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Announcements (11/12)

J HW3 + Project PDF release pushed back
o Monitor slack this afternoon




Matrix Multiplication (MM) Kernel

d Multiply P = MN
d Assume M, N are Width x Width matrices

01 __global  wvoid MatrixMulKernel (float* M, float* N,
(2 float* P, int Width) {
03 int row = bleckldx v*blockDim. ytthreadldx. y;

04 int col = blockldx.x*blockDim.x+threadldx.x;

05 if ((row < Width) && (col < Width)) {

06 float Pvalue = 0;

07 for (int k = 0; k < Width; ++k) {

08 Pvalue += M[row*Width+k]*N[k*Width+col];
0 }

10 P[row*Width+col] = Pvalue;

Ll }

12 }



Naive MM Memory Limitations

d We focus on just the multiplication
portion of the kernel

d How many floating point operations

do we perform for every byte we | |
for B (InENE=N(0 S < B R k)

load? Pvalue += M[row*Width+k] * N[k*Width+col];
)
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Naive MM Memory Limitations

d We focus on just the multiplication
portion of the kernel

d How many floating point operations
do we perform for every byte we | |
for N (Ints kE=N0CE <SG diEhis k) S
load? Pvalue += M[row*Width+k] * N[k*Width+col];
o 8Bytes (4 from M, 4 from N) loaded }
o 2 FLOPs performed (1 add, 1 multiply)
o .25 FLOPs per Byte (FLOP/B or OP/B)
1 The term FLOP/B or OP/B is also
called the arithmetic intensity or
compute intensity



Naive MM Memory Limitations

J Onthe A100, when using fp32, we
have 19,500 GFLOPs

4 If we use tensor cores, this
increases to 156,000 GFLOPs

d The memory bandwidth is 1,600
GB/s

d Why is this a problem?

©)
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Transistor Count

Die Size

FP64 CUDA Cores

FP32 CUDA Cores

Tensor Cores

Streaming Multiprocessors

FP64

FP64 Tensor Core

FP32

TF32 Tensor Core

BFLOAT16 Tensor Core

FP16 Tensor Core

INT8 Tensor Core

INT4 Tensor Core

GPU Memory

GPU Memory Bandwidth

Interconnect

Multi-Instance GPUs

Form Factor

Max Power

Peak Performance
54 billion
826 mm?
3,456
6,912
432
108
9.7 teraFLOPS
19.5 teraFLOPS
19.5 teraFLOPS
156 teraFLOPS | 312 teraFLOPS*
312 teraFLOPS | 624 teraFLOPS*
312 teraFLOPS | 624 teraFLOPS*
624 TOPS | 1,248 TOPS*
1,248 TOPS | 2,496 TOPS*
40 GB
1.6 TB/s

NVLink 600 GB/s
PCle Gen4 64 GB/s

Various Instance sizes with up to 7MIGs @5GB

4/8 SXM GPUs in HGX A100
400W (SXM)




Naive MM Memory Limitations

\ H Peak Performance

D On the A1 00’ When USing fp32' We Transistor Count 54 billion
Die Size 826 mm?
have 1 9, 500 G FLO pS FP64 CUDA Cores 3,456
. FP32 CUDA Cores 6,912
A If we use tensor cores, this Tensor Cores =
R Streaming Multiprocessors 108
increases to 156,000 GFLOPs e T
. . FP64 Tensor Core 19.5 teraFLOPS
1 The memory bandwidth is 1,600 = 7o rerarLoPS
TF32 Tensor Core 156 teraFLOPS | 312 teraFLOPS*
G B/S BFLOAT16 Tensor Core 312 teraFLOPS | 624 teraFLOPS*
. . FP16 Tensor Core 312 teraFLOPS | 624 teraFLOPS*
EI Wh\/ IS thIS a prOblem? INT8 Tensor Core 624 TOPS | 1,248 TOPS*
INT4 Tensor Core 1,248 TOPS | 2,496 TOPS*

O GPU Memo 40 GB
GPU Memory Bandwidth 1.6 TB/s

NVLink 600 GB/s

Interconnect PCle Gen4 64 GB/s
Multi-Instance GPUs Various Instance sizes with up to 7MIGs @5GB
Form Factor 4/8 SXM GPUs in HGX A100
Max Power 400W (SXM)




Naive MM Memory Limitations

Peak Performance

D On the A1 00’ When USing fp32' We Transistor Count 54 billion
Die Size 826 mm?
have 1 9, 500 G FLO pS FP64 CUDA Cores 3,456
FP32 CUDA Cores 6,912
4 If we use tensor cores, this Tensor Cores e
R Streaming Multiprocessors 108
increases to 156,000 GFLOPs e T
. . FP64 Tensor Core 19.5 teraFLOPS
1 The memory bandwidth is 1,600 = 7o rerarLoPS
TF32 Tensor Core 156 teraFLOPS | 312 teraFLOPS*
G B/S BFLOAT16 Tensor Core 312 teraFLOPS | 624 teraFLOPS*
. . FP16 Tensor Core 312 teraFLOPS | 624 teraFLOPS*
EI Wh\/ IS thIS a prOblem? INT8 Tensor Core 624 TOPS | 1,248 TOPS*
INT4 Tensor Core 1,248 TOPS | 2,496 TOPS*

o With .25 FLOPs/B, we max out at 400

GPU Memo 40 GB
GFLOPs

NVLink 600 GB/s

o Thisis significantly less than 19,500 Interconnect  PrleGendcachs
. . Multi-Instance GPUs Various Instance sizes with up to 7MIGs @5GB
GFLOPs and even more Slgnlflcantl\/ Form Factor 4/8 SXM GPUs in HGX A100

less than 156,000 GFLOPs Max Pover 400W (SXM)



Naive MM Memory Limitations
I

d When execution speed is limited by Transistor Count 54 illon
. Die Size 826 mm?
the memory bandwidth, we call the P64 CUDA Core e
FP32 CUDA Cores 6,912
program memory bound o P
Streaming Multiprocessors 108
( In order to produce a program = 5.7 terarLops
. . FP64 Tensor Core 19.5 teraFLOPS
which is not memory bound, we . s
: 1 : TF32 Tensor Core 156 teraFLOPS | 312 teraFLOPS*
nEEd to Increase the arlth mEtIC BFLOAT16 Tensor Core 312 teraFLOPS | 624 teraFLOPS*
|ntens|tv FP16 Tensor Core 312 teraFLOPS | 624 teraFLOPS*
INT8 Tensor Core 624 TOPS | 1,248 TOPS*
[ In this example, to no longer be NT# Tersr Core R T e
memory bound we have to increase iy LeTu
) o ] NVLink 600 GB/s
the arithmetic intensity to at least ntercomnect PCle Gend 64 GB/s
Multi-Instance GPUs Various Instance sizes with up to 7MIGs @5GB
1 9,500/1 ,600 ~ 1 22 Form Factor 4/8 SXM GPUs in HGX A100
Max Power 400W (SXM)




Caution on Published Specs

d The image at right is an example of
a specification (spec) published for
the A100

NVIDIA often releases these for
their new models to demonstrate
performance capabilities

Based on the previous slides what
IS an issue with this?

