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Overview
CUTLASS 2.6 (GTC March 2021) – CUTLASS 2.9 (GTC March 2022)

Convolution Performance (CUTLASS 2.9)
Fprop, Dgrad, and Wgrad performance with CUDA 11.6

Strided Dgrad
Naïve strided dgrad (does redundant MMAs)

CUTLASS strided dgrad (removes redundant MMAs)

Implicit Gemm Convolutions
Building coherent and complete abstractions 

Abstractions to put together complex algorithms efficiently

Do More with CUTLASS
Accelerated single-precision arithmetic using Tensor Cores (3xTF32)

Grouped GEMM

CUTLASS Python Example

AGENDA
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OVERVIEW
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CUTLASS

CUDA 11.0

https://github.com/NVIDIA/cutlass

CUDA C++ Templates for Deep Learning and Linear Algebra

CUTLASS 2.2 –
NVIDIA A100

CUTLASS 2.3 –
sparse GEMMs

CUTLASS 2.4 –
Implicit GEMM 
Convolutions

CUDA 11.1

CUDA 11.2 CUDA 11.4

CUTLASS 2.6 –
Epilogue Fusion

CUTLASS 2.5 –
Tensor reduction
3D Convolutions

GTC 2021GTC 2020

CUTLASS 2.7 –
Strided Dgrad

CUTLASS 2.8 –
Grouped GEMM

3xTF32

CUTLASS 2.9

CUDA 11.5

CUDA 11.5CUDA 11.3 CUDA 11.6

GTC 2022
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CUTLASS
CUTLASS 2.6 - Jul 2021
• New and improved strided dgrad (Analytic Iterators)

• Epilogue fusion pattern

CUTLASS 2.7 – Sep 2021
• New and improved strided dgrad (Optimized Iterators)
• Half-precision GELU_taylor activation function
• Performance tuning for fused GEMM + GEMM example
• Support for smaller than 128b aligned Convolutions

CUTLASS 2.8 – Nov 2021
• Accelerated single-precision arithmetic using Tensor Cores (3xTF32)

• Variable-sized GEMM problem size for each batch (Grouped GEMM)

CUTLASS 2.9 – Upcoming release
• First layer convolution
• CUTLASS python example 
• Many more …

What’s new since we last met?
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CUTLASS CONVOLUTION PERFORMANCE
BatchSize 408

Sum of SpeedUp Column Labels
Row Labels fprop dgrad wgrad Grand Total
2 0.949862536 0.877271587 1.107268689 2.934402812
3 0.817672492 0.795359557 1.038563433 2.651595482
4 0.762144915 0.807418578 0.798870812 2.368434305
5 0.860366956 1.019900054 0.974647016 2.854914026
6 0.8381571 1.005640196 1.116844903 2.960642199
7 0.995548935 1.348362945 1.051493782 3.395405661
8 0.924502919 0.91281208 0.98575019 2.823065188
9 0.89416447 0.797093846 1.182143968 2.873402284
10 0.811534702 0.976731872 1.168450708 2.956717283
11 0.822840712 0.98378773 1.015682003 2.822310445
12 0.998696053 1.009914162 1.173764377 3.182374592
13 0.967718832 0.87174341 1.049330402 2.888792644
14 0.797305106 0.930920633 1.141996547 2.870222286
15 0.947113728 0.822936356 1.122438712 2.892488796
16 0.921637899 0.972751729 0.971297408 2.865687035
17 0.992925857 1.090505061 1.044412822 3.127843739
18 0.974046518 0.936558524 0.977913233 2.888518275
19 0.854660156 0.913339385 0.984630993 2.752630533
20 0.948550051 0.852979136 0.985153269 2.786682456
Geomean 0.895844259 0.935956565 1.042600113 2.874400937
Grand Total 17.97529419 18.86198341 20.93325338 57.77053098
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ResNet50 Layers

CUTLASS 2.8 - Performance Relateive to cuDNN on NVIDIA A100 - CUDA 11.6
Mixed Precision Training (F16 ← F16 * F16 + F32)

fprop dgrad wgrad

* For the best performance use CUDA 11.4 or later
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CUTLASS STRIDED BACKWARD 
DATA GRADIENT (DGRAD)
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Sum of Speedup Column Labels
CUTLASS CUTLASS Total Grand Total

