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CuTeDSL

How will you get started?

import cutlass.cute as cute

@cute.kernel
def kernel():

tidx, , = cute.arch.thread idx()

$>pip install nvidia-cutlass-dsl - if tidx == O: ‘ >>python hi.py
cute.printf("Hello world\n")
@cute.jit
def host():

kernel().launch(grid=(1, 1, 1), block=(32, 1, 1))

host ()

<ANVIDIA. I



CUTLASS Python DSL

How Fast is the DSL?
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Design of CUTLASS Python DSL

We discuss how we build the DSL
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How Can | Implement a Python DSL?



How Can | Implement a Python DSL?




How Can | Implement a Python DSL?
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How to capture Python to MLIR?
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Which Python Unlocks Rapid GPU
Kernel Authoring?

without sacrificing the performance
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Python DSL




AST vs Bytecode vs Tracing — What to Choose?

Python AST
Captures source structure before execution
Access to full program structure (loops, control flow, variables)
Harder to deal with dynamic runtime values

Python Bytecode
Closer to Python interpreter semantics
Stable, well-defined format
Loses some high-level structure (e.g., syntax, types)

Tracing
Captures what actually runs at runtime
Great for dynamic shapes & specialization
Limited control flow visibility and harder debugging
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[Option 1] : AST-based Python DSL

Python DSL P(/‘thon AST

@preciousDSL.jit
def kernel(4, B, ¢):
for i in ramge_(k): .
C = gemw\(A[...], B[J, C)

iF relu:
¢ = do_relu(c)
& g

Precious
PO © ¢

MLIR Dialect

pre_cious.{:unc @kemel(%A, %B, ZoC, %k):
{
precious.for %i = %c0 to %k, step %cl: . . . .
TtA = precious.load(%4, ...)
7.tC = precious.load(%B, ...)
%¢C = preclous.gemw\(%FA, %tB, 7C)

precious.h': °7°re,lu:
.00 = precious.ca“(@do_relu, %C)

—
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[Option 1] : AST-based Python DSL

Import ast

P(/‘tlr\on DSL

@preciousDSL.jit
def kernel(4, B, ¢):

for i in range(k):

C = geMM(A[...J, B[], C)

iF relu:
¢ = do_relu(c)

Precious
MLIR Dialect

Prec?ous.FuV\C @kernel(voA, O7°Bl 07°C' 07°k):

{
erecious.for %i = %c0 to %k, step %cl:

TofA = precious.load(%A4, ...)

7tC = precious.load(%B, ...)
o/oc = PVQC;OMS.QQMM(Vo'FA, WO‘FB' VOC)

prec?ous.I*F orelu:
7C = precious.ca“(@a!o_relu, 7.¢)

=

P(/‘tlr\on AST
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Example: AST-Based DSL

Fused Activation Functions

print debug = lambda message: DEBUG and cute.printf(message)
@cute.jit
def gemm(A,B,C,1i) ...

class Epilogue:
def run(self, matrix):
print debug("identity epilogue")

return matrix

class RelLU(Epilogue):
def run(self, matrix):
print debug("RelLU epilogue")

cute.where(matrix > 0.0, matrix, cute.full like(matrix, 0.0))

@cute.jit
def kernel(Epilogue, A, B, C):
for 1 in range(C.shape[1l]):
matrix = gemm(A, B, C, i)

Epilogue().run(matrix)

kernel(Epilogue, A, B, C)
kernel(ReLU, A, B, C)
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Example: AST-Based DSL

Fused Activation Functions

print debug = lambda message: DEBUG and cute.printf(message)
@cute.jit
def gemm(A,B,C,1) ...

class Epilogue:
def run(self, matrix):
print debug("identity epilogue")

return matrix

class RelLU(Epilogue):
def run(self, matrix):
print debug("RelLU epilogue")

cute.where(matrix > 0.0, matrix, cute.full like(matrix, 0.0))

@cute.jit
def kernel(Epilogue, A, B, C):
for 1 in range(C.shape[1l]):
matrix = gemm(A, B, C, 1)

Epilogue().run(matrix)

kernel(Epilogue, A, B, C)
kernel(ReLU, A, B, C)
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Example: AST-Based DSL

Fused Activation Functions

print debug = lambda message: DEBUG and cute.printf(message)
@cute.jit
def gemm(A,B,C,1) ...

class Epilogue:

def run(self, matrix):
print debug("identity epilogue")

return matrix

<;1;g;:ReLU(Epi;;;;;;;>

def run(self, matrix):

print debug("RelLU epilogue")

‘ cute.where(matrix > 0.0, matrix, cute.full like(matrix, ©.0))

@cute.jit
def kernel(Epilogue, A, B, C):
for 1 in range(C.shape[1l]):

matrix = gemm(A, B, C, 1)