©)
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Peak Performance

Transistor Count

Die Size

FP64 CUDA Cores

FP32 CUDA Cores

Tensor Cores

Streaming Multiprocessors

FP64

FP64 Tensor Core

FP32

TF32 Tensor Core

BFLOAT16 Tensor Core

FP16 Tensor Core

INT8 Tensor Core

INT4 Tensor Core

GPU Memory

GPU Memory Bandwidth

Interconnect

Multi-Instance GPUs

Form Factor

Max Power

54 billion
826 mm?
3,456
6,912
432
108
9.7 teraFLOPS
19.5 teraFLOPS
19.5 teraFLOPS
156 teraFLOPS | 312 teraFLOPS*
312 teraFLOPS | 624 teraFLOPS*
312 teraFLOPS | 624 teraFLOPS*
624 TOPS | 1,248 TOPS*
1,248 TOPS | 2,496 TOPS*
40 GB
1.6 TB/s

NVLink 600 GB/s
PCle Gen4 64 GB/s

Various Instance sizes with up to 7MIGs @5GB
4/8 SXM GPUs in HGX A100
400W (SXM)




Caution on Published Specs

d The image at right is an example of
a specification (spec) published for

the A100
NVIDIA often releases these for

their new models to demonstrate
performance capabilities

Based on the previous slides what
IS an issue with this?

o The demonstrated speeds are only
achievable given that the program has
a high enough arithmetic intensity

Peak Performance

Transistor Count

Die Size

FP64 CUDA Cores

FP32 CUDA Cores

Tensor Cores

Streaming Multiprocessors

FP64

FP64 Tensor Core

FP32

TF32 Tensor Core

BFLOAT16 Tensor Core

FP16 Tensor Core

INT8 Tensor Core

INT4 Tensor Core

GPU Memory

GPU Memory Bandwidth

Interconnect

Multi-Instance GPUs

Form Factor

Max Power

54 billion
826 mm?
3,456
6,912
432
108
9.7 teraFLOPS
19.5 teraFLOPS
19.5 teraFLOPS
156 teraFLOPS | 312 teraFLOPS*
312 teraFLOPS | 624 teraFLOPS*
312 teraFLOPS | 624 teraFLOPS*
624 TOPS | 1,248 TOPS*
1,248 TOPS | 2,496 TOPS*
40 GB
1.6 TB/s

NVLink 600 GB/s
PCle Gen4 64 GB/s

Various Instance sizes with up to 7MIGs @5GB
4/8 SXM GPUs in HGX A100
400W (SXM)




Roofline Models

Once we are no longer memory bound,
can we continue to increase the
execution throughput (FLOP/second)?

d




Roofline Models

Once we are no longer memory bound, £
can we continue to increase the
execution throughput (FLOP/second)?

(d No. The execution throughput
values of the previous slide are a
hard upper limit.

(1 Thisis represented visually using
what are called roofline models

Computational throughput (GFLOPS)

Computational intensity (FLOP/B)



Memory Types

 In order to improve performance,
we need to have a clearer
understanding of memory with
CUDA

J CUDA has 5 main memory types
o Per-thread Register

Per-thread Local

Per-threadblock Shared

Per-grid Global

Per-grid Constant

O O O O



Memory Types

 In order to improve performance,
we need to have a clearer
understanding of memory with
CUDA

J CUDA has 5 main memory types
Per-thread Register

Per-thread Local

Per-threadblock Shared

Per-grid Global

Per-grid Constant

O O O O

it (32 thre:
Register File (16,384 x 32-bit)

32 FPSZ}

32 FP32

INT32 INT32 FP32 FP@Z‘

iNTszInTs2 [FPaz Fpaz

: TENSOR CORE
I INT32 FP32 ,FP:!z‘

INT32 INT32 P32 th‘

INTS2INT32 FP32FP32  FPes

INT32 INT32 FP32’3» |

e Each thread has some register

space in its subpartition

e This is the lowest latency form of

memory storage

e This corresponds to the Register

File above

e They are private to each thread
e \ery small amount of storage



Memory Types

 In order to improve performance,
we need to have a clearer
understanding of memory with
CUDA

J CUDA has 5 main memory types

©)

O O O O

Per-thread Register
Per-thread Local
Per-threadblock Shared
Per-grid Global

Per-grid Constant

[ Warp Scheduler elk)

Dispatch Unit (32 thread/clk)

Register File (16,384 x 32-bit)

| INT32 FP32 FPSZ} FP84.

INT32
INT32INT32 FP32FP3Z  FPes

FP32 FP&Z‘ FP84

FPaafPs  Fres

: TENSOR CORE
| INT32 Fpazlrpaz‘ FP84.

INT32 INT32 FPaszPsz‘ FP84
INT32 INT32 Fpsz‘FPaz} FP64

: | FPe4

Local storage holds variables which don’t fit in
the registers

These are also private to each thread

Each thread makes use of the full memory
hierarchy based on the size of the object (L1
cache in the SM, L2 cache GPU-wide, HBM). If
the per-thread objects grow in size, then you
have to use a larger cache.



Memory Types

INT32 INT32 FP32 FP32

| INT32INT32 FP32 FP32‘

D I d t 1 f INTs2INTs2 [FRa2 FPaz iNtszInTs2 [FPaa PPz
B RSP
n Or er O I m pro\le per Ormance’ INT32 INT32 @@ 64 INT32 INT32 ;ﬂ@“ 4
d t h | INT32 INT32 Eﬁ TENEEn ot INT32 INT32 :ﬁ:az‘ [Een o
W e n e e O aV e a C e a re r INT3: | INT32 INT32 FP3£ﬂ FP64
. . | 32: :FP INT32 INT32 ;:ﬂ
understanding of memory with weeres (S
LD/ l.‘ LD/ LD/ LD/ LD/ LD/ LD/ LD/ LD/ ‘ LD/ LD/ LD/ LD/ LD/
ST ST ST T ST ST ST ST ST

CUDA

J CUDA has 5 main memory types
Per-thread Register

o Per-thread Local e Stored on-chip SRAM located in the SM
Per-thr lock Shar e Is exclusively in the L1 cache

© er-t . eadblock Shared e All threads in a block have access to this

o Per-grid Global memory

o Per—grid Constant e This memory has limitations, so you cannot

overuse or your program will slow down
and/or fail
e Relatively small size



Memory Types

 In order to improve performance,
we need to have a clearer
understanding of memory with

CUDA e Visible to all threads in a grid
' e \ery slow
- CUDA has 5 main memaory t\/pES e Uses full memory hierarchy - so the
o Per-thread Register access can be cached, but this is

contingent on previous accesses

Per-thread Local e Very large size

Per-threadblock Shared
Per-grid Global
Per-grid Constant

O O O O



Memory Types

 In order to improve performance,
we need to have a clearer
understanding of memory with

e Visible to all threads in a grid
CUDA e These are cached, but read only
J CUDA has 5 main memory types  Lookups can be quite fast
_ e The current limitation on constant
Per-thread Register memory is 65,536 bytes
o Per-thread Local
o Per-threadblock Shared
o Per-grid Global
o Per-grid Constant



Memory Loading Review

d We always want to load things
which are closer to the actual
execution units
o Datain registers is best, then L1

cache, then L2, then HBM

1 Loading from further down the
memory hierarchy takes more time
& vastly more energy

1 Thus we have a tension between
small size of fast memory
(registers) and large size of slow
memory (HBM)

»

fadd rl, r2, r3

VS

load r2, r4, offset
fadd rl, r2, r3




How do we manipulate each of these
datatypes in CUDA?




