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GEMM Learning

Content Level

* 1. What is HGEMM * Beginner
« GEMM -> SGEMM -> HGEMM (Lab1)
» Parallel SGEMM (Lab2)

- 2. CUDA * Medium

« CUDA 101 (Lab3)
» Tensor Core (Lab4)

* 3. Profiler: Nsight « Hard
* Nsys
« NCU (Lab5)



* General Matrix Multiplication
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GEMM’s history: BLAS »

BLAS level 1 (1979) vector-vector operations
y<—ar+y

BLAS level 2 (1988)  matrix-vector operations
y +— aAzx + By GEMV

BLAS level 3 (1990)  matrix-matrix operations

Jack Dongarra Cedar Computer 1985
C «— aAB o+ /Bca

GEMM

Basic Linear Algebra Subprograms (BLAS) is a
specification that prescribes a set of low-level
routines for performing common linear algebra

operations such as vector addition, scalar ‘\ .
multiplication, dot products, linear combinations, MATLAB

and matrix multiplication.

Py
o e (intel)

NZ:NumPy () Py



GEMM’s APl »

Level 3 BLAS: matrix-matrix, O(n’) operations

types name ( options

size  arguments ) description equation flops

data

s,d,c,z gemm (

transA, transB, m, n, k, alpha, A, 1dA, B, IdB, beta, C, 1dC )  general matrix-matrix multiply C = aA*B* + 3C 2mnk

Parameter | _Meaning

A B
C
M, N, K

a, B
|da, Idb, Idc

Input matrices
Output matrix (may contain initial values)
Matrix dimensions: AIMxK], B[KxN], C[MxN]
Scalars: C = aAB + 3C
Leading dimensions (row stride for 2D arrays)

C A

2 i
M = X . K

mk +nk +mn



« Single precision General Matrix Multiplication

public static void sgemm(int M, int N, int K,
float alpha, float[][] A,
float[][] B, float beta,
float[][] ©) {

for (int i =0; i < M; i++) {
for (int j = 0; j < N; j++) {
float sum = 0.067F;
for (int k = 0; k < K; k++) {
sum += A[i]J[k] * B[k][3];
}
C[i][3j] = alpha * sum + beta * C[i][]j];

(AB);; = Z @irbrj = @i1b15 + @izbgj + -+ - + Qi bnj.
p=1

public static void main(String[] args) {

int M=2, K= 3, N=2;
float alpha = 1.6f;
float beta = 6.0T;

float[][] A = {
{1F; 2F; 3F);
{4f, 5f, 6F}
}s

float[][] B = {

{7f, &f},
{9f, 1o},
{11f, 12f}
¥
float[][] C = new float[M][N]; // Zero-initializea

sgemm(M, N, K, alpha, A, B, beta, C);

Print result

System.out.println("Result C =");
for (int i =@; 1 < M; i++) {
for (int j = ©; j < N; j++) {
System.out.printf("%8.2f", C[i][j]);
} C

System.out.println();




Double precision General Matrix Multiplication

public static void dgemm(int M, int N, int K,
double alpha, double[][] A,
double[][] B, double beta,
double[][] C) {

for (int 1 = 0; i < M; i++) {
for (int j = ©; j < N; j++) {
double sum = ©.06;
for (int k = 9; k < K; k++) {
sum += A[i][k] * B[k][]3];
}
C[i][j] = alpha * sum + beta * C[i][]];



Simplified DGEMM

Important Note

* Note: In this competition, you are allowed
to use the simplified version of matrix
public static void dgemm(int M, int N, int K, mU|t|pI|Cat|On C =A X B

double[ ][] A, double[][] B, double[][] C) { .
e e o  That means you do not need to include
the scalar values alpha and beta as in

for (int j = 08; j < N; j++) {

C[i1[5] = ©.6; the full GEMM formula (C = aAB + 3C).
for (int k = ; k < K; k++) { Just compute the product of matrix A and
C[i1[3] += A[il[k] * B[KI[3]; matrix B directly and store the result in

} matrix C.

 Whether M, N, and K are passed as
} function parameters is not required



What’s the difference between float and double?

&) A3 nniy
Floating Point Standard

 Defined by IEEE Std 754-1985

*Developed in response to divergence of
representations
* Portability issues for scientific code
* Now almost universally adopted

* Two representations
* Single precision (32-bit)
* Double precision (64-bit)




What’s the difference between float and double?

2) A3

IEEE Floating-Point Format

Example 1: Decimal to FP

) ALty

+ 1. Xxxxxxx, X 2Y

single: 23 bits
double: 52 bits

single: 8 bits
double: 11 bits

S| Exponent (y+Bias) Fraction (xxxx)

x = (—1)° x(1+Fraction) x 2(=xrenent-5as)

* S: sign bit (0 = non-negative, 1 = negative)
« Normalize significand($1 £k B #F)
* 1.0 = |significand| < 2.0

» Always has a leading pre-binary-point 1 bit, so no need to represent it
explicitly (hidden one)

« Significand is Fraction with the “1.” restored
* Exponent: excess representation: actual exponent (y) + Bias

» Ensures exponent is unsigned
+ Single: Bias = 127; Double: Bias = 1023

Lab01 Float Converter

* Represent -0.75
« —0.75, = (1) X 1.1, X 21
«S=1
* Fraction = 1000...00,
* Exponent = —1 + Bias
+ Single: -1 + 127 =126 = 01111110,
* Double: -1 + 1023 = 1022 = 01111111110,

* Single: 1_01111110_1000...00

Exercise: Represent
24.5,.,, in single-
precision FP

- Sign bit=?

