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Overview
CUTLASS 2.4-2.6 and convolution definition

Deep dive implicit GEMM convolutions
Building coherent and complete abstractions

Optimized implementation of convolution abstractions 
Precompute invariants 

Epilogue Fusion
Supported epilogue fusion patterns 

AGENDA
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OVERVIEW
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CUTLASS

CUDA 10.1 CUDA 11.0

CUDA 10.2

https://github.com/NVIDIA/cutlass

CUDA C++ Templates for Deep Learning and Linear Algebra

CUTLASS 1.3 –
native NVIDIA 

V100 Tensor Cores

CUTLASS 2.0 –
native NVIDIA 
Turing Tensor 

Cores

CUTLASS 2.2 –
NVIDIA A100

CUTLASS 2.3 –
sparse GEMMs

CUTLASS 2.4 –
Implicit GEMM 
Convolutions

CUDA 11.1

CUDA 11.2 CUDA 11.3

CUTLASS 2.6 –
Epilogue Fusion

CUTLASS 2.5 –
Tensor reduction
3D Convolutions

GTC 2020

GTC 2021
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CUTLASS

CUTLASS 2.4 - Nov 2020
• Implicit GEMM Convolutions 2D

• Forward propagation (Fprop2D), Backward data gradient (Dgrad2D), and  Backward weight gradient (Wgrad2D)
• 4D tensors with NHWC and NCxHWx layouts
• S4, S8, S32, F16, BF16, TF32, F32, complex<F32>
• Tensor cores and CUDA cores
• Ampere, Turing, Volta, Pascal, Maxwell

CUTLASS 2.5 – Feb 2021
• Implicit GEMM Convolutions 3D

• Forward propagation (Fprop3D), Backward data gradient (Dgrad3D), and  Backward weight gradient (Wgrad3D)
• 5D tensors with NDHWC layouts

• Tensor Reductions
• m-to-n reductions of tensors with affine layout
• Custom reduction functors
• Large tensor support for 2^63 elements

• Fused Convolution + Convolution example

CUTLASS 2.6 – Upcoming release
• Epilogue fusion pattern

• Broadcast vector over column (Bias add)
• Partial reduction over column (Batch normalization)

What’s new since we last met?
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CUTLASS CONVOLUTION PERFORMANCE RELATIVE TO CUDNN

https://github.com/NVIDIA/cutlass

DataTypeTag TensorOp(F16)
chip ampere
BatchSize 408
Provider cutlass
conv_kind fprop

Sum of Speedup
1 0.78415578
2 1.047757132
3 0.785461077
4 0.979802918
5 0.766397542
6 0.927960488
7 0.960944028
8 0.754515306
9 0.925964886
10 0.874021973
11 0.925969101
12 0.977242061
13 0.787724108
14 0.931686055
15 0.917610705
16 0.936982678
17 1.000843821
18 0.864790896
19 0.959911058
Geomean 0.896399858
Grand Total 18.00614147

0%

20%

40%

60%

80%

100%

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19

Ge
om

ea
n

Sp
ee

d 
up

 re
la

tiv
e 

to
 cu

DN
N

ResNet50 Layers

CUTLASS 2.5 - Performance Relative to cuDNN on NVIDIA A100 - CUDA 11.3 
Mixed Precision Training  (F16 <= F16*F16 + F32) 
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2D CONVOLUTION ON 4D TENSORS
Forward Propagation

      
Activation Tensor (x)

NHWC = {1, 4, 4, 3}

Filter Tensor (w)
KRSC = {4, 2, 2, 3}

Output Tensor (y)
NPQK = {1, 3, 3, 4}

*=
P

Q 

K
N (batch = 1)

H 

W 

C

N (batch = 1)

R

S

C

K (filters = 4)

N = Batch size
P = Height of output tensor
Q = Width of output tensor 
K = Number of output channels

N = Batch size
H = Height of input tensor
W = Width of input tensor
C = Number of input channels

K = Number of filters
R = Height of filter tensor
S = Width of filter tensor 
C = Number of filter channels
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2D CONVOLUTION ON 4D TENSORS – DEFINITION

𝒚[𝑛, 𝑝, 𝑞, 𝑘] = *
!"#

𝑪%&

*
'"#

𝑹%&

*
)"#

𝑺%&

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

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

𝑤 𝑞, 𝑠 = q * stride_w – pad_w + r * dilation_w

Forward Propagation

      
Activation Tensor (x)

NHWC = {1, 4, 4, 3}

Filter Tensor (w)
KRSC = {4, 2, 2, 3}

Output Tensor (y)
NPQK = {1, 3, 3, 4}

*=
P

Q 

K

N (batch = 1)

H 

W 

C

N (batch = 1)

R

S

C

K (filters = 4)
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CONVOLUTION TO GEMM MAPPING
Forward Propagation

The convolution operation on 4D tensors can be mapped as matrix-multiply operation on 2D matrices

𝑦 = 𝐶𝑂𝑁𝑉 (𝑥, 𝑤)

x[N,H,W,C] : 4D activation tensor
w[K,R,S,C] : 4D filter tensor
y[N,P,Q,K] : 4D output tensor

𝐶 = 𝐺𝐸𝑀𝑀 (𝐴, 𝐵)

A[NPQ, RSC] : 2D convolution matrix
B[RSC, K]   : 2D filter matrix
C[NPQ, K]   : 2D output matrix 

N
PQ

RSC

N
PQ

RS
C

K

Filter 
matrix

Output 
matrix

Convolution 
matrix

Activation 
tensor

N
H

W

C
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CONVOLUTION TO GEMM MAPPING - FILTER MATRIX

N
P
Q

Filter matrix (gemm_k, gemm_n)      Filter tensor (k, r, s, c)