Five Memory Types In Practice

Variable declaration Memory Scope
Automatic variables other than arrays Register Thread
Automatic array variables Local Thread
__device__ __shared__ int SharedVar; Shared Block
__device__ int GlobalVar; Global Grid
__device__ __constant__ int ConstVar; Constant Grid

Lifetime
Grid

Grid

Grid
Application
Application




Five Memory Types In Practice

__global__ void kernel_register_example() {
int a = threadldx.Xx;
int b = a % 2;

Variable declaration Memory Scope Lifetime

| Automatic variables other than arrays Register Thread Grid |
Automatic array variables Local Thread Grid
__device__ __shared__ int SharedVar; Shared Block Grid
__device__ int GlobalVar; Global Grid Application
__device__ __constant__ int ConstVar; Constant Grid Application




Five Memory Types In Practice

__global__ void kernel_local_array_example() {

int arr[8]:

arr[threadIdx.x % 8] = threadIdx.x;
+
Variable declaration Memory Scope Lifetime
Automatic variables other than arrays Register Thread Grid
| Automatic array variables Local Thread Grid |

__device__ __shared__ int SharedVar; Shared Block Grid
__device__ int GlobalVar; Global Grid Application
__device__ __constant__ int ConstVar; Constant Grid Application




Five Memory Types In Practice

__global__ void kernel_shared_example() {
__shared__ int sharedVar[32];
sharedVar[threadIdx.x] = threadIdx.x;
__syncthreads();

Is
Variable declaration Memory Scope Lifetime
Automatic variables other than arrays Register Thread Grid
Automatic array variables Local Thread Grid
device shared__int SharedVar; Shared Block Grid |
__device__ int GlobalVar; Global Grid Application
__device__ __constant__ int ConstVar; Constant Grid Application




Five Memory Types In Practice

__device__ int GlobalVar;

__global__ void kernel_global_example() {
GlobalVar = blockIdx.x;

Variable declaration Memory Scope Lifetime
Automatic variables other than arrays Register Thread Grid
Automatic array variables Local Thread Grid
device shared__int SharedVar; Shared Block Grid
|_device_ int GlobalVar; Global Grid Application |
__device__ __constant__ int ConstVar; Constant Grid Application




Five Memory Types In Practice

__constant__ int ConstVar = 42;

__global__ void kernel_constant_example() {
int val = ConstVar;

+
Variable declaration Memory Scope Lifetime
Automatic variables other than arrays Register Thread Grid
Automatic array variables Local Thread Grid
__device__ __shared__ int SharedVar; Shared Block Grid
device__int GlobalVar; Global Grid Application
__device___ _constant__ int ConstVar; Constant Grid Application |




GPU Cache Coherence

Jd In one of our earlier lectures, we

discussed Cache Coherence on

PO
load x

Pl
load x

PO Pl
write #3, x

Shared Address Machines ) | i e | : & | 3 >|<

J We discussed how writes have to x = 1 <

Invalidate

propagate through memory into the Ve Memr

(a)

caches of other cores e B . A
1 Invalidate and Update protocols are :

common ways of achieving this | | | |
d How is this done in GPUs? Upde

Memory Memory

»
-
=
-
=
w
kS
")

(b)



GPU Cache Coherence

@ The per-thread memories (registers/local)
are private & thus do not need to have any
shared state with other threads

d The constant variables are read-only

[ The per-threadblock variables in L1 cache do
not have any cache coherence protocols

d Global per-grid variables are shared

o L1 cacheis not updated — threads only
know a variable has changed on a read
operation

o All threads have write access — thereis
no locking mechanism across threads on
these variables

INT32 INT32

INT32 INT32

INT32 INT32

INT32 INT32

INT32 INT32

INT32 INT32

INT32 INT32

INT32 INT32

Lo/ LD/
ST ST

INT32 INT32

INT32 INT32

INT32 INT32

INT32 INT32

INT32 INT32

INT32 INT32

INT32 INT32

INT32 INT32

LD/ LD/
ST ST

Dispatch Unit (32 thread/clk)
Register File (16,384 x 32-bit)
FP32 FPSZE FP64
FP64
FP32FP32  FPes4

|
FP32 FP32  FP64

—t TENSOR CORE

] 1
FP32 FP32 FP84

FP32 FP&ZE FP64

FP64
FP64

LD/ LD/ LD/ LD/ LD/ LD/
ST ST ST ST ST ST

Dispatch Unit (32 thread/clk)
Register File (16,384 x 32-bit)

FP84

FP84
FP32 ‘FP32¥ FP64
1

FPB4

FP64
| |
FP32 FPJZI

| | Fres

EFPTZ: FP64

FPsffPsz% FPe4

E: E LD/ LD/ LD/ LD/
ST ST ST ST ST ST

TENSOR CORE

SFU

Dispatch Unit (32 thread/cIk)

Register File (16,384 x 32-bit)

| 1 ]
INT32|NT32 [FP32 FP32  FP64

INT32INTS2 FP32FP32  FPes
A

INT32 INT32 ‘FP FP32 FP64

INTs2INTs2 [P FRS2  Fees

e TENSOR CORE
INT32INT32 FP32 FP32  FPe4
INT32 INT32 FP32 ;FPJZ FP6d

INT32INT32 [FP32 EFPsz‘ FPG4
FP% | Fpes
| d

Lo/ LD/ LD LD/ LD/ LD/ LD/ LD/
sl @l al &l als ] &

INT32 INT32 P32

. WarpSched

Dispatch Unit (32 thread/clk)
Register File (16,384 x 32-bit)

INT32 INT32 P32 FP&Z{ FP84

INT32 INT32 FP32 FPSZ{ FP84
INT32 INT32 FP32 FPSZ‘ FP64

INT32 INT32 FP32 FPJZ‘ FP64
— TENSOR CORE

INT32 INT32 FP32 FP:!Z“ FP64.