Row Labels 2.5 2.9
1 0.348285219 0.993928009 1.342213229 1.342213229
2 0.592289296 1.036046943 1.628336239 1.628336239
3 0.26882164 0.986454781 1.255276421 1.255276421
4 0.486691163 1.073170934 1.559862097 1.559862097
5 0.328212726 1.002918546 1.331131272 1.331131272
6 0.474037307 0.995540836 1.469578143 1.469578143
7 0.232886595 1.06233608 1.295222675 1.295222675
8 0.254703508 0.996515585 1.251219093 1.251219093
9 0.261584082 1.00027647 1.261860552 1.261860552
10 0.668482446 1.357940013 2.026422458 2.026422458
11 0.306137521 1.008341861 1.314479382 1.314479382
12 0.40355475 1.012219578 1.415774328 1.415774328
13 0.238885563 0.986477934 1.225363496 1.225363496
14 0.403987269 1.319560193 1.723547461 1.723547461
15 0.197007566 0.965865571 1.162873137 1.162873137
Grand Total 5.465566653 15.79759333 21.26315998 21.26315998
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Strided Layers (stride = {2x2})
Layer 1-6: [ResNet50, 1x1 filter] - Layer 7-9: [ RNXT JoC, 3x3 filter] - Layer 10-15: [MaskRCNN MLPERF, 1x1 filter] 

CUTLASS Strided Dgrad  Performance vs. cuDNN 8.3.3.21 with CUDA 11.6 Toolkit
NVIDIA GA100@1005Mhz , TensorOp (F16 ← F16*F16+F32)

CUTLASS - 2.5
CUTLASS - 2.9

CUTLASS 2.5 VS. CUTLASS 2.8 (STRIDED DGRAD)

* For the best performance use CUDA 11.4 or later
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STRIDED DGRAD
(UNDERSTANDING IN 1D)
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FORWARD PROPAGATION | Y = FPROP(X, W)
1D Convolution (Stride = 1, Filter = 3)
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Multiply-accumulates [(x) * (w)] 
contributing for each output element (y) 
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BACKWARD DATA GRADIENT | DX = DGRAD(DY, W)
1D Convolution (Stride = 1, Filter = 3)

0 1 2 3 4 5 6 7

1 2 3 4 5 6 7

D
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D

0

Activations gradient (Dx)

Output gradient (Dy)

R 1 2 3 4 5 6 7

G 0 1 2 3 4 5 6 7

B 0 1 2 3 4 5 6

Multiply-accumulates [(Dy) * (w)] contributing 
for each activation gradient element (Dx) 

D
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* 
w



13

STRIDED FORWARD PROPAGATION | Y = FPROP(X, W)
1D Convolution (Stride = 2, Filter = 3)
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Multiply-accumulates [(x) * (w)] 
contributing for each output element (y) 
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STRIDED BACKWARD DATA GRADIENT | DX = DGRAD(DY, W)
1D Convolution (Stride = 2, Filter = 3)

0 1 2 3 4 5 6 7

1 2 30

R 1 2 3 4

G 0 1 2 3

B 0 1 2 3

4

D
G
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D

Activations gradient (Dx)

Output gradient (Dy)

D
y 

* 
w

Multiply-accumulates [(Dy) * (w)] contributing 
for each activation gradient element (Dx) 
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BACKWARD DATA GRADIENT (DGRAD) [STRIDED] 
NAÏVE IMPLEMENTATION
1D Convolution (Stride = 2, Filter = 3)

0 1 2 3 4 5 6 7

1 2 30

R Z 1 Z 2 Z 3 Z 4

G 0 Z 1 Z 2 Z 3 Z

B Z 0 Z 1 Z 2 Z 3

ZZ Z Z Z 4

D
G

RA
D

Activations gradient (Dx)

Output gradient (Dy)

D
y 

* 
w

Multiply-accumulates [(Dy) * (w)] contributing 
for each activation gradient element (Dx) 
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STRIDED FPROP VS. STRIDED DGRAD
1D Convolution (Stride = 2, Filter = 3)

