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Grid -Level

Easy acceleration of
bulk data operations

System splits work Into
blocks, divides data
Into tiles, & maps both
onto threads

Thread -Level

Full control for
all parallel workloads
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Grid -Level

Easy acceleration of
bulk data operations

System splits work Into
blocks, divides data
Into tiles, & maps both
onto threads

Tile-Level

Productive, portable, &
performant array ops
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User splits work Into
blocks & divides data
INto tiles

System maps
both onto threads

Thread -Level

Full control for
all parallel workloads
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). 9.9.9.9.9.9.9.9.9.9.9.9.9."

User splits work Into
blocks, divides data Into
tiles, & maps both onto

threads

Tile based programming for GPU was first brought by Philippe Tillet & al. In
Triton: An Intermediate Language and Compiler for Tiled Neural Network Computations
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https://www.eecs.harvard.edu/~htk/publication/2019-mapl-tillet-kung-cox.pdf

Grid -Level

Tile-Level

Thread -Level
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Grid -Level

Tile-Level

CUDA Tlile

Thread -Level
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Why evolve again?

AXT
Simplify performant
GPU programming for
data -parallel applications

X I

X0 X
Volta Tensor Core Ampere Tensor Core Hopper Tensor Core
Y4 warp (8 threads) 1 warp (32 threads) 4 warps (128 threads)
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Why evolve again?

AXT
Simplify performant Targetable from
GPU programming for any language,
data -parallel applications but especially Python
X I
X0 X
Volta Tensor Core Ampere Tensor Core Hopper Tensor Core
Y4 warp (8 threads) 1 warp (32 threads) 4 warps (128 threads)
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Why evolve again?

Define a stable

>implify performant Targetable from abstraction for tensor
PU programming for any language, cores and related
data -parallel applications |
P PP but especially Python hardware
X I
X0 X
Volta Tensor Core Ampere Tensor Core Hopper Tensor Core
Y4 warp (8 threads) 1 warp (32 threads) 4 warps (128 threads)
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Thread Grid

Blocks of
Warps

Warps of
Threads

Threads
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Thread Grid Tile Grid

Blocks of
Warps

Warps of
Threads

Threads Tile Blocks
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Execution
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Synchronous Thread Load Asynchronous Thread Copy Asynchronous Bulk Copy
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CUDA SIMT User Responsiblility

Split work into blocks
Divide data Into tiles

Map blocks & tiles onto
threads
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CUDA Tile User Responsiblility

Split work into blocks
Divide data Into tiles
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CUDA Tile 1s Simpler CUDA

Tile Programming simplifies a wide range of applications

Applies to any program operating on regular arrays or data -parallel problems
Easier to achieve peak performance

Provides a stable, portable way to program tensor cores

Just another part of CUDA  § works with everything

Tile kernel

Initial release

?
-
B

|aA1-\gf i'&ﬁ';sié‘ ) -- Titl_e cuTile kernels are CUDA kernels
unction
Use Tile and SIMT kernels together in any workflow
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CUDA Tile IR: A new virtual ISA for NVIDIA GPUs

cuTlile

|
SIMT path lle path

:

Tile IR

GPU Executable

Tile IR I1s a new abstract machine model for GPUs

Can express any program operating on regular arrays or data -
parallel problems

Easier to achieve peak performance

Provided as an open source MLIR dialect making it a natural target
for other compilers or DSLs.

Provides a stable, portable way to program tensor cores and other
GPU co-processors.

Positioned just as PTX : just another part of CUDA f works with
rest of the platform including debugging and profiling.

Includes a comprehensive spec

<A NVIDIA I


https://docs.nvidia.com/cuda/tile-ir/latest/index.html

CUDA Tile IR: A new virtual ISA for NVIDIA GPUs

SIMT path Tile path

GPU Executable

<A NVIDIA I



Two Different Compiler & Developer Targets

Python & C++ source -level target
for application developers and
source -to -source DSL compilers

IR-level target for compilers & DSLs
Includes bindings for Python & C++

)
)

cuTile

Tile path

Tile IR

Tile IR Compiler Stack

Tile IR includes an MLIR dialect
for applications emitting MLIR

Applications can emit
Tile IR bytecode directly or
via bindings in Python & C++

<A NVIDIA I



CUDA Tile IR: A new virtual ISA for NVIDIA GPUs
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CUDA Tile IR: A new virtual ISA for NVIDIA GPUs




CUDA Tile IR: A new virtual ISA for NVIDIA GPUs




CUDA Tile IR: A new virtual ISA for NVIDIA GPUs

..
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CUDA Tile IR: A new virtual ISA for NVIDIA GPUs

Just like PTX, TileIR bytecode can be embedded in a fatbin.
The CUDA driver can load it and JIT it for the current GPU!

=»You can write a kernel in any source language and
embed it in a CUDA application in another language! Snvibia I
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cuTile: A Python front -end for CUDA Tile

Import cuda.tile as ct

@t . func
def softmax (1, Q r):
c =ct.load (I, (O, ct.bid(0)), (I.shape[O], r))

max = ct. max c, axis =0, keepdims=True)
num= ct.exp(c - max

den = ct.sun(num axis =0, keepdims=True)
smax = num/ den

ct.store (Q (0O, ct.bid(0), smax

Exposes CUDA Tile as a NumPy-like array programming model.