Epilogue().run(matrix)

|
-

k
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Example: AST-Based DSL

Fused Activation Functions

print debug = lambda message: DEBUG and cute.printf(message)
@cute.jit
def gemm(A,B,C,1i) ...

class Epilogue:
def run(self, matrix):
print debug("identity epilogue")

return matrix

class RelLU(Epilogue):
def run(self, matrix):
print debug("RelLU epilogue")

cute.where(matrix > 0.0, matrix, cute.full like(matrix, ©.0))

@cute.jit
def kernel(Epilogue, A, B, C):
for 1 in range(C.shape[1l]):
matrix = gemm(A, B, C, 1)

Epilogue().run(matrix)

kernel(Epilogue, A, B, C)
kernel(ReLU, A, B, C)
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P(/t'/\OV\ AST

@cute.jit kernel(Epilogue, A, B,
C)

Function Arguments Function Body
\
Epilogue:
cutlass.Constexpr{type[Epilogue]] for i in range(C.shape[1]):
A, B, C: cute.Tensor
For Node matrix = gemm(A, B, C, i)
Name: i (Store) Call: range() Assign Node
Attribute: C.shape[1] Name: matrix (Store) Call: gemm()

l

Arguments: A, B, C, i (Load)

—

[ Epilogue().run(matrix)

Expr Node
Call: .run()
Attribute: run Argument: matrix (Load)

l

Call: Epilogue()



Py‘thon AST

Example

Fused Activation Functions

print debug = lambda message: DEBUG and cute.printf(message)
@cute.jit

@cute.jit kernel(Epilogue, A, B,
C)

class E o) ilo gue: Function Arguments Function Body -

def run(self, matrix): l (,f”"/”’//’ ——-~l

print debug("identity epilogue") . / T T ——
Epilogue: — <
[ Epilogue().run(matrix)

def gemm(A,B,C,1i) ...

return matrix cutlass.Constexpr[type[Epilgg.ue‘]']/ for i in range(C.shape[1]): =~ -
A, B, C: cute.Teps6r ey
7 Z A N
7 N
class ReLU(Epilogue): P N !
: / \
def r‘un(self, matr‘lx) : // For Node matrix = gemm(A, B, C, i) \\ Expr Node
print debug("RelLU epilogue") // i///, ‘\\\; o l \\ l
cute.where(matrix > 0.0, matrix, cute.full like(matrix, 0.0)) // \
| Name: i (Store) Call: range() Assign Node \ Call: .run()
’ \
@cute.jit | l é//// \\\\; ; ﬁ//// \\\\)
def kernel(Epilogue, A, B, C): \ l
\ Attribute: C.shape[1] Name: matrix (Store) Call: gemm() / Attribute: run Argument: matrix (Load)
for 1 in range(C.shape[1l]): \\ //
matrix = gemm(A, B, C, i) \\ l // l
. \
Epilogue().run(matrix) \ Arguments: A, B, C, i (Load)/ Call: Epilogue()
AN
N\ “ P / -
N /
kernel(Epilogue, A, B, C) \\\\ //,/
~N
kernel(ReLU, A, B, C) S~ /,//”/
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Py‘thon AST

Example

Fused Activation Functions

print debug = lambda message: DEBUG and cute.printf(message)
@cute.jit

@cute.jit kernel(Epilogue, A, B,
C)

def gemm(A,B,C,1i) ...

class E o) ilo gue: Function Arguments Function Body -
def run(self, matrix): l
print debug("identity epilogue™) “-l
Epilogue:
return matrix cutlass.Constexpr(type[Epilogue]] for i in range(C.shape[1]): Epilogue().run(matrix)
A, B, C: cute.Tensor

class RelLU(Epilogue): v
def run(self, matrix): For Node matrix = gemm(A, B, C, i) Expr Node
print_debug("ReLU epilogue") i///, \\\l o l
cute.where(matrix > 0.0, matrix, cute.full like(matrix, ©.0)) l
Name: i (Store) Call: range() Assign Node Call: .run()

@cute.jit l vz/// //,:><(i“*\\\ ﬁ//// \\\\l
/ N
/ \

def kernel(Epilogue, A, B, C):

Attribute: C.shape[1] Name: matrix (Store) / Call: gemm() \ Attribute: run Argument: matrix (Load)
for 1 in range(C.shape[1l]): / \
‘ matrix = gemm(A, B, C, 1) I ’{ l } l
. . \
Epilogue().run(matrix) \  Arguments:A, B, C, i (Load) // Call: Epilogue()
\\ ’
N -
~ -

kernel(Epilogue, A, B, C)
kernel(ReLU, A, B, C)
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Example

Fused Activation Functions

print debug = lambda message: DEBUG and cute.printf(message)
@cute.jit
def gemm(A,B,C,1i) ...