INT32INT32 FP32 FPaz} FPG4
INT32INT32 FP32 FP32  FPe4

INT32INT32 FP32 FPSZ{ FP64

LD/ LD/ LD/ LD/ LD/ LD/ LD/ LD/
ST STl ESTal ST ESTH FSTll BST ST




How can we use what we have learned of the
memory hierarchy to improve our earlier Matrix
Multiplication kernel?




s . ' dim3 threadsPerBlock(2, 2);
MatrixMulKernel<<<numBlocks,
multiplication algorithm with 2x2

blocks of 2x2 threads

d Within a block, how many
redundant loads of a row of M
occur? A column of N?

©)




s . ' dim3 threadsPerBlock(2, 2);
MatrixMulKernel<<<numBlocks,
multiplication algorithm with 2x2

blocks of 2x2 threads

d Within a block, how many
redundant loads of a row of M
occur? A column of N?

o 2

1 Tiling is based on the idea that we Moo| Mo | Moy | Mo 2 | Pos
should reduce these redundant M, | M, Ml; M, P,
loads by using per-threadblock p;}
shared memory p;




Tili ng Motivation Removing redundant accesses will
increase the compute intensity of our

program — For every byte we load, we
are computing more.

Access order

thread, Mo, * Nio [ Moo * Npo | M3 ™ N3
b 3
Mo1 ™ Niy | My,

thread, , : : 2% Ny [ M3 * N3,
thread;y | M;o* Noo [M;;*Njo [ M2*Nyo | Mj3*N;

-—

thread,; |M,, ‘ M * Ny [Mi5* Ny | M 3% N3




Tiling Strategy

Given that shared memory is not
infinite (it is limited by the size of the
partition in the L1 cache), we must
follow the below general strategy

(] Repeat the following until complete
o Load in small chunk in parallel
o Compute in parallel




Matrix Multiply Tiling (2x2 block with 2x2 thread)

Block 0
Tiling Steps
(threads
execute in
parallel)

thread,

Phase 0

Pvalue().O +=
Mdso*Ndsg o+
MdSO’l*NdSLO

Phase 1

Pvalue()*o +=
Mdso*Ndsg o+
MdSO_l *Ndsl,O

thread()‘l

PValue().l +=
Mdso*Ndsg; +
MdsO,l*Ndsl.l

Pvalue().l +=
Mdso*Nds,; +
Mds,  *Nds,

thread 1.0

Pvaluel‘() +=
MdSl_O*NdSO‘O T
Mdsl.l*NdSl.O

Pvaluelqo +=
Mds; ¢*Ndsg o+
Mds; *Nds, o

thread, ,

PValue, | +=
MdSI_O*NdSO.I -+
Mdsl,l*Ndsl.l

PValue, | +=
MdSLO*NdSO.l +
Mds,; *Nds; ,

time




Matrix Multiply Tiling (2x2 block with 2x2 thread)

Pvalue().O +=
Mdso*Ndsg o+
MdSO’l*NdSLO

Phase 1

P Valueo‘o +=
Mdso*Ndsg o+
MdSO_l *Ndsl,O

Pvalue().l +=
Mdso*Ndsg; +
MdSO,l*NdSl.l

PValue().l +=
Mds, *Nds, ; +
MdSO.l*Ndsl.l

Pvaluel‘o +=
MdSl_O*NdSO_O T
Mdsl.l*NdSl.O

Pvaluelqo +=
MdSl_O*NdSO_O :
Mds; *Nds, o

PValue, | +=
MdSI_O*NdSO.I -+
MdSL]*NdS]‘l

PValueH +=
Mds o*Nds,; +
Mds,; *Nds; ,

time




Matrix Multiply Tiling (2x2 block with 2x2 thread)




Matrix Multiply Tiling (2x2 block with 2x2 thread)

thread,

Phase 0

Pvalue().O +=
Mds o*Ndsg o+
MdSOJ*NdSLO

Pvalueo‘o +=
Mds, *Nds; o+
MdSO_l *Ndsl.o

thread()‘l

Pvalue().l +=
Mdso*Ndsg; +
Mds, ; *Nds, |

PValue().l +=
Mds, *Nds, ; +
MdSO_l*NdSI_l

threadl_o

Pvaluel‘o +=
MdSI‘O*NdS0.0 +
Mdsl.l*NdSl.O

Pvaluelio +=
MdSl_O*NdSO_O :
Mds, ;*Nds; ,

thread, ,

PValue, | +=
MdSl_O*NdSO.I -+
Mdsl.l*NdSLl

PValueLl +=
MdSLO*NdSO_l +
Mds,; *Nds; ,

lme T ——— &




Matrix Multiply Tiling (2x2 block with 2x2 thread)

Pvalueoio +=
Mdso*Ndsg o+

No 1
. N,
MdSO_ 1 NdS 1.0

PValue, , +=
MdSO_O*NdSO.I *
MdSO.l*NdSl_l

PValuel‘O += e
Mds *Nds o+ Moo | Mo,
Mds,; ;*Nds,

PValue, |, +=
Mdsl.O*NdSO.l -+
Mds, ;*Nds; ;




Matrix Multiply Tiling (2x2 block with 2x2 thread)

thread,

Phase 0

Pvalue().O +=
Mdso*Ndsg o+
MdSO’l*NdSLO

Phase 1

P Valueo‘o +=
Mdso*Ndsg o+
MdSO_l *Ndsl,O

thread()‘l

Pvalue().l +=
Mdso*Ndsg; +
MdSO,l*NdSl.l

PValue().l +=
Mds, *Nds, ; +
MdSO.l*Ndsl.l

threadl.o

Pvaluel‘o +=
MdSl_O*NdSO_O T
Mdsl.l*NdSl.O

Pvaluelqo +=
MdSl_O*NdSO_O :
Mds; *Nds, o

thread, ,

PValue, | +=
MdSI_O*NdSO.I -+
MdSL]*NdS]‘l

time

PValueH +=
Mds o*Nds,; +
Mds,; *Nds; ,




Matrix Multiply Tiling (2x2 block with 2x2 thread)




Matrix Multiply Tiling (2x2 block with 2x2 thread)

Phase 0 Phase 1

thread, PValue, , += PValue, o +=
Mdso*Ndsg o+ dsgo*Ndsg o+
MdSOJ*NdSLO dso_[ *Ndsl,o

thread, PValue,, += PValue, ; +=
MdSO,O*NdSO,l + dSO.O*NdSO,l -+
MdSO.l*NdSl.l dso_l*Ndsl_l

threadl_o Pvaluel‘o += Valuel,o =
Mds, ¢*Nds o+ ds; o*Ndsg o+
Mdsl.l*NdSl.O dsl.l*Ndsl.O

thread, , PValue, | += PValue, | +=
Mds, (*Nds, ; + ds; o*Nds,; +
Mdsl.l*Ndsl,l dSl.l*Ndsl.l

time




Matrix Multiply Tiling (2x2 block with 2x2 thread)

Pvalueoio +=
Mds, *Nds; o+
MdSO_ 1 *Nds 1.0

PValue, |, +=
MdSO_O*NdSO.I T
MdSO.l*NdSLl

Pvalue1.0 +=

MdSl_O*NdSO_0+ Mo’z M0’3
Mds,; ,*Nds, ,

' ' M, | M5
PValue, | +=
Mdsl.O*NdSO_l :