K

Convolution matrix Output matrix

Filter matrix

RSC

R
S
C

N
P
Q

k = gemm_n 
crs_residue = gemm_k / C

r = crs_residue / S
s = crs_residue % S
c = gemm_k % C 

g
e
m
m
_
k

GEMM-M = NPQ                                                               
GEMM-N = K                                                                     
GEMM-K = RSC gemm_n

GEMM M-by-N-by-K dimensions
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CONVOLUTION TO GEMM MAPPING - OUTPUT MATRIX

N
P
Q

Output matrix (gemm_m, gemm_n)      Output tensor (n, p, q, k)

K

Convolution matrix Output matrix

Filter matrix

RSC

R
S
C

N
P
Q

n = gemm_m /(PQ)    
npq_residue = gemm_m % (PQ)

p = npq_residue / Q
q = crs_residue % Q
k = gemm_n 

g
e
m
m
_
k

GEMM-M = NPQ                                                               
GEMM-N = K                                                                     
GEMM-K = RSC gemm_n

gemm_n

g
e
m
m
_
m

GEMM M-by-N-by-K dimensions
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CONVOLUTION TO GEMM MAPPING - CONVOLUTION MATRIX

N
P
Q

Convolution matrix (gemm_m, gemm_k)    Activation tensor (n, ℎ, 𝑤, c)

K

Convolution matrix Output matrix

Filter matrix

RSC

R
S
C

N
P
Q

n = gemm_m /(PQ)
npq_residue = gemm_m % (PQ)

p = npq_residue / Q
q = crs_residue % Q

ℎ (𝑝, 𝑟) = p * stride_h - pad_h + r * dilation_h
𝑤 (𝑞, 𝑠) = q * stride_w - pad_w + s * dilation_w

c = gemm_k % C

g
e
m
m
_
k

GEMM-M = NPQ                                                               
GEMM-N = K                                                                     
GEMM-K = RSC gemm_n

gemm_n

g
e
m
m
_
m

GEMM M-by-N-by-K dimensions

gemm_k

g
e
m
m
_
m
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N
P
Q

KRSC

R
S
C

N
P
Q

g
e
m
m
_
k

GEMM-M = NPQ                                                               
GEMM-N = K                                                                     
GEMM-K = RSC gemm_n

gemm_n

g
e
m
m
_
m

GEMM M-by-N-by-K dimensions

gemm_k

g
e
m
m
_
m

GEMM TRIPLE NEST LOOP        CONVOLUTION MAPPED TO GEMM
int GEMM_M = N * P * Q;
int GEMM_N = K;
int GEMM_K = R * S * C;

for (int gemm_m = 0; gemm_m < GEMM_M; ++gemm_m) {  
for (int gemm_n = 0; gemm_n < GEMM_N; ++gemm_n) {    

int n = gemm_m / (PQ);    
int npq_residual = gemm_m % (PQ);    
int p = npq_residual / Q;    
int q = npq_residual % Q;    

Accumulator accum = 0;    
for (int gemm_k = 0; gemm_k < GEMM_K; ++gemm_k) {      

int k = gemm_n;      
int crs_residual = gemm_k / C;      
int r = crs_residual / S;      
int s = crs_residual % S;
int c = gemm_k % C;

int h = h_bar(p, r);      
int w = w_bar(q, s);

ElementA a = activation_tensor.at({n, h, w, c});      
ElementB b = filter_tensor.at({k, r, s, c});      
accum += a * b;    

}    

C[gemm_m * K + gemm_n] = accum;  
}

}

Convolution matrix (A) Output matrix (C)

Filter matrix (B)
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N
P
Q

K

Convolution matrix (A) Output matrix (C)

Filter matrix (B)

RSC

R
S
C

N
P
Q

g
e
m
m
_
k

GEMM-M = NPQ                                                               
GEMM-N = K                                                                     
GEMM-K = RSC gemm_n

g
e
m
m
_
m

GEMM M-by-N-by-K dimensions

gemm_k

g
e
m
m
_
m

C[𝑔𝑒𝑚𝑚_𝑚, 𝑔𝑒𝑚𝑚_𝑛] = ∑!"##_%&'()*+, (𝑨 𝑔𝑒𝑚𝑚_𝑚, 𝑔𝑒𝑚𝑚_𝑘 ∗ 𝑩[𝑔𝑒𝑚𝑚_𝑘, 𝑔𝑒𝑚𝑚_𝑛])

GEMM TRIPLE NEST LOOP        CONVOLUTION MAPPED TO GEMM

gemm_n

int GEMM_M = N * P * Q;
int GEMM_N = K;
int GEMM_K = R * S * C;

for (int gemm_m = 0; gemm_m < GEMM_M; ++gemm_m) {  
for (int gemm_n = 0; gemm_n < GEMM_N; ++gemm_n) {    

int n = gemm_m / (PQ);    
int npq_residual = gemm_m % (PQ);    
int p = npq_residual / Q;    
int q = npq_residual % Q;    

Accumulator accum = 0;    
for (int gemm_k = 0; gemm_k < GEMM_K; ++gemm_k) {      

int k = gemm_n;      
int crs_residual = gemm_k / C;      
int r = crs_residual / S;      
int s = crs_residual % S;
int c = gemm_k % C;

int h = h_bar(p, r);      
int w = w_bar(q, s);

ElementA a = activation_tensor.at({n, h, w, c});      
ElementB b = filter_tensor.at({k, r, s, c});      
accum += a * b;    

}    

C[gemm_m * K + gemm_n] = accum;  
}

}
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EXPLICIT GEMM CONVOLUTION

Naïve explicit GEMM convolution 
implementation creates 
convolution matrix in Global 
Memory

Explicit GEMM convolution 
increases Global Memory footprint 
and traffic by RS times

Forward Propagation (FPROP)