class Epilogue:
def run(self, matrix):
print debug("identity epilogue")

return matrix

class RelLU(Epilogue):
def run(self, matrix):
print debug("RelLU epilogue")

cute.where(matrix > 0.0, matrix, cute.full like(matrix, ©.0))

@cute.jit
def kernel(Epilogue, A, B, C):
for i in range(C.shape[1l]):

matrix = gemm(A, B, C, 1)

@cute.jit kernel(Epilogue, A, B,

Py‘thon AST

Epilogue().run(matrix)

kernel(Epilogue, A, B, C)
kernel(ReLU, A, B, C)
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Function Arguments Function Body e
I ~ ~~
Z / \ \
l a N
/ AN
/ \
Epilogue: / \
cutlass.Constexpr{type[Epilogue]] for i in range(C.shape[1]): // [ Epilogue().run(matrix) \\
A, B, C: cute.Tensor / \
/ \
/ \
/ v
/
For Node matrix = gemm(A, B, C, i) [ Expr Node
- /
|
|
l
Name: i (Store) Call: range() Assign Node Call: .run()

Attribute: C.shape[1] Name: matrix (Store) Call: gemm() \\ Attribute: run Argument: matrix (Load)

\
\
Arguments: A, B, C, i (Load) \ Call: Epilogue() /
\ /
\ /
\ /
\ /
\ /
"’//////'\ /
\ /
N /
N /
N /s
~N - _ P




Does AST-Based DSL Unlock Rapid GPU Kernel Authoring?

Users must “think in DSL,” not Python

» Advantages

- Loops and variables are explicit — easy to analyze and transform

- Clear structure —predictable lowering to IR
- Nice error messages — tied to source locations and syntax ' N T E R P R E T E R

» Disadvantages
- Not real Python — diverges from standard runtime semantics
- No Metaprogramming — requires heavy AST infrastructure
- Limited flexibility — harder to mix with other Python features
- DSL subset evolves slowly — adding features is expensive

- Each new Python construct needs a lowering rule
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[Option 3] : Tracing-based Python DSL

Core Idea
Run the Python function once with proxy objects (tracers)
Record operations into an IR
Compile and cache the IR for subsequent executions

Key Advantages
Users write idiomatic Python (e.g. NumPy / PyTorch)
Automatic specialization for shapes, dtypes, layouts
Easy interop with existing frameworks
Great for fusing high-level tensor computations

How It Handles Python
Control flow is executed once during tracing
Data-dependent branches — baked into IR or trigger retrace
Fallback to eager for unsupported Python (graph breaks)
Guards ensure cached variants are reused safely
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Example: Tracing-Based DSL

Fused Activation Functions

print debug = lambda message: DEBUG and cute.printf(message)
@cute.jit
def gemm(A,B,C,1) ...

class Epilogue:

def run(self, matrix): Execute

print debug("identity epilogue") /

return matrix

P Python Interpreter

class RelLU(Epilogue):
def run(self, matrix):
print debug("RelLU epilogue")

cute.where(matrix > 0.0, matrix, cute.full like(matrix, 0.0))

@cute.jit
def kernel(Epilogue, A, B, C):
for 1 in range(C.shape[1l]):
matrix = gemm(A, B, C, 1)

Epilogue().run(matrix)

kernel(Epilogue, A, B, C)
kernel(ReLU, A, B, C)
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Example: Tracing-Based DSL

Fused Activation Functions

print _debug = lambda message: DEBUG and cute.printf(message)
@cute.jit
def gemm(A,B,C,1) ... # implementation detail

class Epilogue:
def run(self, matrix):
print debug("identity epilogue")

return matrix

class RelLU(Epilogue):
def run(self, matrix):
print debug("RelLU epilogue")

cute.where(matrix > 0.0, matrix, cute.full like(matrix, ©.0))

@cute.jit
def kernel(Epilogue, A, B, C):
for 1 in range(C.shape[l]):
matrix = gemm(A, B, C, 1)

Epilogue().run(matrix)

1 kernel(Epilogue, A, B, C) '

kernel(ReLU, A, B, C)
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Live Generated MLIR code

Imemref gmem 16 = !lcute.memref<f1l6, gmem, "(128,256):(256,1)">

func.func @cutlass kernel Epilogue(%A: !memref gmem 16,

Example: Tracing-Based DSL

Fused Activation Functions %C: !'memref gmem f16) {

%B: !memref gmem 16,

print debug = lambda message: DEBUG and cute.printf(message)
@cute.jit
def gemm(A,B,C,1) ... # implementation detail

class Epilogue:
def run(self, matrix):
print debug("identity epilogue")

return matrix

class ReLU(Epilogue):
def run(self, matrix):
print debug("RelLU epilogue")

cute.where(matrix > 0.0, matrix, cute.full like(matrix, ©.0))

2 @cute.jit

def kernel(Epilogue, A, B, C):

for i in range(C.shape[1l]):
matrix = gemm(A, B, C, i)

Epilogue().run(matrix)

1 kernel(Epilogue, A, B, C)

kernel(ReLU, A, B, C)
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Live Generated MLIR code

Imemref gmem f16 = !lcute.memref<fl6, gmem, "(128,256):(256,1)">

func.func @cutlass kernel Epilogue(%A: !memref gmem f16,

Example: Tracing-Based DSL

Fused Activation Functions %C: !memref _gmem f16) {

%B: !memref gmem 16,

// Begin loop

print _debug = lambda message: DEBUG and cute.printf(message) %A cute.slice ...