Mds,; *Nds; ;




Let TILE_WIDTH=2

Tiled MM Kernel

02 __global  void matrixMulKernel (float* M, float* N, float* P, int Width) {
03

04 __shared  float Mds[TILE WIDTH] [TILE WIDTH] ;

05 __shared  float Nds[TILE WIDTH] [TILE WIDTH];

06

07 int bx = blockIdx.x; int by = blockIdx.y;

08 int tx = threadIdx.x; int ty = threadIdx.y;

09

10 // Identify the row and column of the P element to work on
11 int Row = by * TILE WIDTH + ty;

12 int Col = bx * TILE WIDTH + tx;

13

14 // Loop over the M and N tiles required to compute P element
i[85 float Pvalue = 0;

16 for (int ph = 0; ph < Width/TILE WIDTH; ++ph) ({

17

18 // Collaborative loading of M and N tiles into shared memory
iLe Mds [ty] [tx] = M[Row*Width + ph*TILE WIDTH + tx];

20 Nds[ty] [tx] = N[ (ph*TILE WIDTH + ty)*Width + Col];

21 __syncthreads() ;

22

23 for (int k = 0; k < TILE WIDTH; ++k) {

24 Pvalue += Mds([ty] [k] * Nds[k] [tx];

25 }

26 __syncthreads() ;

27

28 }

29 P[Row*Width + Col] = Pvalue;

30

3! }



Let TILE_WIDTH=2

L |
TI | Ed '\/I I\/l Ke rHE| 02 __global  void matrixMulKernel (float* M, float* N, float* P, int Width) {
03
04 __shared  float Mds[TILE WIDTH] [TILE WIDTH];
h_O 05 __shared  float Nds[TILE WIDTH] [TILE WIDTH];
p - 06
07 int bx = blockIdx.x; int by = blockIdx.y;
08 int tx = threadIdx.x; int ty = threadIdx.y;
My, [Ny i
? ? 10 // Identify the row and column of the P element to work on
l l 11 int Row = by * TILE WIDTH + ty;
12 int Col = bx * TILE WIDTH + tx;
Mdsg | Ndsy 13
14 // Loop over the M and N tiles required to compute P element
MO,I NO,I 15 float Pvalue = 0;
16 for (int ph = 0; ph < Width/TILE WIDTH; ++ph) ({
4 ! 17
]\/Idso1 I\Idso1 18 // Collaborative loading of M and N tiles into shared memory
> 19 Mds[ty] [tx] = M[Row*Width + ph*TILE WIDTH + tx];
20 Nds[ty] [tx] = N[ (ph*TILE WIDTH + ty)*Width + Col];
Ml,o N1,0 21 - SRAOE;
! ! -
23 for (int k = 0; k < TILE WIDTH; ++k) {
MdsLO Nds1 0 24 Pvalue += Mds[ty] [k] * Nds[k] [tx];
25 }
M1 1 Nl 1 26 __syncthreads() ;
’ ’ 27
Loy )
29 P[Row*Width + Col] = Pvalue;
Mdsl.l NdSl 1 30

31 }




Let TILE_WIDTH=2

L |
I I|Ed '\/l I\/l Ke rHE| 02 __global vgid matrixMulKernel (float* M, float* N, float* P, int Width) {
03
04 __shared  float Mds[TILE WIDTH] [TILE WIDTH] ;
h_O 05 __shared  float Nds[TILE WIDTH] [TILE WIDTH];
p - 06
07 int bx = blockIdx.x; int by = blockIdx.y;
08 int tx = threadIdx.x; int ty = threadIdx.y;
] 09
PValue, , + ,
* 10 // Identify the row and column of the P element to work on
MdSO.() NdSO.()"' 11 int Row = by * TILE WIDTH + ty;
3 = * o
Mdso_l*NdSLO :1L:23 int Col bx TILE WIDTH + tx;
14 // Loop over the M and N tiles required to compute P element
Pvalueo 1 += 15 float Pvalue = 0;
16 for (int ph = 0; ph < Width/TILE WIDTH; ++ph) {
MdSO O*NdSO 1 = E E - -
X s 17
MdSO I*Ndsll 18 // Collaborative loading of M and N tiles into shared memory
’ ’ 19 Mds [ty] [tx] = M[Row*Width + ph*TILE WIDTH + tx];
PVal s 20 Nds[ty] [tx] = N[ (ph*TILE WIDTH + ty)*Width + Coll;
alue, o V= 2 __syncthreads () ;
MdSl O*NdSO 0+ 22
. - > 23 for (int k = 0; k < TILE WIDTH; ++k) {
Mdsl_l Ndsl_o 24 Pvalue += Mds([ty] [k] * Nds[k] [tx];
25 }
— 26 syncthreads () ;
PValuel_l T - =
Mdsl.O*NdSO.l I 28 }
29 P[Row*Width + Col] = Pvalue;
MdSl 1>I=‘I\stl 1 [Row*Wi ol] value
s N 30
Sil }




Let TILE_WIDTH=2

L |

TI | Ed .\/I I\/l Ke rHE| 02 __global  void matrixMulKernel (float* M, float* N, float* P, int Width) {
03
04 __shared  float Mds[TILE WIDTH] [TILE WIDTH];
05 __shared  float Nds[TILE WIDTH] [TILE WIDTH];
06
07 int bx = blocklIdx.x; int by = blockIdx.v;
08 int tx = threadIdx.x; int ty = threadIdx.y;
09
10 // Identify the row and column of the P element to work on
11 int Row = by * TILE WIDTH + ty;
12 int Col = bx * TILE WIDTH + tx;
13
14 // Loop over the M and N tiles required to compute P element
15 float Pvalue = 0;
16 for (int ph = 0; ph < Width/TILE WIDTH; ++ph) ({
17
18 // Collaborative loading of M and N tiles into shared memory
iLe Mds [ty] [tx] = M[Row*Width + ph*TILE WIDTH + tx];
20 Nds[ty] [tx] = N[ (ph*TILE WIDTH + ty)*Width + Col];
21 — ST) 7
2.2
23 for (int k = 0; k < TILE WIDTH; ++k) {
24 Pvalue += Mds([ty] [k] * Nds[k] [tx];
25 }
26 __syncthreads() ;
27
28 }
29 P[Row*Width + Col] = Pvalue;
30
3! }