0 1 2 3 4 5 6 7

1 2 30

R 1 2 3

G 0 1 2 3

B 0 1 2 3

0 1 2 3 4 5 6 7

1 2 3
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x

CTAs are tiled on elements of Output (y)
CTA0 CTA1

G
EM

M
-K 

iterations

CTAs are tiled on elements of 
Activation gradient (Dx)

CTA0 CTA1 CTA2 CTA3

G
EM

M
-K 

iterations

STRIDED DGRAD

STRIDED FPROP

D
G
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D

D
y 

* 
w

Dx

Dy

x 
* 

w

4

CTA = Cooperative Thread Array or Thread block
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NAÏVE STRIDED DGRAD VS CUTLASS STRIDED DGRAD
1D Convolution (Stride = 2, Filter = 3)

CTA0 CTA1 CTA2 CTA3

3 G
EM

M
-K

iterations

NAÏVE STRIDED DGRAD
(CUTLASS 2.5) 
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B Z 0 Z 1 Z 2 Z 3

0 1 2 3 4 5 6 7
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CUTLASS STRIDED DGRAD
(CUTLASS 2.6) 
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CUTLASS STRIDED DGRAD
1D Convolution (Stride = 2, Filter = 3)

1 3 5 7 0 2 4 6

1 2 30
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4

CUTLASS STRIDED DGRAD 

• Prologue maps Dx elements to skip redundant 
multiply-accumulate

• Mainloop runs only the useful GEMM-K iterations
o CTA 0-1 computes Dx[i]; for i={1, 3, 5, 7}  (2 multiply-accumulate) 

o CTA 2-3 computes Dx[i]; for i={0, 2, 4, 6}  (1 multiply-accumulate)

• Epilogue maps Dx elements to store at correct   
destination locations

Dy

D
y 

* 
w
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CUTLASS STRIDED DGRAD [SMALL FILTER]
1D Convolution (Stride = 2, Filter = 1) | Generalization (Stride > Filter)
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NAÏVE STRIDED DGRAD
(CUTLASS 2.5) 

CUTLASS STRIDED DGRAD
(CUTLASS 2.6) 
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CUTLASS STRIDED DGRAD
(Stride > 1)

1 G
EM

M
-K

iterations

G 0 1 2 3

//
// Prologue
//
id -> mapped_id // Map CTA to compute a valid Dx element

//
// Mainloop
//
accumulators = 0 // Clear accumulators

if (isMainloopRequired(blockIdx.x)) {
accumulators = Dy * w

}

//
// Epilogue
//
id -> mapped_id // Map back to destination Dx element location

Dx_source = ((beta==0) ? 0 : Dx[mapped_id])

Dx[mapped_id]= alpha * (accumulators) + beta * Dx_source // Store Dx
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STRIDED DGRAD IN 2D
(IMPLICIT GEMM CONVOLUTIONS) 
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Activation Gradient 

Tensor (Dx)
NHWC = {1, 4, 4, 3}

Filter 
Tensor (w)

KRSC = {4, 2, 2, 3}

Output Gradient 
Tensor (Dy)

NPQK = {1, 3, 3, 4}

*=

2D DGRAD ON 4D TENSORS – DEFINITION

𝑫𝒙[𝑛, ℎ, 𝑤, 𝑐] = +
!"#

$%&

+
'"#

𝑹%&

+
)"#

𝑺%&

( 𝑫𝒚[𝑛, 𝑝(ℎ, 𝑟), 𝑞(𝑤, 𝑠), 𝑘] ∗ 𝒘[𝑘, 𝑟, 𝑠, 𝑐] )

𝑝(ℎ, 𝑟) = (h + pad_h – r * dilation_h) / stride_h

𝑞 𝑤, 𝑠 = (w + pad_w – s * dilation_w) / stride_w

Backward Data Propagation | D𝐱 = 𝐶𝑂𝑁𝑉 (𝐃𝐲,𝐰)

P

Q 

K

N (batch = 1)

H 

W 

C

N (batch = 1)

R

S

C

K (filters = 4)

https://github.com/NVIDIA/cutlass/blob/master/tools/util/include/cutlass/util/reference/host/convolution.h#L207
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IMPLICIT GEMM CONVOLUTION