@cute.jit %TB cute.slice ...

def gemm(A,B,C,1) ... # implementation detail .
gemm( ) g %61 C cute.slice ...

cute.gemm(%fA, %fB, %fC)

class Epilogue:

def run(self, matrix): %#fAl = cute.slice ...

print_debug("identity epilogue") #fBl1 = cute.slice ... Where |S my IOOp?

return matrix %fCl = cute.slice ...

cute.gemm(%fAl, %fBl, %fCl)

class ReLU(Epilogue): YEAY = cute. slice
(o] - ° e o o
def run(self, matrix):

. ’ . . %»fB2 = cute.slice ...
print debug("RelLU epilogue")

0 _ -
cute.where(matrix > 0.0, matrix, cute.full like(matrix, 0.0)) #fC2 = cute.slice ...

cute.gemm(%fA2, %fB2, %fC2)

2 @cute.Jit ... more iterations ...
def kernel(Epilogue, A, B, C): // After loop
for 1 in range(C.shape[1l]): F
3 matrix = gemm(A, B, C, 1)
Epilogue().run(matrix)
1 kernel(Epilogue, A, B, C)

kernel(ReLU, A, B, C)
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Live Generated MLIR code

Imemref gmem f16 = !lcute.memref<fl6, gmem, "(128,256):(256,1)">

func.func @cutlass kernel Epilogue(%A: !memref gmem f16,

Example: Tracing-Based DSL

Fused Activation Functions %C: Imemref gmem £16) {

%B: Imemref gmem 16,

// Begin loop
print _debug = lambda message: DEBUG and cute.printf(message) %fFA = cute.slice ...

@cute.jit %TB = cute.slice ...

def A,B,C,i) ... # impl tati detail ,
ef gemm( i) implementation detai YeC = cute.slice . . |

, cute.gemm(%fA, %fB, %fC)
class Epilogue:

o B )
def run(self, matrix): %fAl = cute.slice ...

print_debug("identity epilogue") %fBl = cute.slice ...
return matrix %fCl = cute.slice ...

cute.gemm(%fAl, %fBl, %fCl)

1 ReLU(Epil :
class RelU(Epilogue) %fA2 = cute.slice ...
def run(self, matrix):

. " . " %#fB2 = cute.slice ...
print debug("RelLU epilogue")

0 _ -
cute.where(matrix > 0.0, matrix, cute.full like(matrix, 0.0)) #fC2 = cute.slice ...

cute.gemm(%fA2, %fB2, %fC2)

2 @cute.jit ... more iterations ...
def kernel(Epilogue, A, B, C):

// After loop

3 for 1 in range(C.shape[l]):

matrix = gemm(A, B, C, 1)

4 Epilogue().run(matrix) p

1 kernel(Epilogue, A, B, C)

kernel(ReLU, A, B, C)
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Live Generated MLIR code

Imemref gmem f16 = !lcute.memref<fl6, gmem, "(128,256):(256,1)">

func.func @cutlass kernel Epilogue(%A: !memref gmem f16,

Example: Tracing-Based DSL

Fused Activation Functions %C: Imemref gmem £16) {

%B: !memref gmem 16,

// Begin loop 1. Class construction worked
print debug = lambda message: DEBUG and cute.printf(message) %fA = cute.slice ... 2 POIymorphlc Ca” WOrked
@cute.]Jit %fB = cute.slice ... - PN T

e e 3. Function call is inlined.

def gemm(A,B,C,i) ... %fC = cute.slice

cute.gemm(%fA, %fB, %fC)

class Epilogue:

5 def run(self, matrix): %#fAl = cute.slice ...

print_debug("identity epilogue") %fBl = cute.slice ...

return matrix %fCl = cute.slice ...

cute.gemm(%fAl, %fBl, %fCl)

1 ReLU(Epil :
class RelU(Epilogue) %TA2 = cute.slice ...
def run(self, matrix):

. . . . %#ftB2 = cute.slice ...
print debug("RelLU epilogue")

0 _ -
cute.where(matrix > 0.0, matrix, cute.full like(matrix, 90.0)) #fC2 = cute.slice ...

cute.gemm(%fA2, %fB2, %fC2)