<A NVIDIA. I



Naive CUDA Python SIMT

@cuda.device.kernel

def matmul(A, B, C):
TPB = cuda.blockDim.x
BPG = cuda.gridDim.x
X,y = cuda.grid (2)
tx = cuda.threadldx.x
ty = cuda.threadldx.y

SA
sB

cuda.shared.array
cuda.shared.array

tmp = float32(0.)
for 1 Inrange(BPG):

sAlty, tx]=0
sBlty, tx]=0

sAlty, tx]=Aly,

cuda.syncthreads ()

for j in range(TPB):
tmp += sAlty, J] *

cuda.syncthreads ()

Cly, x]= tmp

((TPB, TPB), float32)
((TPB, TPB), float32)

fy< A.shape[0]and ( tx+l *TPB) < A.shape [1]:

If x< B.shape[l]and ( ty+I *TPB) < B.shape]O]:
sBlty, tx]=B|ty+

tx +1 *TPB]
| *TPB, X]
sB[j, tx]

Ify< C.shape[0] and x < C.shape|[1]:

cuTile Python

Import cuda.tile as ct

@ct.kernel

def matmul(A: ct.Array |,
B: ct.Array
C:. ct.Array

sum = ct.zeros (ts [0:1],

PA = ct.view.partition
pB = ct.view.partition
for k In range(

sum = ct.mma( pAlx, K],

ct.store (C, (X,Yy), sum)

ts . ct.Constant [ ct.Shape ]):

A.dtype )

(x,y)=( ctbid (0), cthid (1))

(A, ( ts[0], ts[2]))
(B, ( ts[2], ts[1]))

pA.shape [1]):

pPBK, y], sum)

<A NVIDIA. I



Speed-Of-Light Non-Portable CUDA C++ SIM

using namespace cute;

template <class SharedStorage
class ATensor, class BTensor, class CTensor, class DTensor,
class MmaTiler_MNK class TiledMMA, class  ClusterShape MNK,
class TmaAtomAclass TmaAtomB
class Alpha, class Beta>
__Qglobal__ static
void
matmul( ATensor maA,
BTensor mB
CTensor mC
DTensor mD
MmaTiler_MNK mma_tiler ,
TiledMMA tiled_mma ,
ClusterShape_MNK cluster_shape
CUTE_GRID_CONSTANNhaAtomAconst tma_atom_A
CUTE_GRID_CONSTANNhaAtomBconst tma_atom_B,
Alpha alpha , Beta beta)

Layout cluster layout vmnk = tiled_divide (make_layout ( cluster_shape ),
make_tile (typename TiledMMA:: AtomThrID{}));

auto mma_coord_vmnk= make_coord( blockldx.x % size<0>( cluster_layout vmnk ),
blockldx.x  /size<O0>( cluster_layout vmnk ),
blockldx.y

)

auto mma_coord = select<1,2,3>( mma_coord_vmnk

Tensor gA = local_tile (mA, mma_tiler , mma_coord Step<_1, X, 1>{});
Tensor gB = local_tile (mB mma_tiler , mma_coord Step< X,_1, 1>{});
Tensor gC = local tle (mC mma_tiler , mma_coord Step<_1, 1, X>{});
Tensor gD = local_tile (mD mma_tiler , mma_coord Step<_1, 1, X>{});
__syncthreads ();

extern __shared__ char shared_memoryf];
SharedStorage & shared storage =
*reinterpret_cast <SharedStorage *>( shared_memory);

Tensor tCsA = shared_storage.tensor sA  ();
Tensor tCsB = shared_storage.tensor_sB  ();

auto mma_v= get<0>( mma_coord_vmnk
ThrMMActa_mma = tiled_mma.get_slice (mma_}y,
Tensor tCgA = cta_mma.partition_A (gA);
Tensor tCgB = cta_mma.partition_B (gB);
Tensor tCgC = cta_mma.partition_C (gO;
Tensor tCgD = cta_mma.partition_C (gD);
__syncthreads ();

Tensor tCrA
Tensor tCrB

cta_mma.make_fragment_A(tCsA);
cta_mma.make_fragment_B (tCsB);

Tensor tCtAcc = cta_mma.make fragment C(tCgC);

uint32_t  elect_one_thr = cute:: elect_one_sync ();
uint32_t elect_one_warp = ( threadldx.x /32 ==0);

using TmemAllocator = cute::TMEM::AllocatorlSm,;
TmemAllocator tmem_allocator {};

if ( elect_one_warp ){
tmem_allocator.allocate ( TmemAllocator ::Sm100TmemCapacityColumns,
&shared_storage.tmem_base_ptr );

}

__syncthreads ();
tCtAcc.data () = shared_storage.tmem_base_ptr ;
__syncthreads ();

auto [ tAgA, tAsA]= tma_partition (tma_atom_ A Int<0>{}, Layout< 1>{},
group_modes<0,3>( tCsA), group_modes<0,3>( tCgA));

auto [ tBgB, tBsB]= tma_partition (tma_atom_ B, Int<0>{}, Layout< 1>{},
group_modes<0,3>( tCsB), group_modes<0,3>( tCgB));