C
N
P
Q

KRSC

R
S
C

N
P
Q

GEMM-M = NPQ                                                               
GEMM-N = K                                                                     
GEMM-K = RSC

GEMM M-by-N-by-K dimensions

Convolution matrix (x)
in Global Memory Output matrix (y)

Filter matrix (w)

N
H
W

Activation tensor
in Global Memory (x)

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

GEMM-A

GEMM-B

GEMM-C
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N
P
Q

K

Convolution matrix (x)
in Shared Memory Output matrix (y)

RSC

R
S
C

N
P
Q

Filter matrix (w)

Activation tensor
in Global Memory (x)

N
H
W

GEMM-M = NPQ                                                               
GEMM-N = K                                                                     
GEMM-K = RSC

GEMM M-by-N-by-K dimensions

IMPLICIT GEMM CONVOLUTION
Forward Propagation (FPROP)

More efficient implicit GEMM 
implementation forms convolution 
matrix in Shared Memory on the fly

Implicit GEMM convolution does 
not increase Global Memory 
footprint and traffic

C

GEMM-A

GEMM-B

GEMM-C

𝐲 = 𝐶𝑂𝑁𝑉 (𝐱,𝐰)
x[N,H,W,C] : 4D activation tensor 
w[K,R,S,C] : 4D filter tensor
y[N,P,Q,K] : 4D output tensor
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BLOCKED GEMM RECAP

GEMM A
matrix

GEMM C
matrix

GEMM B
matrix

Tiled, hierarchical model: reuse data in Shared Memory and in Registers

See CUTLASS GTC 2018 and 2020 talks for more details about this model
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Convolution 
matrix (A)

Output 
matrix (C)

Filter 
matrix (B)

cutlass::conv::threadblock

IMPLICIT GEMM CONVOLUTION
New CUTLASS components required to implement implicit GEMM convolution 

cutlass::gemm::warp cutlass::epilogue

Implicit GEMM Convolutions
(GTC talk 2021)

See Previous GTC talks 
(2018-2020)

Epilogue Fusion
(Upcoming CUTLASS 2.6 release)
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DEEP DIVE 
IMPLICIT GEMM CONVOLUTIONS
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DEEP DIVE IMPLICIT GEMM CONVOLUTION

Implicit GEMM convolution algorithm:

1. Load a tile of convolution and filter matrix 
into Shared Memory

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

3. Iterate over RSC dimension N
P
Q

K

Convolution matrix (A) Output matrix (C)

RSC

R
S
C

N
P
Q

Filter matrix (B)
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N
P
Q

K

Convolution matrix (A) Output matrix (C)

RSC

R
S
C

N
P
Q

Filter matrix (B)

DEEP DIVE IMPLICIT GEMM CONVOLUTION
Loading a tile of convolution and filter matrix through an example tile size

Implicit GEMM convolution algorithm:

1. Load a tile of convolution and filter matrix 
into Shared Memory

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

3. Iterate over RSC dimension

Example:
Tile_M = 128
Tile_N = 128
Tile_K = 32

Input type = F16

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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Load a tile of convolution and filter matrix

A tile of convolution matrix 
• Loads 128-by-32 elements

• Each row mapped to unique (n, p, q) coordinate

• Each column mapped to unique channel c coordinate

A tile of filter matrix
• Loads 32-by-128 elements

• Each row mapped to unique channel c coordinate

• Each column mapped to unique filter k coordinate

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

Memory for F16 operands 

DEEP DIVE IMPLICIT GEMM CONVOLUTION

T0 T1 T2 T3
T4

T27 T31
T0 T1 T2 T3
T4

T27 T31

c=
0.

.7

c=
8.

.1
5

c=
16

..
23

c=
24

..
31

q=1
q=0 n=0, p=0,

q=2

q=0 n=0, p=1,

x[n, h(p=0, r), w(q=0, s), c]

T0
T1

T2
T3 T3

1

T4 T0
T1

T2
T3 T3

1

T4c=0..7

c=8..15

c=16..23

c=24..31

w
[k

=
0,

 r
=

0,
 s

=
1,

 c
]

w
[k

=
8,

 r
=

0,
 s

=
1,

 c
]

Convolution matrix

Filters matrix

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.

.2
1

r=
0,

 s
=

0,
 c

=
32

..
63

r=
2,

 s
=

2,
 c

=
..
.

q=8
x[n, h(p=0, r), w(q=8, s), c]

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

Input type = F16
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N
P
Q

K

Convolution matrix (A) Output matrix (C)

RSC

R
S
C

N
P
Q

Filter matrix (B)

DEEP DIVE IMPLICIT GEMM CONVOLUTION
Compute matrix-multiply accumulate

Implicit GEMM convolution algorithm:

1. Load a tile of convolution and filter matrix 
into Shared Memory

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

3. Iterate over RSC dimension

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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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
P
Q

K

Convolution matrix (A) Output matrix (B)

RSC

R
S
C

N
P
Q

Filter matrix (A)

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
)

Compute matrix-multiply accumulate
DEEP DIVE IMPLICIT GEMM CONVOLUTION

cutlass::gemm::warp

Warp-level matrix-multiply accumulate operator 

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

Implicit GEMM convolution algorithm:
1. Load a tile of convolution and filter matrix 

into Shared Memory

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

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

and channels c

Iterate over RSC dimension

N
P
Q

K

Convolution matrix (A) Output matrix (C)

RSC

R
S
C

N
P
Q

Filter matrix (B)

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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DEEP DIVE IMPLICIT GEMM CONVOLUTION

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..C-1 channel elements 

GEMM-K (RSC)

32 
elements

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

• filter s positions 

• filter r positions

• Tile_K channel c elements

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

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

Iterate over RSC dimension

Example size:
Tile_M = 128
Tile_N = 128
Tile_K = 32
R-by-S = 3-by-3
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T0 T1 T2 T3
T4

T27 T31
T0 T1 T2 T3
T4

T27 T31

c=
0.