2 @cute.jit ... more iterations ...
def kernel(Epilogue, A, B, C):

// After loop

for i in range(C.shape[l]): ] L , i .
3 cute.print("identity epilogue\oA", )
matrix = gemm(A, B, C, 1)

4 Epilogue().run(matrix) // We don’t have fusion, so no code here

cute.memref.store vec %res ... : !memref gmem 16

1 kernel(Epilogue, A, B, C)

kernel(ReLU, A, B, C)
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Example: Tracing-Based DSL

Fused Activation Functions

print _debug = lambda message: DEBUG and cute.printf(message)
@cute.jit
def gemm(A,B,C,1) ... # implementation detail

class Epilogue:

def run(self, matrix):

Python Interpreter

Execute
2nd call

print debug("identity epilogue")

return matrix

class RelLU(Epilogue):
def run(self, matrix):
print debug("RelLU epilogue")

cute.where(matrix > 0.0, matrix, cute.full like(matrix, ©.0))

@cute.jit
def kernel(Epilogue, A, B, C):
for 1 in range(C.shape[l]):
matrix = gemm(A, B, C, 1)

Epilogue().run(matrix)

kernel(Epilogue, A, B, C)

1 kernel(ReLU, A, B, C) p

I <A NVIDIA.




Live Generated MLIR code

Imemref gmem f16 = !lcute.memref<fl6, gmem, "(128,256):(256,1)">

func.func @cutlass kernel Epilogue(%A: !memref gmem f16,

Example: Tracing-Based DSL

Fused Activation Functions %C: Imemref gmem £16) {

%B: !memref gmem 16,

// Begin loop

print debug = lambda message: DEBUG and cute.printf(message) %A = cute.slice ...

@cute.jit %TB = cute.slice ...

def A,B,C,i) ... # impl tati detail ,
ef gemm( i) implementation detai YeC = cute. slice ...

, cute.gemm(%fA, %fB, %fC)
class Epilogue:

o - )
def run(self, matrix): %#fAl1 = cute.slice ...

print_debug("identity epilogue") %fBl = cute.slice ...
return matrix %fCl = cute.slice ...

cute.gemm(%fAl, %fBl, %fCl)

class ReLU(Epilogue):

%TA2 = cute.slice ...
def run(self, matrix):

. . . . %#fB2 = cute.slice ...
print debug("RelLU epilogue")

0 _ -
cute.where(matrix > 0.0, matrix, cute.full like(matrix, 90.0)) #tC2 = cute.slice ...

cute.gemm(%fA2, %fB2, %fC2)

2 @cute.jit ... more iterations ...
def kernel(Epilogue, A, B, C): // After loop
for 1 in range(C.shape[l]):

3 cute.print("ReLU epilogue\oA", )
matrix = gemm(A, B, C, 1)
A Epilogue() . run(matrix) // ReLU fusion code here
%res relu = arith.select(%res,
kernel(Epilogue, A, B, C)
1 kernel(ReLU, A, B, C) cute.memref.store vec %res relu, ... : !memref gmem f16
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Which Tracing-Based DSL Unlock Rapid GPU Kernel Authoring?

yet hide the program’s true structure

» Advantages

- Captures actual runtime behavior — no need to re-implement Python
semantics

- Metaprogramming works naturally — loops, conditionals, dynamic shapes
are just Python

» Disadvantages
- Control flow is opaque — harder to analyze and transform statically

- Error messages are weaker a— tied to runtime traces, not source structure

<ANVIDIA. I



Which Python Unlocks Rapid GPU Kernel Authoring?

Fact 1: Fast GPU kernels are simple at runtime
No function calls
No object-orient programming, polymorphism
No complex branching or deeply fused logic

Fact 2: But developers love these concepts at authoring time
Meta-programming
Clean, structured Python code

NVIDIA



Our DSL is Hybrid: Combine AST + Tracing

When Two Worlds Collide

» Hybrid DS

- AST — capture program structure
» Tracing — meta-programming

* Introducing Constexpr
- Evaluated by the Python interpreter at capture time
- Enables lightweight meta-programming without extra syntax

* What can be Constexpr

» Variables

- Function arguments

- Variable definition
» Control flow can be Constexpr

- for / if / else can be resolved at compile time
» Shapes can be Constexpr

- User decides dynamic shapes or static shapes

<A NVIDIA.




In(aut P(/tlr\on code

f@cute.jit
def main():
for in range(...)

Compilation flow | T |

DSL Preproce,SSOr/ Py‘tl«on
—
Python AST j
Pre-Staging - Python AST \ -
Inserts callbacks to capture program structure (e.g., Intermediate Python code

control flow, loops, branches).