N
H
W

C

Convolution gradient matrix (Dy) Activation gradient matrix (Dx)

KRS

K
R
S

N
H
W

Filter matrix (w) 

Output gradient tensor
in Global Memory (Dy) 

N
P
Q

K

GEMM-M = NHW                                                               
GEMM-N = C                                                                     
GEMM-K = KRS

GEMM M-by-N-by-K dimensions

Backward Data Gradient (Dgrad)

D𝐱 = 𝐶𝑂𝑁𝑉 (𝐃𝐲,𝐰)
Dy[N,P,Q,K] : 4D output gradient tensor
w[K,R,S,C] : 4D filter tensor
Dx[N,H,W,C] : 4D activation gradient tensor 

GEMM-A

GEMM-B

GEMM-C

D𝐱 = 𝐶𝑂𝑁𝑉 (𝐃𝐲,𝐰)
GEMM-A[NHW,KRS] : 2D matrix
GEMM-B[KRS,C]   : 2D w matrix 
GEMM-C[NHW,C]   : 2D Dx matrix
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NAÏVE STRIDED DGRAD (IMPLICIT GEMM) – CUTLASS 2.5
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9 gemm_k_iterations cover 3x3 filter 
positions

gemm_k_iterations cover 3x3 filter and 0..K-1 
output channels elements 

GEMM-K (KRS)

32 
elements

To cover the entire GEMM-K (KRS) dimension 
• Process tiles in KRS dimension by going over: 

• filter s positions 

• filter r positions

• Tile_K output channel k elements

• launch enough tiled iterations to cover all channel 
elements (K) and filter positions  (R-by-S):

gemm_k_iterations = 
R * S * ((K + Tile_K – 1) / Tile_K) Example size:

Tile_M = 128
Tile_N = 128
Tile_K = 32
R-by-S = 3-by-3
Stride = 2-by-2
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Example size:
Tile_M = 128
Tile_N = 128
Tile_K = 32
R-by-S = 3-by-3
Stride = 2-by-2
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Prologue maps NHW 
dimension to a valid 

starting filter position

Only compute MMAs 
contributing to the 

activation gradient (Dx) 

Epilogue maps 
accumulator rows to 
write to the mapped 

NHW row 

CUTLASS STRIDED DGRAD (IMPLICIT GEMM) – CUTLASS 2.6+
N
H
W

CTA computes 
MMAs spawned 
across entire 

NHW 
dimension

C
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IMPLICIT GEMM CONVOLUTIONS
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IMPLICIT GEMM CONVOLUTION

Implicit GEMM convolution algorithm:

1. Load a tile of Dy and w matrix into Shared 
Memory

2. Compute matrix-multiply accumulate (mma) 
on operands in Shared Memory

3. Iterate over KRS dimension N
H
W

C

Output gradient matrix (Dy) Activation gradient matrix (Dx)

KRS

K
R
S

N
H
W

Filter matrix (w)
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IMPLICIT GEMM CONVOLUTION
Load a tile of Output gradient matrix (Dy) and filter matrix (w)

Implicit GEMM convolution algorithm:

1. Load a tile of Dy and w matrix into Shared 
Memory

2. Compute matrix-multiply accumulate (mma) 
on operands in Shared Memory

3. Iterate over KRS dimension

Example:
Tile_M = 128
Tile_N = 128
Tile_K = 32

Input type = F16

Tile_N 
(128)

Tile_K 
(32)
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)
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C

Output gradient matrix (Dy) Activation gradient matrix (Dx)

KRS

K
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N
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W

Filter matrix (w)

GEMM-A

GEMM-B

GEMM-C
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T0

T0

T0

T0
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Dy[n, p(h=0, r), q(w=0, s), k]

T0

T0 T0

T0

Load a tile of Output gradient matrix (Dy) and filter matrix (w)

GEMM-A tile of output gradient matrix (Dy)
• Loads 128-by-32 elements

• Each row mapped to unique (n, h, w) coordinate

• Each column mapped to unique filter k coordinate

GEMM-B tile of filter matrix (w)
• Loads 32-by-128 elements

• Each row mapped to unique filter k coordinate

• Each column mapped to unique channel c coordinate

Each thread issues multiple vector loads 
from each tile
• For example, T0’s first load brings k=0..7 to Shared 