Let TILE_WIDTH=2

L |
I I|Ed '\/I I\/l Ke rHE| 02 __global  void matrixMulKernel (float* M, float* N, float* P, int Width) {
03
04 __shared  float Mds[TILE WIDTH] [TILE WIDTH] ;
h_1 05 __shared  float Nds[TILE WIDTH] [TILE WIDTH];
p - 06
07 int bx = blockIdx.x; int by = blockIdx.y;
08 int tx = threadIdx.x; int ty = threadIdx.y;
Pva]ueoo += 09
*‘ 10 // Identify the row and column of the P element to work on
MdS().O Ndso~0+ 11 int Row = by * TILE WIDTH + ty;
’ _ . n .
MdSO *Nds 3 12 int Col bx TILE WIDTH tx
i | 1 13
14 // Loop over the M and N tiles required to compute P element
Pvalue().l += 185 float Pvalue = 0;
16 for (int ph = 0; ph < Width/TILE WIDTH; ++ph) {
MdS *NdSO T -
0.0 | 17
MdSO I*Ndsll 18 // Collaborative loading of M and N tiles into shared memory
’ ’ 19 Mds [ty] [tx] = M[Row*Width + ph*TILE WIDTH + tx];
B 20 Nds [ty] [tx] = N[ (ph*TILE WIDTH + ty)*Width + Col];
Pvalue],o = 21 __syncthreads () ;
MdSl O*NdSO 0+ 22
’ ” ’ 23 for (int k = 0; k < TILE WIDTH; ++k) {
Mdsl.l NdSLO 24 Pvalue += Mds[ty] [k] * Nds[k][tx];
25 }
PValuel_l 4= ;j __syncthreads() ;
Mdsl.O*NdSO.l + 28 }
29 P[Row*Width + Col] = Pvalue;
Mds, ,*Nds, , : ]
> > 30
3! }




: Let TILE_WIDTH=2
TI | Ed M M Ke rnE| 02 __global__ void matrixMulKernel (float* M, float* N, float* P, int Width) {

03
04 __shared  float Mds[TILE WIDTH] [TILE WIDTH] ;
05 __shared  float Nds([TILE WIDTH] [TILE WIDTH];
06
07 int bx = blockIdx.x; int by = blockIdx.y;
I 1 08 int tx = threadIdx.x; int ty = threadIdx.y;
Given an arbitrary o
I 10 // Identify the row and column of the P element to work on
TILE_WIDTH, and arbitrary  *° e Mtk g
i 2 int Col = bx * TILE WIDTH + tx;
Width, what must the kernel 2
1 I i 1 14 // Loop over the M and N tiles required to compute P element
invocation look like (i.e. what MR
16 for (int ph = 0; ph < Width/TILE WIDTH; ++ph) {
are the arguments to the -
I(Earr]eal)’? 18 // Collaborative loading of M and N tiles into shared memory
- 19 Mds[ty] [tx] = M[Row*Width + ph*TILE WIDTH + tx];
20 Nds [ty] [tx] = N[ (ph*TILE WIDTH + ty)*Width + Col];
2l __syncthreads() ;
2.2
23 for (int k = 0; k < TILE WIDTH; ++k) {
24 Pvalue += Mds([ty] [k] * Nds[k] [tx];
25 }
26 __syncthreads() ;
27
28 }
29 P[Row*Width + Col] = Pvalue;
30




: Let TILE_WIDTH=2
TI | Ed I\/I M Ke rHE| 02 __global__ void matrixMulKernel (float* M, float* N, float* P, int Width) {

03
04 _shared_ float Mds[TILE WIDTH] [TILE_WIDTH];
05 __shared  float Nds[TILE WIDTH] [TILE WIDTH];
06
07 int bx = blockIdx.x; int by = blockIdx.y;
I 1 08 int tx = threadIdx.x; int ty = threadIdx.y;
Given an arbitrary o
I 10 // Identify the row and column of the P element to work on
TILE_WIDTH, and arbitrary  *° e Mtk g
I 12 int Col = bx * TILE WIDTH + tx;
Width, what must the kernel 2
1 I 1 I 14 // Loop over the M and N tiles required to compute P element
invocation look like (i.e. what MR
16 for (int ph = 0; ph < Width/TILE WIDTH; ++ph) ({
are the arguments to the -
I(Earr]eal)’? 18 // Collaborative loading of M and N tiles into shared memory
- 19 Mds[ty] [tx] = M[Row*Width + ph*TILE WIDTH + tx];
20 Nds[ty] [tx] = N[ (ph*TILE WIDTH + ty)*Width + Coll;
. ] . 21 __syncthreads() ;
int sz = ceil(Width/TILE_WIDTH) 22
. . 23 for (int k = 0; k < TILE WIDTH; ++k) {
d|m3 a(SZ’ SZ)’ 24 Pvalue += Mds[ty] [k] * Nds[k][tx];

dim3 b(TILE_WIDTH, TILE_WIDTH);  2s )

MatrixMulKernel<<<a, b>>>(M, N, P, ~ °° — R

Width); 28 )
29 P[Row*Width + Col] = Pvalue;
30
31 }



: Let TILE_WIDTH=2
TI | Ed I\/I M Ke rHE| 02 __global__ void matrixMulKernel (float* M, float* N, float* P, int Width) {

03
04 __shared  float Mds[TILE WIDTH] [TILE WIDTH] ;
05 __shared  float Nds[TILE WIDTH] [TILE WIDTH];
06
07 int bx = blockIdx.x; int by = blockIdx.y;
08 int tx = threadIdx.x; int ty = threadIdx.y;
09
10 // Identify the row and column of the P element to work on
What is the best possible 1 iat Row = by * TILE WIDIH + ty;

12 int Col = bx * TILE WIDTH + tx;

TILE_WIDTH we can >

—_ 14 // Loop over the M and N tiles required to compute P element
practically choose? - flost Bvaluc - 0

16 for (int ph = 0; ph < Width/TILE WIDTH; ++ph) {
17
18 // Collaborative loading of M and N tiles into shared memory
iLe Mds [ty] [tx] = M[Row*Width + ph*TILE WIDTH + tx];
20 Nds[ty] [tx] = N[ (ph*TILE WIDTH + ty)*Width + Col];
21 __syncthreads() ;
22
23 for (int k = 0; k < TILE WIDTH; ++k) {
24 Pvalue += Mds([ty] [k] * Nds[k] [tx];
25 }
26 __syncthreads() ;
27
28 }
29 P[Row*Width + Col] = Pvalue;
30
3! }



: Let TILE_WIDTH=2
TI | Ed I\/I M Ke rHE| 02 __global__ void matrixMulKernel (float* M, float* N, float* P, int Width) {

03
04 __shared  float Mds[TILE WIDTH] [TILE WIDTH] ;
05 __shared  float Nds[TILE WIDTH] [TILE WIDTH];
06
07 int bx = blockIdx.x; int by = blockIdx.y;
08 int tx = threadIdx.x; int ty = threadIdx.y;
09
10 // Identify the row and column of the P element to work on
What is the best possible 1 iat Row = by * TILE WIDIH + ty;

12 int Col = bx * TILE WIDTH + tx;

TILE_WIDTH we can >

—_ 14 // Loop over the M and N tiles required to compute P element
practically choose? - flost Bvaluc - 0
16 for (int ph = 0; ph < Width/TILE WIDTH; ++ph) {
17
18 // Collaborative loading of M and N tiles into shared memory
iLe Mds [ty] [tx] = M[Row*Width + ph*TILE WIDTH + tx];
53:2 20 Nds[ty] [tx] = N[ (ph*TILE WIDTH + ty)*Width + Col];