@cute.jit )
def main(): P
@loop_selector(...)

def loop_body(i, ...): |

Meta-Stage - Python Interpreter P
Executes the meta program. Al
During execution, callbacks emit MLIR IR (tracing + DSL/Python )

partial evaluation). R e
[ CuTe Operations I

Object-Stage - MLIR Compiler

MLIR/C++

MLIR IR is lowered and compiled to a target binary.
MLIR upstreom
Runs on device (e.g., GPU/CPU/accelerator). | m l d,a,;st: D

! BW\O«Y‘L/
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Understanding Stages acute. it

AST Rewrite _ [print executes /'ﬂ] ~ MLIR def add_dynamicexpr(b: cutlass.Float32):
a = cutlass.Float32(2.0)

result = a + b

print("[add dynamicexpr] result =", result)
$> python myprogram.py
@cute.jit
def add_constexpr(b: cutlass.Constexpr):
a = 2.0
result = a + b

print("[add constexpr] result =", result)

@cute.jit

def add _hybrid(b: cutlass.Constexpr):
a = cutlass.Float32(2.0)
result = a + b

print("[add _hybrid] result =", result)

b =5.0
add_dynamicexpr(b)
add_constexpr(b)

I &ANVIDIA add_hybrid(b)



Understanding Stages gcute. jit

AST Rewrite _ [print executes /..r.,] ~ MLIR def add_dynamicexpr(b: cutlass.Float32):
a = cutlass.Float32(2.0)

result = a + b

print("[add dynamicexpr] result =", result)

5S> python myprogram.py
@cute.jit
[add_dynamicexpr] result = ? def add_constexpr(b: cutlass.Constexpr):
a = 2.0
result = a + b

print("[add constexpr] result =", result)

@cute.jit

def add _hybrid(b: cutlass.Constexpr):
a = cutlass.Float32(2.0)
result = a + b

print("[add _hybrid] result =", result)

b = 5.0

add_dynamicexpr(b)

add_constexpr(b)
I &ANVIDIA add_hybrid(b)



Understanding Stages acute. it

AST Rewrite _ [print executes /'ﬂ] ~ MLIR def add_dynamicexpr(b: cutlass.Float32):
a = cutlass.Float32(2.0)

result = a + b

print("[add dynamicexpr] result =", result)

5S> python myprogram.py

@cute.jit
[add dynamicexpr] result = 7?

def add_constexpr(b: cutlass.Constexpr):

= 2.0
7.0

[add constexpr] result
— result = a + b

print("[add constexpr] result =", result)

@cute.jit

def add _hybrid(b: cutlass.Constexpr):
a = cutlass.Float32(2.0)
result = a + b

print("[add _hybrid] result =", result)

b =5.0
add_dynamicexpr(b)

add_constexpr(b)

I &ANVIDIA add_hybrid(b)



Understanding Stages acute. it

AST Rewrite _ [print executes /'ﬂ] ~ MLIR def add_dynamicexpr(b: cutlass.Float32):
a = cutlass.Float32(2.0)

result = a + b

print("[add dynamicexpr] result =", result)
5S> python myprogram.py

@cute.jit

- — 9
ladd _dynamicexpr] result - def add_constexpr(b: cutlass.Constexpr):

a = 2.0
[add constexpr] result = 7.0
— result = a + b

[add hybrid] result = ? print("[add_constexpr] result =", result)

@cute.jit

def add _hybrid(b: cutlass.Constexpr):

a = cutlass.Float32(2.0)
result = a + b

print("[add _hybrid] result =", result)

b =5.0
add_dynamicexpr(b)
add_constexpr(b)

I &ANVIDIA add_hybrid(b)



Understanding Stages
AST Rewrite - [print executes & ] - MLIR

S$> python myprogram.py
[add hybrid (meta-stage)] result = 7 @cute.jit

[add hybrid (object-stage)] result =7.000000 def add_hybrid(b: cutlass.Constexpr):
a = cutlass.Float32(2.0)

result = a + b

print("[add hybrid (meta-stage)] result

", result)

b = 5.0
add hybrid(b)

I <ANVIDIA.



Live Generated MLIR code

Let ' S Write Our Fi rSt Imemref_gmem_f16 = !cute.memref<fl6, gmem, "(128,256):(256,1)">
Example With CUTQDSL func.func @cutlass_kernel Epilogue(%A: !memref_gmem f16,

%B: Imemref gmem 16,
Fused Activation Functions %C: !memref _gmem f16) {

print debug = lambda message: DEBUG and cute.printf(message)
@cute.jit
def gemm(A,B,C,1) ...

class Epilogue:
def run(self, matrix):
print debug("identity epilogue")

return matrix

class RelLU(Epilogue):
def run(self, matrix):
print debug("RelLU epilogue")

cute.where(matrix > 0.0, matrix, cute.full like(matrix, ©0.0))

@cute.jit
def kernel(Epilogue
A : cute.Tensor, B : cute.Tensor, C : cute.Tensor):
for 1 in range(C.shape[1l]):
matrix = gemm(A, B, C, 1)

Epilogue().run(matrix)

kernel(Epilogue, A, B, C)

I @2nvll<slrl‘2el(ReLU, A, B, C)



Live Generated MLIR code

Let ' S Write Our Fi rSt Imemref_gmem_f16 = !cute.memref<fl6, gmem, "(128,256):(256,1)">
Example With CUTQDSL func.func @cutlass_kernel Epilogue(%A: !memref gmem f16,

%B: !memref gmem 16,

Fused Activation Functions %C: !memref _gmem f16) {
// Begin loop
sct.for ... {

print debug = lambda message: DEBUG and cute.printf(message) %t A cute.slice ...