.7

c=
8.

.1
5

c=
16

..
23

c=
24

..
31

q=1
q=0 n=0, p=0,

q=2

q=0 n=0, p=1,

x[n, h(p=0, r), w(q=0, s), c]

T0
T1

T2
T3 T3

1

T4 T0
T1

T2
T3 T3

1

T4c=0..7

c=8..15

c=16..23

c=24..31

w
[k

=
0,

 r
=

0,
 s

=
1,

 c
]

w
[k

=
8,

 r
=

0,
 s

=
1,

 c
]

Convolution matrix

Filters matrix

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.

.2
1

r=
0,

 s
=

0,
 c

=
32

..
63

r=
2,

 s
=

2,
 c

=
..
.

q=8
x[n, h(p=0, r), w(q=8, s), c]

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 ℎ (𝑝, 𝑟) and 𝑤 (𝑞, 𝑠) functions to map pq to hw 
and returns coordinates in activation tensor {n,h,w,c} 

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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ANALYTIC TILE ITERATOR OVER CONVOLUTION MATRIX
cutlass::conv::threadblock

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 ℎ (𝑝, 𝑟) and 𝑤 (𝑞, 𝑠) functions to map pq to hw 
and returns coordinates in activation tensor {n,h,w,c} 

valid() 

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

get()  

fetches pointer in Global Memory based on tensor 
coordinates

Iterator(..., Element const* ptr, ...) : ptr(ptr) 

Tensor4DCoord at() { 
// n and c are trivially available as Iterator state
h_bar = p * stride_h – pad_h + r * dilation_h; 
b_bar = q * stride_w – pad_w + s * dilation_w; 
return Tensor4DCoord(n, h_bar, w_bar, c); 

} 

bool valid() { 
Tensor4DCoord coord = at(); 

return (coord.n < N) && 
(coord.h >=0 && coord.h < H) && 
(coord.w >=0 && coord.w < W) && 
(coord.c < C); 

} 

Element* get() { 
Tensor4DCoord coord = at(); 

// Strides in NHWC tensor
int64_t offset = coord.n * (n_stride) +    // n_stride = HWC

coord.h * (h_stride) +    // h_stride = WC
coord.w * (w_stride) +    // w_stride = C
coord.c;                  // c_stride = 1

return (ptr + offset);                   
}

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


30

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 ℎ (𝑝, 𝑟) and 𝑤 (𝑞, 𝑠) functions to map pq to hw 
and returns coordinates in activation tensor {n,h,w,c} 

valid() 

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

get()  

fetches pointer in Global Memory based on tensor 
coordinates

A naïve analytic implementation issues too many non-tensor core math instructions 

Iterator(..., Element const* ptr, ...) : ptr(ptr) 

Tensor4DCoord at() { 
// n and c are trivially available as Iterator state
h_bar = p * stride_h – pad_h + r * dilation_h; 
b_bar = q * stride_w – pad_w + s * dilation_w; 
return Tensor4DCoord(n, h_bar, w_bar, c); 

} 

bool valid() { 
Tensor4DCoord coord = at(); 

return (coord.n < N) && 
(coord.h >=0 && coord.h < H) && 
(coord.w >=0 && coord.w < W) && 
(coord.c < C); 

} 

Element* get() { 
Tensor4DCoord coord = at(); 

// Strides in NHWC tensor
int64_t offset = coord.n * (n_stride) +    // n_stride = HWC

coord.h * (h_stride) +    // h_stride = WC
coord.w * (w_stride) +    // w_stride = C
coord.c;                  // c_stride = 1

return (ptr + offset);                   
}

ANALYTIC TILE ITERATOR OVER CONVOLUTION MATRIX
cutlass::conv::threadblock

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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OPTIMIZED IMPLEMENTATION 
OF CONVOLUTION ABSTRACTIONS 
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OPTIMIZED IMPLEMENTATION OF CONVOLUTION ABSTRACTIONS

Strategies:
1. Delta tables

a) Offsets to access activation tensor

b) Invariant for entire kernel-execution

c) Reduced pointer arithmetic in the 
mainloop

2. Mask predicates

a) 32b predicate vectors for OOB check

b) Invariant for entire thread block

c) Reduced logical arithmetic in the 
mainloop

N
P
Q

K

Convolution matrix (A) Output matrix (C)

RSC

R
S
C

N
P
Q

Filter matrix (B)

Precompute invariants
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Precomputed delta tables

Iterator(..., Element const* ptr, ...) : ptr(ptr) 

Tensor4DCoord at() { 
// n and c are trivially available as Iterator state
h_bar = p * stride_h – pad_h + r * dilation_h; 
b_bar = q * stride_w – pad_w + s * dilation_w; 
return Tensor4DCoord(n, h_bar, w_bar, c); 

} 

bool valid() { 
Tensor4DCoord coord = at(); 

return (coord.n < N) && 
(coord.h >=0 && coord.h < H) && 
(coord.w >=0 && coord.w < W) && 
(coord.c < C); 

} 

Element* get() { 
Tensor4DCoord coord = at(); 