21 __syncthreads() ;
22
23 for (int k = 0; k < TILE WIDTH; ++k) {
24 Pvalue += Mds([ty] [k] * Nds[k] [tx];
25 }
26 __syncthreads() ;
27
28 }
29 P[Row*Width + Col] = Pvalue;
30
3! }



Tiling on the A100

J Recall that our earlier compute Transistor Count 54 billon
. . Die Size 826 mm?
iIntensity was .25FLOP/B P64 CUDA Cores 5 456

. . . FP32 CUDA Cores 6,912
J What is our new compute intensity T =
. Streaming Multiprocessors 108
with a TILE_WIDTH of 2? — —
o) FP64 Tensor Core 19.5 teraFLOPS
FP32 19.5 teraFLOPS
TF32 Tensor Core 156 teraFLOPS | 312 teraFLOPS*
BFLOAT16 Tensor Core 312 teraFLOPS | 624 teraFLOPS*
FP16 Tensor Core 312 teraFLOPS | 624 teraFLOPS*
INT8 Tensor Core 624 TOPS | 1,248 TOPS*
INT4 Tensor Core 1,248 TOPS | 2,496 TOPS*
GPU Memory 40 GB
GPU Memory Bandwidth 1.6 TB/s
NVLink 600 GB/s
Interconnect PCle Gen4 64 GB/s
Multi-Instance GPUs Various Instance sizes with up to 7MIGs @5GB
Form Factor 4/8 SXM GPUs in HGX A100
Max Power 400W (SXM)




Tiling on the A100

J Recall that our earlier compute Transistor Count 54 billon
. . Die Size 826 mm?
iIntensity was .25FLOP/B P64 CUDA Cores 5 456

. . . FP32 CUDA Cores 6,912
J What is our new compute intensity T =
. Streaming Multiprocessors 108
with a TILE_WIDTH of 27 — —
o) ) 5 FLO p/ B FP64 Tensor Core 19.5 teraFLOPS
FP32 19.5 teraFLOPS
D 4’ 8' ’| 67 TF32 Tensor Core 156 teraFLOPS | 312 teraFLOPS*
BFLOAT16 Tensor Core 312 teraFLOPS | 624 teraFLOPS*
O FP16 Tensor Core 312 teraFLOPS | 624 teraFLOPS*
INT8 Tensor Core 624 TOPS | 1,248 TOPS*
INT4 Tensor Core 1,248 TOPS | 2,496 TOPS*
GPU Memory 40 GB
GPU Memory Bandwidth 1.6 TB/s
NVLink 600 GB/s
Interconnect PCle Gen4 64 GB/s
Multi-Instance GPUs Various Instance sizes with up to 7MIGs @5GB
Form Factor 4/8 SXM GPUs in HGX A100
Max Power 400W (SXM)




Tiling on the A100

\ H Peak Performance

J Recall that our earlier compute Transistor Count 54 bllon
. . Die Size 826 mm?
iIntensity was .25FLOP/B P64 CUDA Cores 5 456

. . . FP32 CUDA Cores 6,912

J What is our new compute intensity T =

. 7 Streaming Multiprocessors 108
with a TILE_WIDTH of 2* — —
o) 5 FLO p/ B FP64 Tensor Core 19.5 teraFLOPS

FP32 19.5 teraFLOPS
D 4’ 8' ’| 67 TF32 Tensor Core 156 teraFLOPS | 312 teraFLOPS*
BFLOAT16 Tensor Core 312 teraFLOPS | 624 teraFLOPS*
o 4 — 1FLOP/B FP16 Tensor Core 312 teraFLOPS | 624 teraFLOPS*
INT8 Tensor Core 624 TOPS | 1,248 TOPS*
@) 8 — 2 FLO P/ B INT4 Tensor Core 1,248 TOPS | 2,496 TOPS*
GPU Memory 40 GB

o 16— 4FLOP/B GPU Memory Bandwidth 1.6 TB/s

3 New Execution throughput with PCle Gand 64 GB/5
_ Multi-Instance GPUs Various Instance sizes with up to 7MIGs @5GB
1'600 GB/S and TILE—WIDTH_1 6? Form Factor 4/8 SXM GPUs in HGX A100
0O Max Power 400W (SXM)




Tiling on the A100

\ H Peak Performance

J Recall that our earlier compute Transistor Count 54 bllon
. . Die Size 826 mm?
iIntensity was .25FLOP/B P64 CUDA Cores 5 456

. . . FP32 CUDA Cores 6,912

J What is our new compute intensity T =

. 7 Streaming Multiprocessors 108
with a TILE_WIDTH of 2* — —
o) 5 FLO p/ B FP64 Tensor Core 19.5 teraFLOPS

FP32 19.5 teraFLOPS
D 4’ 8' ’| 67 TF32 Tensor Core 156 teraFLOPS | 312 teraFLOPS*
BFLOAT16 Tensor Core 312 teraFLOPS | 624 teraFLOPS*
o 4 — 1FLOP/B FP16 Tensor Core 312 teraFLOPS | 624 teraFLOPS*
INT8 Tensor Core 624 TOPS | 1,248 TOPS*
@) 8 — ZFLO P/ B INT4 Tensor Core 1,248 TOPS | 2,496 TOPS*

GPU Memory 40 GB

o 16— 4FLOP/B GPU Memory Bandwidth 1.6 TB/s

3 New Execution throughput with PCle Gand 64 GB/5
_ Multi-Instance GPUs Various Instance sizes with up to 7MIGs @5GB
1'600 GB/S and TILE—WIDTH_1 6? Form Factor 4/8 SXM GPUs in HGX A100

o 6,400 GFLOPS Max Power 400W (SXM)




How can we apply boundary checking to this
kernel?




]
BO LI n d ar\/ C h ec kl n g 02 __global  void matrixMulKernel (float* M, float* N, float* P, int Width) {

03

04 __shared  float Mds[TILE WIDTH] [TILE WIDTH];

05 __shared  float Nds[TILE WIDTH] [TILE WIDTH];

06

07 SnEs bxd=Nblleck icixtxMNnENbva=Sbilockldxy;

08 int tx = threadIdx.x; int ty = threadIdx.y;

09

10 // Identify the row and column of the P element to work on
11 int Row = by * TILE WIDTH + ty;

12 int Col = bx * TILE WIDTH + tx;

13

14 // Loop over the M and N tiles required to compute P element
15 float Pvalue = 0;

16 for (int ph = 0; ph < Width/TILE WIDTH; ++ph) ({

17

18 // Collaborative loading of M and N tiles into shared memory
e Mds[ty] [tx] = M[Row*Width + ph*TILE WIDTH + tx];

20 Nds[ty] [tx] = N[ (ph*TILE WIDTH + ty)*Width + Col];

21 __syncthreads() ;