@cute.jit %T1B cute.slice ...

def gemm(A,B,C,i) ... %fC = cute.slice

class Epilogue: cute.gemm(%fA, %fB, %fC)

def run(self, matrix): ¥
print debug("identity epilogue") // After loop

return matrix
Capture the dynamic loop
class RelLU(Epilogue):
def run(self, matrix):
print debug("RelLU epilogue")

cute.where(matrix > 0.0, matrix, cute.full like(mgpffix, 0.0))

@cute.jit
def kernel(Epilogue : cutlass.Constexpr,
A : cute.Tensor, B : cute€nsor, C : cute.Tensor):
matrix = gemm(A, B, C, 1)

Epilogue().run(matrix)

kernel(Epilogue, A, B, C)

I @valfslrl‘_gel(ReLU, A, B, C)



Live Generated MLIR code

Let ' S Write Our Fi rSt Imemref_gmem_f16 = !cute.memref<fl6, gmem, "(128,256):(256,1)">
Example With CuTeDSL func.func @cutlass _kernel Epilogue(%A: !memref gmem 16,

%B: Imemref gmem 16,
Fused Activation Functions %C: !memref _gmem f16) {

// Begin loop

print debug = lambda message: DEBUG and cute.printf(message) %fA = cute.slice ...
@cute.Jjit %fB = cute.slice ...

def gemm(A,B,C,1) ... %fC = cute.slice

class Epilogue: cute.gemm(%fA, %fB, %fC)

def run(self, matrix): %#fAl = cute.slice ...

print_debug("identity epilogue") %fBl = cute.slice ...
return matrix %fCl = cute.slice ...

cute.gemm(%fAl, %fBl, %fCl)

class RelLU(Epilogue): YEAY = cute. <lice
(o] - ° e o o
def run(self, matrix):

%fB2 = cute.slice ...
print_debug("ReLU epilogue") ute.s e

) _ o
cute.where(matrix > 0.0, matrix, cute.full like(matrix, 0.9 #fC2 = cute.slice ...

cute.gemm(%fA2, %fB2, %fC2)

@cute.jit ... more iterations ...
def kernel(Epilogue : cutlass.Constexpr, // After loop

A : cute.Tensor, B : cute.Tensor, C : cujé.Tensor):

For 1 in cutlass.range constexpr(C.shape[1]): Loop is marked as constexpr, so user doesn't
- want to capture the control-flow. It's evaluated

matrix = gemm(A, B, C, 1)

by the python interpreter.

Epilogue().run(matrix)

kernel(Epilogue, A, B, C)

I Gznvlfslr;_gel(ReLU, A, B, C)



Live Generated MLIR code

Let ' S Write Our Fi rSt Imemref_gmem_f16 = !cute.memref<fl6, gmem, "(128,256):(256,1)">
Example With CUTQDSL func.func @cutlass_kernel Epilogue(%A: !memref_gmem f16,

%B: !memref gmem 16,

Fused Activation Functions %C: !'memref gmem f16) {
// Begin loop
scf.for ... {
print debug = lambda message: DEBUG and cute.printf(message) %»fA = cute.slice ...
@cute.]jit %fB = cute.slice ...

def gemm(A,B,C,i) ... %fC = cute.slice

class Epilogue: cute.gemm(%fA, %fB, %fC)

def run(self, matrix): ¥
print debug("identity epilogue") // After loop

return matrix

class RelLU(Epilogue):
def run(self, matrix):
print debug("RelLU epilogue")

cute.where(matrix > 0.0, matrix, cute.full like(matrix, ©0.0))

@cute.jit
def kernel(Epilogue : cutlass.Constexpr,
A : cute.Tensor, B : cute.Tensor, C : cute.Tensor): Constexpr are evaluated In Compile-time by
for i in range(C.shape[1]): python Interpreter

matrix = gemm(A, B, C, 1)

Epilogue().run(matrix)

kernel(Epilogue, A, B, C)

I @Zn\ilfs.mel(RELU’ A, B, C)