Memory for F16 operands 

IMPLICIT GEMM CONVOLUTION

Example size:
Tile_M = 128
Tile_N = 128
Tile_K = 32
R-by-S = 3-by-3

Input type = F16
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IMPLICIT GEMM CONVOLUTION
Compute matrix-multiply accumulate

Implicit GEMM convolution algorithm:

1. Load a tile of Dy and w matrix into Shared 
Memory

2. Compute matrix-multiply accumulate (mma) 
on operands in Shared Memory

3. Iterate over KRS dimension

Example:
Tile_M = 128
Tile_N = 128
Tile_K = 32

Input type = F16

Tile_N 
(128)

Tile_K 
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Output gradient matrix (Dy) Activation gradient matrix (Dx)
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N
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Filter matrix (w)
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cutlass::conv::threadblock::Iterators 
Shared Memory Tensor CoresRegister FilesGlobal Memory

The warp-level mma operators are used 
directly from cutlass::gemm::warp to use 
NVIDIA Tensor Cores

N
H
W

C

Output gradient matrix  (Dy) Activation gradient matrix (Dx)

KRS

K
R
S

N
H
W

Filter matrix (w)

Example tile size:
Tile_M = 128
Tile_N = 128
Tile_K = 32

Tile_N 
(128)

Tile_K 
(32)

T
i
l
e
_
M
 

(
1
2
8
)

T
i
l
e
_
K
 

(
3
2
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Compute matrix-multiply accumulate
IMPLICIT GEMM CONVOLUTION

cutlass::gemm::warp

Warp-level matrix-multiply accumulate operator 

cutlass::gemm::warp::Iterators cutlass::gemm::warp::MmaTensorOp 
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IMPLICIT GEMM CONVOLUTION

Implicit GEMM convolution algorithm:
1. Load a tile of Dy and filter w into Shared 

Memory

2. Compute matrix-multiply accumulate (mma) 
on operands in Shared Memory

3. Iterate over KRS dimension
a) Advance to load next tiles in Shared Memory
b) Ensure accumulation for all filter positions (r,s)

and output channels k

Iterate over KRS dimension

Example:
Tile_M = 128
Tile_N = 128
Tile_K = 32

Input type = F16

Tile_N 
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Tile_K 
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Filter matrix (w)
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IMPLICIT GEMM CONVOLUTION

To cover the entire GEMM-K (KRS) dimension 
• Process tiles in KRS dimension by going over: 

• filter s positions 

• filter r positions

• Tile_K filter k elements

• launch enough tiled iterations to cover all output channel 
elements (K) and filter positions  (R-by-S):

Iterate over KRS dimension

Example size:
Tile_M = 128
Tile_N = 128
Tile_K = 32
R-by-S = 3-by-3
Stride = 1-by-1

num_tiled_iterations = 
R * S * ((K + Tile_K – 1)/Tile_K) 

r=
0,

 s
=

0,
 c

=
0.

.3
1

r=
0,

 s
=

1,
 c

=
0.

.3
1

r=
0,

 s
=

2,
 c

=
0.

.3
1

r=
1,

 s
=

0,
 c

=
0.

.3
1

r=
1,

 s
=

1,
 c

=
0.

.3
1

r=
1,

 s
=

2,
 c

=
0.

.3
1

r=
2,

 s
=

0,
 c

=
0.

.3
1

r=
2,

 s
=

1,
 c

=
0.

.3
1

r=
2,

 s
=

2,
 c

=
0.

.3
1

r=
0,

 s
=

0,
 c

=
32

..
63

r=
2,

 s
=

2,
 c

=
..
.