22

25 for (int k = 0; k < TILE WIDTH; ++k) {

24 Pvalue += Mds[ty] [k] * Nds[k] [tx];

25 }

26 __syncthreads();

21

28 }

29 P[Row*Width + Col] = Pvalue;

30

2il! }



]
B O LI n d ar\/ C h ec kl n g 02 __global  void matrixMulKernel (float* M, float* N, float* P, int Width) {

03
04 __shared  float Mds[TILE WIDTH] [TILE WIDTH];
05 __shared  float Nds[TILE WIDTH] [TILE WIDTH];
06
07 SnEs bxd=Nblleck icixtxMNnENbva=Sbilockldxy;
// Loop over the M and N tiles required to compute P element 08 int tx = threadIdx.x; int ty = threadIdx.y;
float Pvalue = 0; 09
for (AaE ph = U @i < il (i (Eleee) Yk, T g sEh) { 10 // Identify the row and column of the P element to work on
// Collaborative loading of M and N tiles into shared memory 11 int Row = by * TILE WIDTH + ty;
if ((Row < Width) && (ph*TILE WIDTH+tx) < Width) 12 int Col = bx * TILE WIDTH + tx;
Mds[ty] [tx] = M[Row*Width + ph*TILE WIDTH + tx]; 13
slse Mesley] [8e]) = 0.0 14 // Loop over the M and N tiles required to compute P element
if ((ph*TILE WIDTH+ty) < Width && Col < Width) A
Nds[ty] [tx] = N[ (ph*TILE WIDTH + ty)*Width + Coll; 15 float pPvalue = 0;
else Nds[ty] [tx] = 0.0f; 16 for (int ph = 0; ph < Width/TILE_WIDTH,‘ ++ph) {
__syncthreads () ; 17
18 // Collaborative loading of M and N tiles into shared memory
for (int k = 0; k < TILE WIDTH; ++k) { 19 o D e e .
Pvalue += Mds[ty][k] * Nds([k] [tx]; s[tyl [€x] = M[Row*Widt B = tx];
} 20 Nds [ty] [tx] = N[ (ph*TILE WIDTH + ty)*Width + Col];
__syncthreads () ; 21 __syncthreads() ;
2.2
} : — B 5
if (Row < Width) && (Col < Width) 28 for (int k = 07 k < TILE WIDTH; ++k) {
P[Row*Width + Col] = Pvalue; 24 Pvalue += Mds([ty][k] * Nds[k][tx];
25 }
26 __syncthreads();
20
28 }
29 P[Row*Width + Col] = Pvalue;
30
2il! }



A100 MatMul Kernel Occupancy

__shared  float Mds([TILE WIDTH] [TILE WIDTH] ;

[ Consider the Kernel we just et e e s
developed in lecture on an A100

d The A100 has a limitation of 164KB
of shared memory/SM, with a
maximum of 2048 threads/SM

A Therefore, the maximum shared
memory per thread is 164KB/2048
= 82B/thread

Jd Each block in our kernel has
(TILE_WIDTH * TILE_WIDTH)
threads



A100 MatMul Kernel Occupancy

3 Consider the Kernel we just s
developed in lecture on an A100

d The A100 has a limitation of 164KB (4B * TILE_WIDTH? +
of shared memory/SM, with a 4B * TILE_WIDTH?)
maximum of 2048 threads/SM per block

4 Therefore, the maximum shared (8B * TILE_WIDTH?)/
memory per thread is 164KB/2048 (TILE_WIDTH®)
= 82B/thread 8B/tr:read

d Each block in our kernel has
(TILE_WIDTH * TILE_WIDTH) Not limited by
threads shared memory



A100 General Example

(J Suppose instead that we have a
kernel which has threadblocks
which each use 32KB of memory

1 Additionally, assume each
threadblock contains 256 threads

d Recall that the limitation is
82B/thread



A100 General Example

(J Suppose instead that we have a (25(2%52/;)(;275)02,()

kernel which has threadblocks
which each use 32KB of memory

1 Additionally, assume each

132 B/thread

threadblock contains 256 threads Limited by
d Recall that the limitation is Memory
82B/thread



A note on cuBLAS/CUTLASS

[ For many algorithms, you can use existing kernels from libraries such
as cuBLAS or CUTLASS

1 These algorithms have many more optimizations (some of which we
will cover in more detail)

3 They are highly tuned to the specific hardware (implementations may
differ based on A100 vs. H100 vs. etc.)

 In practical settings for many common algorithms, you should start
here, then work to build your own



Examples

1. Consider matrix addition. Can one use shared memory to reduce the
global memory bandwidth consumption? Hint: Analyze the elements that

are accessed by each thread and see whether there is any commonality
between threads.




Examples

4. Assuming that capacity is not an issue for registers or shared memory, give
one important reason why it would be valuable to use shared memory
instead of registers to hold values fetched from global memory? Explain
your answer.

5. For our tiled matrix-matrix multiplication kernel, if we use a 32 X 32 tile,
what is the reduction of memory bandwidth usage for input matrices M
and N?

6. Assume that a CUDA kernel is launched with 1000 thread blocks, each of
which has 512 threads. If a variable is declared as a local variable in the
kernel, how many versions of the variable will be created through the
lifetime of the execution of the kernel?

7. In the previous question, if a variable is declared as a shared memory
variable, how many versions of the variable will be created through the
lifetime of the execution of the kernel?



Examples

8. Consider performing a matrix multiplication of two input matrices with
dimensions N X N. How many times is each element in the input matrices
requested from global memory when:

a. There is no tiling?

h. Tiles of size T X T are used?




Examples

a. How many versions Of the variable i OIS Gitob 21V o ild S Eo olike rn IR ((E lfoa E ~Nayil Elloa EaR L) I
are there'? 02 unsigned int i = blockIdx.x*blockDim.x + threadIdx.x;
) 03 float x[4];

. 04 __shared  float y s;
b. How many versions of the array X[] 05 T chared Float boa[l281
are there? 06 for (unsigned int j = 0; j < 4; ++3) {

. . 07 2 [ N=ra [ bllockbDim$x? grildDime x|
c. How many versions of the variable 08 }
y_s are there? 09 if (threadldx.x —= 0) {

110 W8 = TodhEg
d. How many versions of the array 1] }
b S[] are there? 12 RSt hire adids S B =8 i1
- 113 W synethreadsi()s;
e. What is the amount of shared 14 b[i] = 2.5f*x[0] + 3.7f*x[1] + 6.3f*x[2] + 8.5f*x[3]
. 15 £ va s biisi[threadidxux |t bEsi(thtead idSxa =N 3)Es 152 81F;
memory used per block (in bytes)? 6
. , . 17 void foo(int* a d, int* b d) ({

f. What is the floating-point to global v unsigned int N = 1024;
memory access ratio of the kernel (in 19 foo_kernel <<< (N + 128 - 1)/128, 128 >>>(a_d, b_d);
OP/B)? 20 )