__syncthreads ();

if ( elect one_warp && elect one thr ){

cute:: initialize_barrier (shared_storage.mma_barrier ,/* num_ctas */ 1);
cute:: initialize_barrier (shared_storage.tma_barrier , ¥ num_threads */1);
}

int mma_barrier_phase _bit =0;

int tma_barrier_phase_bit =0;

__syncthreads ();
tled_mma.accumulate _ = UMMA:: ScaleOut ::Zero;

for (int k tle =0; ktile <size<3>( tCgA); ++ k tile )
{
if ( elect_ one_warp && elect_one thr ){
int tma_transaction_bytes = sizeof (make tensor_like (tAsA))
+ sizeof (make tensor_like (tBsB));
cute:: set_barrier_transaction_bytes (shared_storage.tma_barrier ,
tma_transaction_bytes );
copy( tma_atom_A.with (shared_storage.tma_barrier ), tAgA(_, k tile ), tAsA);
copy( tma_atom_B.with (shared_storage.tma_barrier ), tBgB(_, k tile ), tBsB);

}

cute:: wait_barrier (shared_storage.tma_barrier , tma_barrier_phase_bit );
tma_barrier_phase_bit A= 1,

if ( elect_ one_warp ){
for (int k block =0; Kk block <size<2>( tCrA); ++ Kk block ) {
gemrtiled_mma , tCrA(_, , k block ), tCrB(_, , k block ), tCtAcc);

tled_mma.accumulate _ = UMMA:: ScaleOut ::One;
}
cutlass::arch:: umma_arrive (&shared_storage.mma_barrier );
}
cute:: wait_barrier (shared_storage.mma_barrier , mma_barrier_phase_bit );
mma_barrier_phase_bit /=1,
}
TiledCopy tiled_t2r_copy = make_tmem_copySM100_TMEM_LOAD_32dp32b1x{}tCtAcc );
ThrCopy  thr_t2r_copy =tiled_t2r_copy.get_slice( threadldx.x );
Tensor tDgC = thr_t2r_copy.partition_D( tCgO);

Tensor tDrC = make_fragment_like (tDgC);
copy( tDgC, tDrC);

Tensor tDtAcc =thr_t2r_copy.partition_S( tCtAcc );
Tensor tDgD  =thr_t2r_copy.partition_D( tCgD);

using AccType
Tensor tDrAcc

typename decltype (tCtAcc ):: value_type ;
make_tensor <AccType>(shape( tDgD));

copy(tiled_t2r_copy, tDtAcc , tDrAcc);

axpby(alpha, tDrAcc, beta, tDrC);
copy( tDrC, tDgD);

__syncthreads ();

if ( elect_one_warp ) {
tmem_allocator.release_allocation_lock 0;
tmem_allocator.free  (shared_storage.tmem_base ptr
TmemAllocator ::Sm100TmemCapacityColumns);

cuTile Python

Import cuda.tile as ct

@ct.kernel
def matmul(A: ct.Array |,
B: ct.Array |,
C:. ctArray |,
ts . ct.Constant [ ct.Shape ]):
sum = ct.zeros (ts [0:1], A.dtype )
(X,y)=( ctbid (0), cthid (1))

PA = ct.view.partition (A, ( ts[0], ts][2]))
pB = ct.view.partition (B, ( ts[2], ts[1])
for k In range( pPA.shape [1]):

sum = ct.mma( pAXx, K], pBlk, y], sum)

ct.store (C, (X,Yy), sum)

<ANVIDIA.




cuTile By Example

Import cuda.tile as ct

@t . func
def softmax (I, Q r):
c =ct.load (I, (O, ct.bid(0)), (I.shape[O], r))

max = ct. max c, axis =0, keepdims=True)
num= ct.exp(c - max

den = ct.sun(num axis =0, keepdims=True)
smax = num/ den

ct.store (Q (0O, ct.bid(0)), smax

<A NVIDIA I



cuTile Is Uniform & Array -based

Import cuda.tile as ct

@t . func
def softmax (I, Q r):
c =ct.load (I, (O, ct.bid(0)), (I.shape[O], r))

max = ct. max c, axis =0, keepdims=True)
num= ct.exp(c - max

den = ct.sun(num axis =0, keepdims=True)
smax = num/ den

ct.store (Q (0O, ct.bid(0)), smax
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cuTile Is Uniform & Array -based

Import cuda.tile as ct

@t . func
def softmax (I, Q r):
c =ct.load (I, (O, ct.bid(0)), (I.shape[O], r))

“

max = ct. max c, axis =0, keepdims=True)
num= ct.exp(c - max

den = ct.sun(num axis =0, keepdims=True)
smax = num/ den

ct.store (Q (0O, ct.bid(0)), smax
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cuTile Is Uniform & Array -based

Import cuda.tile as ct

@t . func
def softmax (I, Q r):
c =ct.load (I, (O, ct.bid(0)), (I.shape[O], r))
e ——

max = ct. max c, axis =0, keepdims=True)
num= ct.exp(c - max

den = ct.sun(num axis =0, keepdims=True)
smax = num/ den

ct.store (Q (0O, ct.bid(0)), smax
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Globally Mutable Arrays & Locally Immutable Tiles