One DSL to Rule All MLIR Targets




Target Dialect Agnostic Python DSL

CuTeDSL is an implementation

BaSQDSL W\‘FY‘O\ (‘target o(\alec’c agV\OStlc)

e Python AST rewrite I .
RYERILHELR (Preprocessor) JIT Coche ‘
MLIR Execution
. Engine/JLT compiler l Error Handl g 9 ONPGCk

CuTeDSL (Implementa‘t?on)

Extended “I‘ypes Callbacks AST rewrite T D;o“é.mt
user-functions
& IR NGBS

e
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Target Dialect Agnostic Python DSL

CuTeDSL is an implementation

BaseDSL infra (tar e‘t ohalec‘t a nostic)

Plftlﬂon RIS l l ' Upstream di alec‘t user-
(Preprocessor) JIT CQCIﬂe
Works with any MLIR
} dialect
MLIR Execution ‘
Ennge/JIT COW\P;IQY Error Homo“mg G“PO&C‘(

CuTeDSL (Implemen‘ta‘t?on)

Extended T ypes Callbacks AST rewrite T D;al%Ct
user-functions
" & L____)

Designed to be
extendible

<ANVIDIA. I



Target Dialect Agnostic Python DSL

CuTeDSL is an implementation

BaseDSL infra (‘target dialect agnostic)

y‘tl«on AST rewrite Upstream dialect user-
Type Interence l (preprocessor) AOT JIT Cache B

MLIR Execution

Error Homouing ouPack

Eng?ne/JIT comp?[er‘

Builtin Types and Type inference

S CuTeDSL (Implemen‘ta‘t?on)

cutlass.Int8
cutlass.Intlé6
cutlass.Int32 O R P o S r_——ﬁ
cutlass.Int64

CuTe Dialect
cutlass.Floatl6 Extended T‘/PQS Callbacks AST rewrite .
user-funetions

cutlass.BFloatl6

\

cutlass.TFloat32 LS AT AT e e e
cutlass.Float32
cutlass.Float64
cutlass.Float8E4M3
cutlass.Float8E5M2

cute.Tensor
cute.CopyAtom

cute.TensorSSA

<ANVIDIA. I



Staging:

Control-Flow from Python,

Your Way

» BaseDSL

- Rewrites Python AST — Intermediate Python

- Hooks into callbacks for control-flow generation

* Implementation: CuTeDSL

- Plug in callbacks

s Emit scf/cf =

» Implementation: myDSL (hypothetical)

- Same callbacks, different IR

- Fully customizable control-flow

I <A NVIDIA.

Iv\put Pyﬂr\on code

(" @cute. jit
def main():
for in range(...)

\ .body. /

DSL Preprocessor/Python

—
Pt/tlnon AST ]
\_ .

Intermediate Pl/tl«on code

@cute.jit )
def main(): P
- @loop selector(..

oop_body(1, ... |

.body. ]
DSL/ Py‘tl«on \
6 CuTe Opem’mons j l

MLIR/C++ ”

Cu‘l"e, D‘alec‘t i upstream
olualects J

! Bman/




Caller

Python function
Python function
@jit

@jit

@jit

Qkernel
@kernel

dkernel

Calling Convention

How Python Talks to DSL

Callee

@jit

@kernel

@jit

Python function
@kernel

@jit

Python function

dkernel

Allowed

N X

3

<

X B

Compilation/Runtime

DSL runtime

N/A (error raised)

Compile-time call, inlined
Compile-time call, inlined

Dynamic call via GPU driver or runtime
Compile-time call, inlined
Compile-time call, inlined

N/A (error raised)

<ANVIDIA. I



Implemented Cutlass Python DSL Infrastructure
- Target-agnostic — works with any MLIR backend
« Three staging levels:
o Pre-Staging — Python AST rewrite (structural capture)
o Meta-Staging — Python interpreter (tracing & partial eval)
o Object-Staging — MLIR compiler (lowering & codegen)

Help Us Shape the Future

Scan the QR code to connect with us.
NVIDIA is the engine of the world's Al infrastructure. We are
the world leader in accelerated computing.

Check out our open career opportunities here:
https://www.nvidia.com/en-us/about-nvidia/careers/
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Useful Links

CuTeDSL Homepage Introduction

CuTeDSL Jupyter Notebooks

Enable Tensor Core Programming in Python with CUTLASS 4.0

Programming Blackwell Tensor Cores with CUTLASS [GTC25

CuTe concepts quickstart

<ANVIDIA. I


https://docs.nvidia.com/cutlass/media/docs/pythonDSL/cute_dsl.html
https://docs.nvidia.com/cutlass/media/docs/pythonDSL/cute_dsl_general/notebooks.html
https://www.nvidia.com/en-us/on-demand/session/gtc25-s74639/
https://www.nvidia.com/en-us/on-demand/session/gtc25-s72720/
https://docs.nvidia.com/cutlass/media/docs/cpp/cute/index.html