// Strides in NHWC tensor
int64_t offset = coord.n * (n_stride) +    // n_stride = HWC

coord.h * (h_stride) +    // h_stride = WC
coord.w * (w_stride) +    // w_stride = C
coord.c;                  // c_stride = 1

return (ptr + offset);                   
}

Strategies:
1. Delta tables

a) Offsets to access activation tensor

b) Invariant for entire kernel-execution

c) Reduced pointer arithmetic in the 
mainloop

2. Mask predicates

a) 32b predicate vectors for OOB check

b) Invariant for entire thread block

c) Reduced logical arithmetic in the 
mainloop

OPTIMIZED IMPLEMENTATION OF CONVOLUTION ABSTRACTIONS
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h(p, r=0), w(q, s=0)
h(p, r=0), w(q, s=1)
h(p, r=0), w(q, s=2)

h(p, r=1), w(q, s=0)

n = gemm_m /(PQ)
npq_residue = gemm_m % (PQ)

p = npq_residue / Q
q = crs_residue % Q

ℎ (𝑝, 𝑟) = p * stride_h - pad_h + r * dilation_h
𝑤 (𝑞, 𝑠) = q * stride_w - pad_w + s * dilation_w 

c = {0, 1, 2, ... ,(Tile_k-1)}

gemm_k
(rsc)

g
e
m
m
_
m
 

(
n
p
q
)

N
P
Q

RSC

Convolution matrix 
(npq, rsc)

Activation tensor
(n, ℎ, 𝑤, c)

C

Precomputed delta tables

To cover RSC dimension 
for a unique npq in convolution 
matrix:

• index into every rsc position

• move in s, r, and c dimension 

• too many non-tensor core 
operations!!!

N
H
W

OPTIMIZED IMPLEMENTATION OF CONVOLUTION ABSTRACTIONS
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h(p, r=0), w(q, s=0)
h(p, r=0), w(q, s=1)
h(p, r=0), w(q, s=2)

h(p, r=1), w(q, s=0)

n = gemm_m /(PQ)
npq_residue = gemm_m % (PQ)

p = npq_residue / Q
q = crs_residue % Q

ℎ (𝑝, 𝑟) = p * stride_h - pad_h + r * dilation_h
𝑤 (𝑞, 𝑠) = q * stride_w - pad_w + s * dilation_w 

c = {0, 1, 2, ... ,(Tile_k-1)}

gemm_k
(rsc)

g
e
m
m
_
m
 

(
n
p
q
)

Convolution matrix 
(npq, rsc)

Activation tensor
(n, ℎ, 𝑤, c)

Precomputed delta tables

Moving from filter position s=0 to s=1
for a fixed filter position r and channel c
is moving vertically by Δs elements in 
activation tensor (NHW-by-C) 

Δs

Δs = C elements

Constant for a fixed npq
and problem size

N
P
Q

RSC

N
H
W

C

Example problem size:
R-by-S = (3, 3)

(pad_h, pad_w) = (1,1)
(stride_h, stride_w) = (1,1)

(dilation_h, dilation_w) = (1,1)

OPTIMIZED IMPLEMENTATION OF CONVOLUTION ABSTRACTIONS
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h(p, r=0), w(q, s=0)
h(p, r=0), w(q, s=1)
h(p, r=0), w(q, s=2)

h(p, r=1), w(q, s=0)

N
H
W

gemm_k
(rsc)

g
e
m
m
_
i
 

(
n
p
q
)

Precomputed delta tables

Moving from filter position r=0 to r=1
for a fixed filter position s and channel 
c is moving vertically by Δr elements in 
activation tensor (NHW-by-C) 

W

Δr

Δr = W*C elements n = gemm_m /(PQ)
npq_residue = gemm_m % (PQ)

p = npq_residue / Q
q = crs_residue % Q

ℎ (𝑝, 𝑟) = p * stride_h - pad_h + r * dilation_h
𝑤 (𝑞, 𝑠) = q * stride_w - pad_w + s * dilation_w 

c = {0, 1, 2, ... ,(Tile_k-1)}

Constant for a fixed npq
and problem size

Convolution matrix 
(npq, rsc)

Activation tensor
(n, ℎ, 𝑤, c)

N
P
Q

RSCC

Example problem size:
R-by-S = (3, 3)

(pad_h, pad_w) = (1,1)
(stride_h, stride_w) = (1,1)

(dilation_h, dilation_w) = (1,1)

OPTIMIZED IMPLEMENTATION OF CONVOLUTION ABSTRACTIONS
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h(p, r=0), w(q, s=0)
h(p, r=0), w(q, s=1)
h(p, r=0), w(q, s=2)

h(p, r=1), w(q, s=0) gemm_k
(rsc)

g
e
m
m
_
m
 

(
n
p
q
)

Precomputed delta tables

Moving to next Tile_K channel 
elements for filter position r=0 and s=0
is moving horizontally by Δc elements in 
activation tensor (NHW-by-C) 

Δc

Δc = Tile_K elements

Tile_K

n = gemm_m /(PQ)
npq_residue = gemm_m % (PQ)

p = npq_residue / Q
q = crs_residue % Q

ℎ (𝑝, 𝑟) = p * stride_h - pad_h + r * dilation_h
𝑤 (𝑞, 𝑠) = q * stride_w - pad_w + s * dilation_w 

c = {0, 1, 2, ... ,(Tile_k-1)}

Constant for a fixed npq
and problem size

Convolution matrix 
(npq, rsc)

Activation tensor
(n, ℎ, 𝑤, c)

N
P
Q

RSC

N
H
W

C

Example problem size:
R-by-S = (3, 3)

(pad_h, pad_w) = (1,1)
(stride_h, stride_w) = (1,1)

(dilation_h, dilation_w) = (1,1)

OPTIMIZED IMPLEMENTATION OF CONVOLUTION ABSTRACTIONS
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Precomputed delta tables invariance

Δs, Δr, and Δc are 
invariants for the entire 

kernel execution

h(p, r=0), w(q, s=0)
h(p, r=0), w(q, s=1)
h(p, r=0), w(q, s=2)

h(p, r=1), w(q, s=0)

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

=
..
.