Import cuda.tile as ct

@t . func
def softmax (I, Q r):
c =ct.load (I, (O, ct.bid(0)), (I.shape[O], r))

max = ct. max c, axis =0, keepdims=True)
num= ct.exp(c - may

den = ct.sun(num axis =0, keepdims=True)
smax = num/ den

ct.store (Q (0, ct.bid(0)), smax
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Globally Mutable Arrays & Locally Immutable Tiles

Import cuda.tile as ct

@t . func
def softmax (I, Q r):
c =ct.load (I, (O, ct.bid(0)), (I.shape[O], r))

max = ct. max c, axis =0, keepdims=True)
num= ct.exp(c - may

den = ct.sun(num axis =0, keepdims=True)
max = num/ den

ct.store (Q (0O, ct.bid(0)), maX
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Uniform Launch APIs

Import cuda. tile as ct

# Device
@t . func
def softmax (I, Q r):
c =ct.load (I, (O, ct.bid (0)), (I.shape[O], r))

max = ct. ma{ c, axis =0, keepdims=True)
num = ct.exp(c - max

den = ct.sun(num axis =0, keepdims=True)
smax = num/ de

ct.store (Q (0, ct.bid(0)), smax

# Host
| = cuda. to_device (np.random. rand (512, 128))

O = cuda. device_array like (1)
ct . launch (ct. Config (grid =64), softmax, |, G 8)

result = Q copy to host ()

<ANVIDIA I



Uniform Launch APIs

Import cuda. tile as ct

# Device

@t.func
def softmax (I, Q r):
c= ctload (I,(O, «ctbid (0)),( 1I.shape][0], Tr))

max = ct.max (c, axis =0, keepdims=True)
num = ct.exp (C - max)

den = ct.sum (num, axis =0, keepdims=True)
smax = num / de

ct.store (Q (0, ctbid (0)), smax

# Host
| = cuda. to_device (np.random. rand (512, 128))

O = cuda. device_array like (1)
ct . launch (ct. Config (grid =64), softmax, |, G 8)

result = Q copy to host ()

<ANVIDIA I



Uniform Launch APIs

Import cuda. tile as ct

# Device
@t . func

def softmax (I, Q r):
c =ct.load (I, (O, ct.bhid (0)), (I.shape[O], r))

max = ct. ma{ c, axis =0, keepdims=True)
num = ct.exp(c - max

den = ct.sun(num axis =0, keepdims=True)
smax = num/ de

ct.store (Q (0, ct.bid( 0)), smax

# Host
| = cuda.to_device (np.random.rand (512, 128))

O = cuda.device array like (1)
ct.launch (ct.Config (grid =64), softmax, I, O, 8)

result = O.copy to _host ()

<ANVIDIA I



Uniform Launch APIs

Import cuda. tile as ct

# Device
@t . func

def softmax (I, Q r):
c =ct.load (I, (O, ct.bhid (0)), (I.shape[O], r))

max = ct. ma{ c, axis =0, keepdims=True)
num = ct.exp(c - max

den = ct.sun(num axis =0, keepdims=True)
smax = num/ de

ct.store (Q (0, ct.bid(0)), smax

# Host
| = cuda.to_device (np.random.rand (512, 128))

O = cuda.device array like (1)
ct.launch (ct.Config (grid =64), softmax, I, O, 8)

result = O.copy to _host ()

<ANVIDIA I



Interoperate With Other CUDA Code

@uda. Jit

def vector add (x, Yy, z, tile shape ):

pid = cuda. grid (1)

for 1 In range(tile shape [/ cuda. blockDim . X):
item = pid + 1 * cuda. blockDim . X
zlitem] = x[item] + y[item ]

@uda. tile . func

def vector add (x, y, z, ts):

tx = cuda.tile .load (x, cuda.tile .bid (0), ts)
ty cuda. tile .load (y, cuda.tle .bid(0), ts)
tz = tx + ty

cuda. tile .store (z, cuda.tle .bid(0), ts)

<ANVIDIA I



Matrix Multiplication on Tile IR

Import cuda. tile as ct

@t . func

def matmul( A: ct.Array , B: ctArray , C:. ct.Array , ts: ct.Constant [tuple[int]] ).
X bid, y bid = ct. bid(0), ct. bid (1)
sum = ct. zeros (shape=ts, dtype =A dtype )

numK tiles = ct.num tiles (A Index =1, shape=(ts[0], ts]|2])

for k In range(numK tiles ):
a = ct. load (A Index =(x_bid, k), shape=(ts|[0], ts[2]), order =F" )
b =ct.load (B, Index =(k, y bid), shape=(ts|[2], ts|1]), order =C" )
sum = ct. mm@a, b, sum

ct.store (C Index =(x bid, y bid), tile =sum

<A NVIDIA I



Matrix Multiplication on Tile IR

Import cuda. tile as ct

@t . func

def matmul( A: ct.Array , B: ctArray , C:. ct.Array , ts: ct.Constant [tuple[int]] ).
X bid, y bid = ct. bid(0), ct. bid (1)
sum = ct.zeros (shape=ts, dtype =Adtype )

numK tiles = ct.num tiles (A Index =1, shape=(ts[0], ts]|2])

for k In range(numK tiles ):
a = ct. load (A Index =(x_bid, k), shape=(ts|[0], ts[2]), order =F" )
b =ct.load (B, Index =(k, y bid), shape=(ts|[2], ts|1]), order =C" )
sum = ct. mm@a, b, sum

ct.store (C Index =(x bid, y bid), tile =sum
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Matrix Multiplication on Tile IR