9 tiled iterations cover 3x3 filter positions

num_tiled_iterations cover 3x3 filter and 
0..K-1 channel elements 

GEMM-K (KRS)
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T0

T0
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CUTLASS: BUILDING COHERENT AND COMPLETE ABSTRACTIONS
cutlass::conv::threadblock::Iterators

Example size:
Tile_M = 128
Tile_N = 128
Tile_K = 32
R-by-S = 3-by-3

CUTLASS convolution iterators 
implement the below abstractions:

advance() 

moves to the next tiled iteration in GEMM-K

operator++() 

moves to the next load position for the thread

at()
applies 𝑝 (ℎ, 𝑟) and 𝑞 (𝑤, 𝑠) functions to map hw to pq
and returns coordinates in Dy tensor {n,p,q,k} 

valid() 

checks out-of-bound accesses for tensors in Global 
Memory

get()  
fetches pointer in Global Memory based on tensor 
coordinates

https://github.com/NVIDIA/cutlass/blob/master/include/cutlass/conv/threadblock/conv2d_fprop_filter_tile_access_iterator_analytic.h
https://github.com/NVIDIA/cutlass/blob/master/include/cutlass/conv/threadblock/conv2d_fprop_filter_tile_access_iterator_analytic.h
https://github.com/NVIDIA/cutlass/blob/master/include/cutlass/conv/threadblock/conv2d_fprop_filter_tile_access_iterator_analytic.h
https://github.com/NVIDIA/cutlass/blob/master/include/cutlass/conv/threadblock/conv2d_fprop_filter_tile_access_iterator_analytic.h
https://github.com/NVIDIA/cutlass/blob/master/include/cutlass/conv/threadblock/conv2d_fprop_filter_tile_access_iterator_analytic.h
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ABSTRACTIONS TO PUT TOGETHER 
COMPLEX ALGORITHMS EFFICIENTLY
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Dy (GEMM-A) Dx (GEMM-C)

w (GEMM-B)

cutlass::conv::threadblock

IMPLICIT GEMM CONVOLUTION
CUTLASS 2.5 components for implicit GEMM convolution

cutlass::gemm::warp cutlass::epilogue

Layout       : TensorOpMultiplicand
IteratorsA/B : RegularTileIterator
Mma : mma.m16n8k16

Layout        : TensorNHWC
IteratorsA/B  : Conv2dDgrad[Dy/w]TileAccessIterator
Mma : MmaMultistage, MmaPipeline

Layout     : RowMajor
IteratorC : PredicatedTileIterator
EpilogueOp : LinearCombination, LinearCombinationRelu

cutlass::conv::kernel

cutlass::conv::kernel::ImplicitGemmConvolution {
construct Iterators(), Mma(), and EpilogueOp() [prologue]
cutlass::conv::threadblock::Mma::operator() [mainloop]
cutlass::epilogue::EpilogueOp::operator() [epilogue]

};
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Dy (GEMM-A) Dx (GEMM-C)

w (GEMM-B)

cutlass::conv::threadblock

IMPLICIT GEMM CONVOLUTION – STRIDED DGRAD
CUTLASS 2.6+ components updated for strided dgrad implicit GEMM convolution

cutlass::gemm::warp cutlass::epilogue

cutlass::conv::kernel

cutlass::conv::kernel::ImplicitGemmConvolutionStridedDgrad {
construct Iterators(…), Mma(), and EpilogueOp()         [prologue]
if (isMainloopRequired(block_id)) {
cutlass::conv::threadblock::Mma::operator() [mainloop]

}
cutlass::epilogue::EpilogueOp::operator() [epilogue]

};

Layout       : TensorOpMultiplicand
IteratorsA/B : RegularTileIterator
Mma : mma.m16n8k16

Layout        : TensorNHWC
IteratorsA/B  : Conv2dDgrad[Dy/w]TileAccessIterator
Mma : MmaMultistage, MmaPipeline

Layout     : RowMajor
IteratorC : PredicatedTileIteratorStridedDgrad
EpilogueOp : LinearCombination, LinearCombinationRelu
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DO MORE WITH CUTLASS
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ACCELERATED SINGLE-PRECISION USING TENSOR CORES
3xTF32 accelerates single-precision arithmetic at 48 TFLOPs on A100

• More than 2x performance vs. peak single-precision

• Better accuracy vs. single-precision (not IEEE compliant)

• Supports real and complex data types

• Example implementation for GEMMs and Convolutions

https://github.com/NVIDIA/cutlass/blob/master/examples/27_ampere_3xtf32_fast_accurate_tensorop_gemm/27_ampere_3xtf32_fast_accurate_tensorop_gemm.cu