Activation tensor
(n, ℎ, 𝑤, c)

p
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+
 
Δ s

p
t
r
 
+
 
2
*
Δ s

p
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+
 
Δ r

p
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Δ r
+
 
Δ s

p
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+
Δ c

Δs

Δr
gemm_k
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(
n
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q
)

Δc

W

Convolution matrix 
(npq, rsc)Initialize activation tensor pointer

Element *ptr = 
activation_tensor.at(

/*n=*/    0,   
/*h=*/    0,                    
/*w=*/ 0,  
/*c=*/ 0);

N
P
Q

RSC

N
H
W

C

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

(pad_h, pad_w) = (1,1)
(stride_h, stride_w) = (1,1)

(dilation_h, dilation_w) = (1,1)

OPTIMIZED IMPLEMENTATION OF CONVOLUTION ABSTRACTIONS
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Iterator(..., Element const* ptr, ...) : ptr(ptr) 

Tensor4DCoord at() { 
// n and c are trivially available as Iterator state
h_bar = p * stride_h – pad_h + r * dilation_h; 
b_bar = q * stride_w – pad_w + s * dilation_w; 
return Tensor4DCoord(n, h_bar, w_bar, c); 

} 

bool valid() { 
Tensor4DCoord coord = at(); 

return (coord.n < N) && 
(coord.h >=0 && coord.h < H) && 
(coord.w >=0 && coord.w < W) && 
(coord.c < C); 

} 

Element* get() { 
Tensor4DCoord coord = at(); 

// Strides in NHWC tensor
int64_t offset = coord.n * (n_stride) +    // n_stride = HWC

coord.h * (h_stride) +    // h_stride = WC
coord.w * (w_stride) +    // w_stride = C
coord.c;                  // c_stride = 1

return (ptr + offset);                   
}

Mask predicates
Strategies:
1. Delta tables

a) Offsets to access activation tensor

b) Invariant for entire kernel-execution

c) Reduced pointer arithmetic in the 
mainloop

2. Mask predicates

a) 32b predicate vectors for OOB check

b) Invariant for entire thread block

c) Reduced logical arithmetic in the 
mainloop

OPTIMIZED IMPLEMENTATION OF CONVOLUTION ABSTRACTIONS
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h(p=0, r=0), w(q=0, s=1)

h(p=0, r=0), w(q=0, s=0)

h(p=0, r=0), w(q=0, s=2)

h(p=0, r=1), w(q=0, s=0)
h(p=0, r=1), w(q=0, s=1)
h(p=0, r=1), w(q=0, s=2)

Mask predicates

Convolution matrix 
(npq, rsc)

Activation tensor
(n, ℎ, 𝑤, c)

C

N
P
Q

RSC

N
H
W

n=0, p=0, q=0
n=0, p=0, q=1

n=0, p=1, q=0
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Example size:
Tile_M = 128
Tile_N = 128
Tile_K = 32
R-by-S = 3-by-3

(pad_h, pad_w) = (1,1)
(stride_h, stride_w) = (1,1)

(dilation_h, dilation_w) = (1,1)

n = 0
ℎ 𝑝, 𝑟 = p * stride_h - pad_h + r * dilation_h
𝑤 𝑞, 𝑠 = q * stride_w - pad_w + s * dilation_w 

c = {0, 1, 2, ... ,(Tile_k-1)}

OPTIMIZED IMPLEMENTATION OF CONVOLUTION ABSTRACTIONS
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h(p=0, r=0), w(q=0, s=1)

h(p=0, r=0), w(q=0, s=0)

h(p=0, r=0), w(q=0, s=2)

h(p=0, r=1), w(q=0, s=0)
h(p=0, r=1), w(q=0, s=1)
h(p=0, r=1), w(q=0, s=2)

Mask predicates  

Convolution matrix 
(npq, rsc)

Activation tensor
(n, ℎ, 𝑤, c)

C
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P
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RSC

N
H
W

n=0, p=0, q=0
n=0, p=0, q=1

n=0, p=1, q=0

n = 0
ℎ 𝑝, 𝑟 = p * stride_h - pad_h + r * dilation_h
𝑤 𝑞, 𝑠 = q * stride_w - pad_w + s * dilation_w 

c = {0, 1, 2, ... ,(Tile_k-1)}
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OOBℎ =-1, 𝑤 =-1

T0’s first access for the first Tile_K iteration (r=0, s=0, c=0-7)

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

(pad_h, pad_w) = (1,1)
(stride_h, stride_w) = (1,1)

(dilation_h, dilation_w) = (1,1)

OPTIMIZED IMPLEMENTATION OF CONVOLUTION ABSTRACTIONS



42

h(p=0, r=0), w(q=0, s=1)

h(p=0, r=0), w(q=0, s=0)

h(p=0, r=0), w(q=0, s=2)

h(p=0, r=1), w(q=0, s=0)
h(p=0, r=1), w(q=0, s=1)
h(p=0, r=1), w(q=0, s=2)

Mask predicates

Convolution matrix 
(npq, rsc)

Activation tensor
(n, ℎ, 𝑤, c)

C
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n=0, p=0, q=0
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OOBℎ =-1, 𝑤 =-1
OOBℎ =-1, 𝑤 =0

T0’s first access for the second Tile_K iteration (r=0, s=1, c=0-7)

n = 0
ℎ 𝑝, 𝑟 = p * stride_h - pad_h + r * dilation_h
𝑤 𝑞, 𝑠 = q * stride_w - pad_w + s * dilation_w 

c = {0, 1, 2, ... ,(Tile_k-1)}

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

(pad_h, pad_w) = (1,1)
(stride_h, stride_w) = (1,1)

(dilation_h, dilation_w) = (1,1)