Import cuda. tile as ct

@t . func

def matmul( A: ct.Array , B: ctArray , C:. ct.Array , ts: ct.Constant [tuple[int]] ).
X bid, y bid = ct. bid(0), ct. bid (1)
sum = ct. zeros (shape=ts, dtype =A dtype )

num K tiles = ct.num tiles (A Index =1, shape=(ts [0], ts [2]))

for k In range (num_K tiles ):
a = ct. load (A Index =(x _bid , k ), shape=(ts|[0], ts[2]), order =F" )
b =ct.load (B, Index =(k, y bid), shape=(ts|[2], ts|1]), order =C" )
sum = ct. mm@a, b, sum

ct.store (C Index =(x bid, y bid), tile =sum
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Matrix Multiplication on Tile IR

Import cuda. tile as ct

@t . func

def matmul( A: ct.Array , B: ctArray , C:. ct.Array , ts: ct.Constant [tuple[int]] ).
X bid, y bid = ct. bid(0), ct. bid (1)
sum = ct. zeros (shape=ts, dtype =A dtype )

num K tiles = ct.num tiles (A Index =1, shape=(ts[0], ts]|2])

for k In range( num_K tiles ):
a = ct. load (A Index =(x _bid , k ), shape=(ts|[0], ts[2]), order =F" )
b =ct.load (B, Index =(k, y bid), shape=(ts|[2], ts|1]), order =C" )
sum = ct. mm@a, b, sum

ct.store (C Index =(x bid, y bid), tile =sum
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Matrix Multiplication on Tile IR

Import cuda. tile as ct

@t . func

def matmul( A: ct.Array , B: ctArray , C:. ct.Array , ts: ct.Constant [tuple[int]] ).
X bid, y bid = ct. bid(0), ct. bid (1)
sum = ct. zeros (shape=ts, dtype =A dtype )

num K tiles = ct.num tiles (A Index =1, shape=(ts[0], ts]|2])

for k In range (num_K tiles ):
a= ctload (A Index =(x bid, k), shape=(ts[0], ts][2]), order ='F')
b= ctload (B, Index =(k, y bid), shape=(ts|2], ts]|1l]), order ='C’)
sum = ct. mm@a, b, sum

ct.store (C Index =(x bid, y bid), tile =sum
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Matrix Multiplication on Tile IR

Import cuda. tile as ct

@t . func

def matmul( A: ct.Array , B: ctArray , C:. ct.Array , ts: ct.Constant [tuple[int]] ).
X bid, y bid = ct. bid(0), ct. bid (1)
sum = ct. zeros (shape=ts, dtype =A dtype )

num K tiles = ct.num tiles (A Index =1, shape=(ts[0], ts]|2])

for k In range (num_K tiles ):
a = ct. load (A Index =(x _bid , k ), shape=(ts|[0], ts[2]), order =F" )
b =ct.load (B, Index =(k, y bid), shape=(ts|[2], ts|1]), order =C" )
sum = ct.mma(a, b, sum)

ct.store (C Index =(x bid, y bid), tile =sum
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Matrix Multiplication on Tile IR

Import cuda. tile as ct

@t . func

def matmul( A: ct.Array , B: ctArray , C:. ct.Array , ts: ct.Constant [tuple[int]] ).
X bid, y bid = ct. bid(0), ct. bid (1)
sum = ct. zeros (shape=ts, dtype =A dtype )

num K tiles = ct.num tiles (A Index =1, shape=(ts[0], ts]|2])

for k In range (num_K tiles ):
a = ct. load (A Index =(x _bid , k ), shape=(ts|[0], ts[2]), order =F" )
b =ct.load (B, Index =(k, y bid), shape=(ts|[2], ts|1]), order =C" )
sum = ct. mm@a, b, sum

ct.store (C Index =(x bid, y bid), tle =sum)
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Tile IR Memory Model

ATile IR has a formally defined memory consistency model.

AFor any pair of memory operations their order is undefined, in Tile IR you can use

tokens to order any pair of instructions with respect to each other.
Aln the examples above the loads and stores do not alias so ordering is not required.
AThe frontends handle token passing today as we will see in Python, C++, and Rust.

ASee the specification for more details.

