the low-level details exposed in Gluon. However, Gluon is

currently highly experimental. Thus, it may be difficult to make progress in

this direction at the moment.

3. Build an autoscheduler for Decoupled Triton. A system that automatically
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generates efficient schedules for a given DT algorithm would make schedule

exploration even faster [23]. Decoupled Triton’s block-level scheduling may

present a unique challenge when creating an autoscheduler.

4. Integrate the Decoupled Triton system into PyTorch [4]. Integrating a de-

coupled language like Decoupled Triton into a coupled language like PyTorch

provides an interesting challenge. Such an integration would make exploring

schedules in Decoupled Triton even faster.

5. Add communication and distributed programming primitives to Decoupled Tri-

ton. Inspired by Triton-Distributed [43] (Section 5.1), there is an opportunity

to incorporate distributed programming and communication primitives into the

Decoupled Triton DSL to create a decoupled distributed programming DSL.

6. NVIDIA’s Hopper architecture introduced a Tensor Memory Accelerator (TMA)

unit as a new asynchronous execution feature [2]. The TMA unit can effi-

ciently transfer large blocks of memory between global memory and shared

memory. Triton has support for TMA, however existing Triton kernels cannot

use TMA without being rewritten [15]. Therefore, old Triton kernels are no

longer portable. Enhancing Decoupled Triton to generate Triton kernels that

use TMA is an important research direction towards more efficient and more

portable kernels.

7. To enable backpropagation for training, a backward ML kernel is needed in

addition to the original ML kernel — the forward kernel. Some systems can

generate backward kernels automatically using automatic differentiation [29].

In Decoupled Triton however, developers must define both the forward and

backward kernels individually. Implementing automatic differentiation to gen-

erate the backward kernel in addition to the forward kernel from a single kernel
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definition would simplify writing algorithms for training. This direction would

present the new research problem of how to schedule the automatically gener-

ated backward kernel.

82



Chapter 7

Conclusion

This thesis presents Decoupled Triton, a block-level decoupled DSL for writing and

exploring efficient parallel ML kernels. Decoupled Triton acts as an abstraction layer

on top of Triton that decouples the algorithm from the schedule. Adopting the block-

level programming paradigm from Triton allows for intuitive and simple scheduling

primitives, while decoupling the algorithm from the schedule allows for user-defined

scheduling and rapid schedule exploration. Furthermore, the higher-level representa-

tion of algorithm in Decoupled Triton further simplifies the definition of ML kernels.

An ML kernel definition in Decoupled Triton is represented as a modular algo-

rithm, which is defined by a tensor expression, and schedule, which is defined using

block-level scheduling primitives. The Decoupled Triton compiler takes an ML kernel

definition and generates a Triton kernel and a wrapper function. By targeting Tri-

ton kernels, Decoupled Triton sacrifices low-level scheduling control for simple and

intuitive block-level scheduling. Moreover, Decoupled Triton may be used as an edu-

cational tool for learning how to write efficient block-level schedules in Triton.

We implement different ML kernels in Decoupled Triton, explore parts of their

schedule spaces, and measure the performance of the generated kernels. The experi-

mental evaluation of Decoupled Triton demonstrates how Decoupled Triton enables

developers to rapidly explore schedule spaces and find efficient ML kernels with per-

83



formance competitive with, and even exceeding, that of both ML kernels written

by expert Triton developers and ML kernels generated by PyTorch, a mature ML

programming framework.

Despite the expressive algorithm definition and scheduling primitives, Decoupled

Triton cannot be used to define highly-specialized schedules like FlashAttention. Fu-

ture research directions include extending Decoupled Triton with scheduling directives

that enable the definition of FlashAttention, building an autoscheduler to automati-

cally generate efficient schedules, and generating Triton kernels that utilize TMA.
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