OPTIMIZED IMPLEMENTATION OF CONVOLUTION ABSTRACTIONS



43
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h(p=0, r=0), w(q=0, s=1)

h(p=0, r=0), w(q=0, s=0)

h(p=0, r=0), w(q=0, s=2)

h(p=0, r=1), w(q=0, s=0)
h(p=0, r=1), w(q=0, s=1)
h(p=0, r=1), w(q=0, s=2)

Mask predicates

Convolution matrix 
(npq, rsc)

Activation tensor
(n, ℎ, 𝑤, c)

C

N
P
Q

RSC

N
H
W

n=0, p=0, q=0
n=0, p=0, q=1

n=0, p=1, q=0

OOBℎ =-1, 𝑤 =-1
OOBℎ =-1, 𝑤 =0
OOBℎ =-1, 𝑤 =1

T0’s first access for the third Tile_K iteration (r=0, s=2, c=0-7)

n = 0
ℎ 𝑝, 𝑟 = p * stride_h - pad_h + r * dilation_h
𝑤 𝑞, 𝑠 = q * stride_w - pad_w + s * dilation_w 

c = {0, 1, 2, ... ,(Tile_k-1)}

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

(pad_h, pad_w) = (1,1)
(stride_h, stride_w) = (1,1)

(dilation_h, dilation_w) = (1,1)

OPTIMIZED IMPLEMENTATION OF CONVOLUTION ABSTRACTIONS
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h(p=0, r=0), w(q=0, s=1)

h(p=0, r=0), w(q=0, s=0)

h(p=0, r=0), w(q=0, s=2)

h(p=0, r=1), w(q=0, s=0)
h(p=0, r=1), w(q=0, s=1)
h(p=0, r=1), w(q=0, s=2)

Mask predicates invariance

Convolution matrix 
(npq, rsc)

Activation tensor
(n, ℎ, 𝑤, c)

C

N
P
Q

RSC

N
H
W

n=0, p=0, q=0
n=0, p=0, q=1

n=0, p=1, q=0

OOBℎ =-1, 𝑤 =-1
OOBℎ =-1, 𝑤 =0
OOBℎ =-1, 𝑤 =1

OOBℎ =0, 𝑤 =-1
Valid accessℎ =0, 𝑤 =0
Valid accessℎ =0, 𝑤 =1

...

• Mask predicates are invariant for a thread block
• Mask predicates are precomputed and stored in a bit-vector
• One 32b bit-vector per thread, per access, per spatial filter dimension
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T0’s first access for the starting few Tile_K iterations

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

(pad_h, pad_w) = (1,1)
(stride_h, stride_w) = (1,1)

(dilation_h, dilation_w) = (1,1)

OPTIMIZED IMPLEMENTATION OF CONVOLUTION ABSTRACTIONS
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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
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K

RSCNPQ

N
P
Q

K

GEMM-M = K                                                               
GEMM-N = RSC                                                                     
GEMM-K = NPQ

GEMM M-by-N-by-K dimensions
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ti

va
ti

on
 t

en
so

r
in

 G
lo
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(x
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N
H
W

C

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

IMPLICIT GEMM CONVOLUTION
Backward Weight Gradient (Wgrad)

Output gradient matrix (dy) Filter gradient matrix (dw)

Convolution matrix 
(x)

GEMM-A

GEMM-B

GEMM-C
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CUTLASS IMPLICIT GEMM 
CONVOLUTION ON NVIDIA GPU
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LayerID GeoMean

Sum of Speedup Column Labels
Row Labels Forward propagation Backward data gradient Backward weight gradient Grand Total

TensorOp(F16) 21.29480157 19.91297409 26.33133846 67.53911412
cuDNN 11.22906727 10.21974082 13.63103062 35.07983871
CUTLASS 10.0657343 9.693233268 12.70030783 32.45927541

Grand Total 21.29480157 19.91297409 26.33133846 67.53911412
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CUTLASS 2.5 - Convolution on Tensor Cores Relative to CUDA Cores 
NVIDIA A100

Training on Tensor Cores with Mixed Precision (F16 <= F16*F16 + F32)

Forward propagation Backward data gradient Backward weight gradient

CUTLASS PERFORMANCE ON TENSOR CORES RELATIVE TO CUDA CORES (TRAINING)

* Strided layers are omitted for backward data gradient

*

Resnet50 Layers on Tensor Cores (F16 <= F16*F16 + F32)

• Tensor Cores with F16 input is the 
fastest data type for training on NVIDIA 
A100

• CUTLASS performance is within 93% 
(10.8x/11.6x) of cuDNN for F16 input 
on NVIDIA A100

11.6x
10.8x

CUDA Cores (F32) Tensor Core (F16)

1x 16x

Peak theoretical NVIDIA A100 Math throughput

Geomean
Geomean
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CUTLASS PERFORMANCE ON TENSOR CORES RELATIVE TO CUDA CORES (TRAINING)
Resnet50 Layers on Tensor Cores (F32 <= TF32*TF32 + F32)

• TensorFloat32 (TF32) enables Tensor Cores directly 
on F32 input

• CUTLASS achieves 5.3x speed up with Tensor Cores 
relative to CUDA Cores on F32 input

CUDA Cores (F32) Tensor Core (F32)

1x 8x

Peak theoretical NVIDIA A100 Math throughput

5.3x

*

* Strided layers are omitted for backward data gradient

Geomean

https://developer.nvidia.com/blog/accelerating-ai-training-with-tf32-tensor-cores/
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LayerID GeoMean

Sum of Speedup Column Labels
Row Labels A100 2080Ti Grand Total

CUTLASS 6.570925324 9.046119333 15.61704466
F16[NHWC] 1.02468425 0.973322589 1.998006838
S8[NHWC] 1.231080337 1.615639612 2.846719949
S8[NC32HW32] 1.22708062 1.740222546 2.967303165
S4[NHWC] 1.538412531 2.282857937 3.821270469
S4[NC64HW64] 1.549667586 2.43407665 3.983744236