<A NVIDIA I


https://docs.nvidia.com/cuda/tile-ir/latest/sections/memory_model.html

Optimizing GEMM: CTA Rasterization

@t . kernel (num_ctas=ct . ByTarget (sm_100=2))
def matmul kernel (
A B G
TILE SIZE M Constint , TILE SIZE N. Constint , TILE SIZE K. Constint

GROUP_SIZE M 8
M = A shape]| O
N = B. shape[ 1
bidx , bidy = swizzle 2d (M N TILE SIZE_ M TILE SIZE_N, GROUP_SIZE)M

num tiles k = ct.num tiles (A axis= 1, shape=(TILE SIZE M TILE SIZE K))
accumulator = ct.full (( TILE SIZE_M TILE SIZE N), 0, dtype =ct . float32 )

zero _pad = ct. PaddingMode. ZERO
dtype = ct.tfloat32 if A dtype == ct.float32 else A dtype

for k In range(num tiles k ):
a = ct.load (A Index=( bidx, k), shape=(TILE_SIZE M TILE SIZE K), padding mode=zero pad). astype ( dtype )
b = ct.load (B, Index=( k, bidy ), shape=(TILE _SIZE K, TILE SIZE N), padding mode=zero pad). astype (dtype)
accumulator = ct.mm@a, b, accumulator )

accumulator = ct . astype (accumulator , C dtype )

ct.store (C Index=( bidx, bidy ), tile= accumulator )

https://github.com/NVIDIA/TileGym/blob/main/src/tilegym/ops/cutile/matmul.py#L 37
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https://github.com/NVIDIA/TileGym/blob/main/src/tilegym/ops/cutile/matmul.py#L37

Optimizing GEMM: CTA Rasterization

@t . kernel (num_ctas=ct . ByTarget (sm_100=2))
def matmul kernel (
A B G
TILE SIZE M Constint , TILE SIZE N. Constint , TILE SIZE K. Constint

GROUP_SIZE M 8
M = A shape]| O
N = B. shape[ 1
bidx , bidy =s

wizzle 2d(M, N, TILE_SIZE M, TILE_SIZE N, GROUP_SIZE M)
num tiles k = ct.num tiles (A axis= 1, shape=(TILE SIZE M TILE SIZE K))
accumulator = ct.full (( TILE SIZE_M TILE SIZE N), 0, dtype =ct . float32 )

zero _pad = ct. PaddingMode. ZERO
dtype = ct.tfloat32 if A dtype == ct.float32 else A dtype

for k In range(num tiles k ):
a = ct.load (A Index=( bidx, k), shape=(TILE_SIZE M TILE SIZE K), padding mode=zero pad). astype ( dtype )
b = ct.load (B, Index=( k, bidy ), shape=(TILE _SIZE K, TILE SIZE N), padding mode=zero pad). astype (dtype)
accumulator = ct.mm@a, b, accumulator )

accumulator = ct . astype (accumulator , C dtype )

ct.store (C Index=( bidx, bidy ), tile= accumulator )
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Optimizing GEMM: CTA Rasterization

def swizzle 2d (M N TILE SIZE M TILE SIZE N, GROUP_SIZE)M
# Get the global IDs of the current CUDA block (CTA) ina 1D grid.
bid = ct. bid (0)
num_bid m= ct.cdiv (M TILE SIZE M
num _bid n = ct.cdiv (N TILE SIZE N)
num_bid In_ group = GROUP_SIZE M num_bid n
group Id = bid // num_bid In_group
first bid m = group Id * GROUP_SIZE M
group_size m = min(num_bid m- first bid m , GROUP_ SIZE)M
bid m = first bid m + (bid % group _size m)
bid n = (bid %num_bid In_group ) // group size m
return bid_m, bid n

This improves performance simply by changing grid coordinates to better exploit locality.
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Optimizing GEMM: Static Persistence

@t . kernel (num_ctas=2)
def static_persistent._matmul _kernel (
A BB C Mint, N int, K iInt,

TILE SIZE M ct.Constant [Int |, TILE SIZE N ct.Constant [Int |, TILE SIZE K: ct. Constant [int ],

GROUP_SIZE:Mct . Constant [ int |,

):
start bid = ct. bid (0)
num _bid m= ct.cdiv (M TILE SIZE M
num _bid n = ct.cdiv (N TILE SIZE N)

k tles = ct.cdiv (K TILE _SIZE K)
num tiles = num bid m* num bid n
num_programs = ct . num_blocks ( 0)

# Static persistent scheduling loop
for tile Id INn range (start bid , num tiles , num_programs):
num_bid _in_group = GROUP_SIZE M num_bid n

bid m, bid n = compute bid (tile id , num_bid In_group , num _bid m GROUP_SIZE)M
accumulator = ct.full (( TILE_SIZE M TILE SIZE N), 0.0, dtype =ct . float32 )

for k tle In range(k tiles ):

a = ct.load (A Index=( bid m, k tile ), shape=(TILE _SIZE M
b = ct.load (B, Iindex=( k tile , bid n), shape=(TILE _SIZE K,
dtype = ct.tfloat32 If A dtype == ct.float32 else A dtype
a = ct.astype (a, dtype)
b = ct.astype (b, dtype)
accumulator = ct.mm@a, b, acc=accumulator )
result = ct. astype (accumulator , C dtype)

ct.store (C Index=( bid m, bid n), tile= result )

ILE_SIZE K))

ILE_SIZE N))

https://github.com/NVIDIA/TileGym/blob/main/src/tilegym/ops/cutile/matmul.py#L 120
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https://github.com/NVIDIA/TileGym/blob/main/src/tilegym/ops/cutile/matmul.py#L120