Peak F32 
(19.5 TFLOPs)
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GROUPED GEMM
Batched GEMMs with unique problem sizes

CUTLASS enables an efficient implementation targeting Tensor Cores on NVIDIA Volta, Turing, and Ampere

• A “persistent kernel” launches enough threadblocks to perfectly fill the GPU

• An outer loop and “scheduler” maps the threadblock to a tile of the output problem

Performance exceeds batched GEMM and does not require pre-processing

• Mixture of Experts natural language model 1.75x faster end to end

• 1.39x geomean speedup over random sizes from 32 ... 4096

// Outer 'persistent' loop to iterate over tiles
while (problem_visitor.next_tile()) {

// Fetch the problem size from memory
GemmCoord problem_size = problem_visitor.problem_size();
int32_t problem_idx = problem_visitor.problem_index();
int32_t cta_idx = problem_visitor.threadblock_index();

// Determine threadblock coordinates
GemmCoord threadblock_offset

= problem_visitor.threadblock_offset(cta_idx, problem_size);

//
// Compute a tile of the GEMM output using existing CUTLASS
// pipelined matrix multiply.
//
mma( … );

problem_visitor.advance(gridDim.x);
}

https://github.com/NVIDIA/cutlass/blob/master/include/cutlass/gemm/kernel/gemm_grouped.h
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CUTLASS PYTHON
Dynamic compilation of CUTLASS with CUDA Python

CUDA Python exposes the CUDA Driver API and NVRTC compiler to Python programmers

CUTLASS uses a Python-based IR to emit device-wide CONV and GEMM operators

A new host-side runtime component enables JIT compilation and launch of CUTLASS GEMM kernels from Python

# Initialize the SGEMM object
arguments = rt.GemmArguments()

# Pack arguments: problem size, pointers, and strides
arguments.problem_size = rt.GemmCoord(M, N, K)

arguments.A = rt.TensorRef(tensor_A_d, M)
arguments.B = rt.TensorRef(tensor_B_d, N)
arguments.C = rt.TensorRef(tensor_C_d, M)
arguments.D = rt.TensorRef(tensor_D_d, M)

host_workspace = bytearray(sgemm.get_host_workspace_size(arguments))

# Plan the CUDA grid launch and initialize the GEMM object
launch_config = sgemm.plan(arguments)
sgemm.initialize(host_workspace, None, launch_config, arguments)

# Launch the kernel
status = sgemm.run(host_workspace, device_workspace, launch_config)

# Manifest of cutlass operations
manifest = cutlass_manifest.Manifest()

# Construct a SGEMM operation
generator.GenerateSM50_Simt(manifest, "11.5.0")

operation = manifest.operations_by_name['cutlass_simt_sgemm_128x128_8x2_nt_align1']

# Construct the GEMM runtime component
sgemm = rt.Gemm(operation)

# Compile the CUTLASS GEMM operation and load as a CUDA module
architectures = [80,]

compilation_options = rt.CompilationOptions(architectures, include_paths)

module = rt.Module('module.cu', [ sgemm ], compilation_options)

Coming soon in CUTLASS 2.9: https://github.com/NVIDIA/cutlass/tree/master/examples/40_cutlass_py

https://developer.nvidia.com/cuda-python
https://github.com/NVIDIA/cutlass/blob/master/tools/library/scripts/library.py
https://github.com/NVIDIA/cutlass/tree/master/examples/40_cutlass_py
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CONCLUSION
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CONCLUSION

CUTLASS convolutions
• CUTLASS convolution performance is on par with cuDNN 8.3.3 (> 95%)

• Strided Dgrad in CUTLASS 2.6 provides upto 4x speedup compared to CUTLASS 2.5

• Supports smaller than 128b alignment

Grouped GEMM

• Achieves 1.75x faster end to end performance for Mixture of Experts natural language model

• Variable batch size GEMMs grouped into single kernel

• Does  not require pre-processing 

Accelerated single-precision using 3xTF32 on Tensor Cores provides
• 2x performance gains vs. single-precision on CUDA cores

• Better accuracy vs. single-precision on CUDA cores

CUTLASS python example
• Looking forward to hearing more from python programmers

CUTLASS 2.9: Upcoming release lookout for it J
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