Grand Total 6.570925324 9.046119333 15.61704466
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CUTLASS 2.5 - Performance Relative cuDNN 
NVIDIA A100, 2080Ti - CUDA 11.3

Inference on Tensor Cores with F16, S8, and S4 data type

A100 2080Ti

Resnet50 Layers on Tensor Cores
CUTLASS CONVOLUTION PERFORMANCE RELATIVE TO CUDNN (F16[NHWC]) (INFERENCE)

cuDNN F16[NHWC]

CUTLASS inference performance on Tensor Cores with F16 
data type is on par with cuDNN for NVIDIA A100 and 2080Ti 

0.97x1.02x

F16 <= F16*F16 + F16
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LayerID GeoMean

Sum of Speedup Column Labels
Row Labels A100 2080Ti Grand Total

CUTLASS 6.570925324 9.046119333 15.61704466
F16[NHWC] 1.02468425 0.973322589 1.998006838
S8[NHWC] 1.231080337 1.615639612 2.846719949
S8[NC32HW32] 1.22708062 1.740222546 2.967303165
S4[NHWC] 1.538412531 2.282857937 3.821270469
S4[NC64HW64] 1.549667586 2.43407665 3.983744236

Grand Total 6.570925324 9.046119333 15.61704466
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CUTLASS 2.5 - Performance Relative cuDNN 
NVIDIA A100, 2080Ti - CUDA 11.3

Inference on Tensor Cores with F16, S8, and S4 data type

A100 2080Ti

cuDNN F16[NHWC]

Resnet50 Layers on Tensor Cores
CUTLASS CONVOLUTION PERFORMANCE RELATIVE TO CUDNN (F16[NHWC]) (INFERENCE)

1.23x

1.62x

1.23x

1.74x

CUTLASS inference performance on Tensor Cores with S8 relative to F16 gains: 
§ 1.23x on A100 for both NHWC and NC32HW32 interleaved layout
§ 1.62x and 1.74x on 2080Ti for NHWC and NC32HW32 interleaved layout, respectively

0.97x1.02x

S8 <= S8*S8 + S32
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LayerID GeoMean

Sum of Speedup Column Labels
Row Labels A100 2080Ti Grand Total

CUTLASS 6.570925324 9.046119333 15.61704466
F16[NHWC] 1.02468425 0.973322589 1.998006838
S8[NHWC] 1.231080337 1.615639612 2.846719949
S8[NC32HW32] 1.22708062 1.740222546 2.967303165
S4[NHWC] 1.538412531 2.282857937 3.821270469
S4[NC64HW64] 1.549667586 2.43407665 3.983744236

Grand Total 6.570925324 9.046119333 15.61704466
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CUTLASS 2.5 - Performance Relative cuDNN 
NVIDIA A100, 2080Ti - CUDA 11.3

Inference on Tensor Cores with F16, S8, and S4 data type

A100 2080Ti

cuDNN F16[NHWC]
1.23x

1.62x

1.23x

1.74x

1.02x 0.97x

CUTLASS inference performance on Tensor Cores with S4 relative to F16 gains: 
§ 1.54x and 1.55x on A100 for NHWC and NC64HW64 interleaved layout, respectively
§ 2.28x and 2.43x on 2080Ti for NHWC and NC64HW64 interleaved layout, respectively

Resnet50 Layers on Tensor Cores
CUTLASS CONVOLUTION PERFORMANCE RELATIVE TO CUDNN (F16[NHWC]) (INFERENCE)

1.54x 1.55x

2.28x
2.43x

S4 <= S4*S4 + S32



53

EPILOGUE FUSION
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Epilogue fusion patterns supported in CUTLASS
EPILOGUE FUSION

Epilogue Fusion Pattern Application
Element-wise operators Scale, bias, activations
Data type conversion F32->F16, Int32->Int8
Broadcast vector over columns Bias add
Partial reduction over columns Sum or sum-of-squares for batch norm
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c[i0, j0]

c[i1, j0]

c[i0, j4]

c[i1, j4]

c[i2, j0]

c[i3, j0]

c[i2, j4]

c[i3, j4]

c[i4, j0]

c[i5, j0]

c[i4, j4]

c[i5, j4]

t[j0] t[j4]

Epilogue fusion patterns supported in CUTLASS
EPILOGUE FUSION

Epilogue Fusion Pattern Application
Element-wise operators scale, bias, activations
Data type conversion F32->F16, Int32->Int8
Broadcast vector over columns bias add
Partial reduction over columns sum or sum-of-squares for batch norm

Available in
CUTLASS 2.5

Lookout for
CUTLASS 2.6
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stored to Global Memory

c[i0, j0]

c[i1, j0]

c[i0, j4]

c[i1, j4]

v[j0] v[j4]

O
ut

pu
t 

of
 m

at
ri

x-
m

ul
ti

pl
y 

ac
cu

m
ul

at
e 

in
 r

eg
is

te
rs

Bias vector read from Global 
Memory to registers
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CONCLUSION
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CONCLUSION: IMPLICIT GEMM CONVOLUTION FOR NVIDIA GPU

CUTLASS 2.4 and 2.5: Nov 2020 and Feb 2021

• Open source CUDA C++ template library for CUDA development

• Reusable building blocks for utilizing NVIDIA Tensor Cores for 
GEMMs and convolutions 

• CUTLASS convolution performance is on par with cuDNN (> 90%)

CUTLASS 2.6: Upcoming release lookout for it J
• Support for new epilogue fusion patterns

• Broadcast vector over column (Bias add)
• Partial reduction over column (Batch normalization)

Get started now! https://github.com/NVIDIA/cutlass  
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Convolution matrix (A) Output matrix (C)

RSC
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Filter matrix (B)
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