Optimizing GEMM: Static Persistence

@t . kernel (num_ctas=2)

def static persistent. matmul kernel (
A B C M int, N Iint, K iInt,
TILE SIZE M ct.Constant [Int ], TILE SIZE N. ct.Constant [int |, TILE SIZE K: ct. Constant [Int |,
GROUP_SIZE:Mct . Constant [ int |,

start bid

ct . bid (0)

num bid m= ct.cdiv (M TILE SIZE M
num bid n = ct.cdiv (N TILE SIZE N)
k tles = ct.cdv (K TILE SIZE K)
num tiles = num _bid m* num_bid n
num_programs = ct . num_blocks ( 0)

# Static persistent scheduling loop

for tile 1d IN range (start_ bid , num tiles , num_programs):
num_bid in_ group = GROUP_SIZE M num bid n
bid m, bid n = compute bid (tile 1d , num bid in group , num bid m GROUP_SIZE)M
accumulator = ct.full (( TILE SIZE M TILE SIZE N), 0.0, dtype =ct. float32 )

<A NVIDIA I
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cuTile C++

__tile_ global  void kernel (float * lhs, float * rhs, std:: size t length , float * out) {
auto l|hsTensor ct :: tensor_span {lhs, ct:shape {8 ic, length }} ;
auto rhsTensor ct :: tensor_span {rhs, ct:shape {length , 16 ic}} ;

auto |hsView
auto rhsView

ct :: partition view {lhsTensor , ct:shape {4 ic, 8 ic }} ;
ct :; partition_view {rhsTensor , ct:shape {8 ic, 4 ic }} ;

auto [ xBlock , yBlock , dummy] = ct:: bid ();

auto accTile = ct:: full <ct: tile <float , ct:: shape<4, 4>>>(0);

for (auto idx : ct: irange (O, int (length [/ 8))) {
auto IhsTile lhsView . load ( xBlock , 1dx );
auto rhsTile rhsView . load (1dx , yBlock );

accTile = ct:: mmélhsTile , rhsTile , accTile );

auto outTensor = ct:: tensor span {out, ct:shape {8 ic, 16 ic }} ;
auto outView = ct:: partition view {outTensor , ct:shape {4 ic, 4 ic }} ;

outView . store (accTile , xBlock , yBlock );
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cuTile C++

__tile_global  void kernel (float * lhs, float * rhs, std:: size t length , float * out) {
auto |hsTensor = ct:: tensor span {lhs, ct:shape {8 ic, length }} ;
auto rhsTensor = ct:. tensor span {rhs, ct:shape {length , 16 ic }} ;

auto |hsView
auto rhsView

ct :: partition view {lhsTensor , ct:shape {4 ic, 8 ic }} ;
ct :; partition_view {rhsTensor , ct:shape {8 ic, 4 ic }} ;

auto [ xBlock , yBlock , dummy] = ct:: bid ();

auto accTile = ct:: full <ct: tile <float , ct:: shape<4, 4>>>(0);

for (auto idx : ct:: irange (0, Iint (length [/ 8))) {
auto IhsTile lhsView . load ( xBlock , 1dx );
auto rhsTile rhsView . load (1dx , yBlock );

accTile = ct:: mmélhsTile , rhsTile , accTile );

auto outTensor = ct:: tensor span {out, ct:shape {8 ic, 16 ic }} ;
auto outView = ct:: partition view {outTensor , ct:shape {4 ic, 4 ic }} ;

outView . store (accTile , xBlock , yBlock );
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cuTile C++

__tile_global  void kernel (float * lhs, float * rhs, std:: size t length , float * out) {
auto |hsTensor = ct:: tensor span {lhs, ct:shape {8 ic, length }} ;
auto rhsTensor = ct:. tensor span {rhs, ct:shape {length , 16 ic }} ;

auto |hsView ct .. partition_view {lhsTensor , ct:shape {4 ic, 8 ic}};
auto rhsView ct .. partition_view {rhsTensor , ct:shape {8 ic, 4 ic}};

auto [ xBlock , yBlock , dummy] = ct:: bid ();

auto accTile = ct:: full <ct: tile <float , ct:: shape<4, 4>>>(0);

for (auto idx : ct:: irange (0, Iint (length [/ 8))) {
auto IhsTile lhsView . load ( xBlock , 1dx );
auto rhsTile rhsView . load (1dx , yBlock );

accTile = ct:: mmélhsTile , rhsTile , accTile );

auto outTensor = ct:: tensor span {out, ct:shape {8 ic, 16 ic }} ;

auto outView = ct:: partition view {outTensor , ct:shape {4 ic, 4 ic }} ;

outView . store (accTile , xBlock , yBlock );
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cuTile C++

__tile_global  void kernel (float * lhs, float * rhs, std:: size t length , float * out) {
auto |hsTensor = ct:: tensor span {lhs, ct:shape {8 ic, length }} ;
auto rhsTensor = ct:. tensor span {rhs, ct:shape {length , 16 ic }} ;

auto |hsView
auto rhsView

ct :: partition view {lhsTensor , ct:shape {4 ic, 8 ic }} ;
ct :; partition_view {rhsTensor , ct:shape {8 ic, 4 ic }} ;

auto [ xBlock , yBlock , dummy] = ct:: bid ();

auto accTile = ct:: full <ct: tile <float , ct:: shape<4, 4>>>(0);

for (auto idx : ct:: irange (0, Iint (length [/ 8))) {
auto IhsTile lhsView . load ( xBlock , 1dx );
auto rhsTile rhsView . load (1dx , yBlock );

accTile = ct:: mmélhsTile , rhsTile , accTile );

auto outTensor = ct:: tensor span {out, ct:shape {8 ic, 16 ic }} ;
auto outView = ct:: partition view {outTensor , ct:shape {4 ic, 4 ic }} ;

outView . store (accTile , xBlock , yBlock );

<A NVIDIA. I



cuTile Rust

#[ tile_rust . entry]
fn gemmwE ElementType, const BM 132,
const BN 132, const BK 132, const K 132
>(z: &mut Tensor<Ek, {|[ BM BN }>,
X: &Tensor<E {[ -1, K }>,
y. &lensor<k {[ K -1]}>,
) {
let part X = X. partition (const shape ! [BM, BK]));
let part. y = vy.partition (const shape ! |BK, BNJ]);
let pid: (132, 132, 132) = get tile block Id ();
let mut tile z = load tile (2);
for 1 In 0132.. (K/ BK){
let tile x = part x. load (| pid. 0, 1));
let tley = party. load (1, pid. 1));
tle z = mmatile x , tley , tile z );
}

z. store (tile z );
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Exporting CUDA Tile IR

Import cuda.tle as ct

from cuda.tile . compiler options import  CompilerOptions
from cuda.tile . compile Import compile tile

@t . kernel

def vector add (a, b, c, tile size . ct . Constant [ Int |):

# Get the 1D pid
pid = ct.bid (0)

# Compile kernel to TileIR bytecode and cubin binary file

binary = compile tile (vector add . pyfunc , (a, b, c, tile size ), CompilerOptions ())
# Copy TileIR and cubin file to current directory

shutil . copy2 ( binary . fname cubin , okernel.cubin ")

with  open (" kernel.bytecode ", "wb') as f.

f.write (binary . bytecode )
<ANVIDIA I



Agenda

AWhy evolve the programming model?
AWhat are we trying to abstract?

Alntroducing CUDA Tile
ATileIR
AProgramming Model
AEvolving a GEMM
AExtending the CUDA Platform

ATileGym
APerformance Analysis
ANext Steps & Questions
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TileGym
a collection of kernel tutorials and examples
for tile -based GPU programming.

ACheck it out today on GitHub
(NVIDIA/TileGym)

AThe home of cuTile examples and
Integrations.

AContains an initial auto -tuner for cuTile
kernels, with an official APl to land In a
future release.

<A NVIDIA. I


https://github.com/NVIDIA/TileGym/tree/main
https://github.com/NVIDIA/TileGym/blob/main/src/tilegym/backend/cutile/autotuner.py
https://github.com/NVIDIA/TileGym/blob/main/src/tilegym/backend/cutile/autotuner.py
https://github.com/NVIDIA/TileGym/blob/main/src/tilegym/backend/cutile/autotuner.py

Autotuning

@utotune (search space = matmul autotune configs ())

def cutlle autotune matmul (a, b, c¢, autotuner : Autotuner | None = None):
M N = c. shape
tuned result = autotuner (

torch . cuda. current stream (),
grid fn =lambda named_args, cfg: (
ceil (M/ cfg.TILE SIZE M * cell (N/ cfg.TILE SIZE N),
1,
1,
),
kernel =matmul kernel ,
args fn =lambda cfg: (a, b, c, cfg.TILE SIZE M cfg.TILE SIZE N, cfg.TILE SIZE K),
)

return C

<A NVIDIA I



A taste of performance on B200

Percentage of SOTA
120

10]0

80
60
40
20

0

FP16 GEMM M=N=K=256 FP16 GEMM M=N=K=2048 FP8 GEMM M=N=K=256 FP8 GEMM M=N=K=2048 FP16 FMHA B=4 H=32 D=128 FP16 FMHA B=4 H=32 D=128
N_CTX=4096 Causal N_CTX=4096 Non-Causal

Performance dependent on the kernel implementation as well as the Tile IR compiler.
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CUDA Tile IR

Blackwell support with other
families to follow.

JIT & offline compilation

Supports standard data
types down to FP8 today.

CUDA forward and minor
version compatibility

Detalled semi -formal
specification

Public MLIR Dialect

Linux & Windows support

Roadmap

cuTile

cuTile-Python as a pip
installable wheel

APl Is NumPy-like with
support for many operations

Supports dlpack, and
Integration with existing
frameworks

Open-Source on GitHub

CUDA 13.1
Initial public release

Roadmap

Ongoing performance
Improvements

Expanded GPU Family Support
(Ampere and above)

cuTile C++ for tile programing In
CUDA C++

Function -level interoperabillity for
calling existing code

Tile-based developer tooling

FP4 and more mixed precision
support

Arbitrary -sized tiles

13.x

new features In every
CUDA release
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