- Fraction = ?

- Exponent = ?,_,

23bits
* Double: 1 01111111110 _1000...00
52bits
Recall:
+127

True exponent « Exponent in register

127


https://flop.evanau.dev/float-converter

FP64, FP32, FP16

Format of Floating points
|EEE754

¥EEFSH 16 bit FLEITEIIETS:

—_— Half-precision EX3 ——
|
3 Biased Exponel raction (Significand
1 bit 5 bits (k = 5) 19 bits
16 15 14 13 12 1" 1@ s & T B 5 d4 3 2 1
= -27.15625

1[e[1]1]e]e[1]e[1]0

exponent fraction
sign (11 bit) (52 bit)
Il I
0 o) o ] : ;
63 52 0 . : -
-1 x 2 x (2+0.697265625) = -27.15625

sign exponent (8 bits) fraction (23 bits)
|

|

|?|o]1|1]1|1|1|o]?io[1]o]o[o[o|o[o]o|o|o]o]o]o[o]o]o|o|o|o|olo[?l = 0.15625

31 30 2322 (bit index) 0
exponent fraction
sign (5 bit) (10 bit)
| ] |
o] (o] o]
15 10 0

FP16

Exponent Mantissa/Significand

24 1.53125
19 544
VEEREYEEEENR




What’'s HGEMM

#include "half.hpp"

public static void hgemm(short[][] A, short[][] B, short[][] C, int M, int N, int K) {

for (int 1 = 8; 1 < M; i++) {

for (int j = @; j < N; j++) { 8 using half_float::half;
float sum = @.0f;
for (int k = @; k < K; k++) { 10 v hgemm(int M, int N, int
float a = toFloat(A[i][k]); t half* A, const half’ half* C) {
float b = toFloat(B[k][3]1); 15 =103 ¢ M1 i)

j = @ J < N; ++j
sum = 0.0f;

sum += a * b;

C[i][j] = toFP16(sum);

>(A[1 * K + Kk])
} st<float>(B[k * N + j]);

} 18 C[i * N+ j] = half(sum);

half: Half-precision floating-point library



https://half.sourceforge.net/
https://half.sourceforge.net/
https://half.sourceforge.net/
https://half.sourceforge.net/
https://half.sourceforge.net/

Parallelizing HGEMM using OpenMP #

#include <omp.h>

using half_float::half;

oid hgemm(int M, int N, int K,
const half* A, const half* B, half* C) {

#pragma omp parallel for collapse(2)

for (int i = @; i < M; ++i)f]
for (int j = @; j < N; ++j)
float sum = 0.0f;
for (int k = 8; k < K;
sum += st 2o loat
* o _cast at>(B[k * N + j]);
C[i * N + j] = half(sum);

Core Core

Core Core

Cache Cache

Cache Cache

L3 Cache

L3 Cache

Main Memory




(& hInuL
Set Associative Cache Organization
Address 4KB cache, 1word/block
OX140E g 3"""2”1 pr9035’0'3ﬁ]’1§| To what set number does
""""" Tz & . sgﬁ:‘;nest A address 0x140E map?
— ]Loﬁset blocks BIKIOL, BIK]I[+1], ..., B[K][+19]
Hndex V Tag Data V Tag Data V Tag Data V Tag Data Offset Iogz(4byte) = 2bit3
0 #blocks: 4KB/4B = 1K blocks
_ 2 #sets: 1K blocks/4 way = 256
| 253 L= : I = Lt =l _Sets ) Core Core
254 index: log,(256sets) = 8bits
255
J22 (32 T ?
tag|=5 = [ TETA T
ag 1 y j! L Ox140E, = 1010000001119“0 _4}_ = -ﬁ— aram
%’ tag index offset lcrA & lorA [ jora
L Cache Cache
1 ™ 0 tag index offset
a1 10 9 21 E T T
0 | [ 5138 | Ooeevrieennn. 101 ] 00000011 | 10 o e ]
- ; ; 22 bit 8 bit: 2 bi |
ETJ 4-to-1 multiplexor) |5134f4_1 y s e RS ; its cia T
v 1283 | O.vvvvnnnnn... 101 | 00000011 | ] Kg—
Hit Data 0 o 256 1 22 bits 8 bits SattiE A Nt
Increasing associativity For Intemal Use Only! 3 |_00000011 |
shrinks index, expands tag 8 bits
. Block size | cache hit | memor
Find a balance: ! ! y i

Block size 1 cache hit 1 memory 1



Matrix Tiling technique Original

void hgemm_blocked(const _ fpl6* A, const _ fplé* B, _ fpl6* C,
int M, int N, int K) {
for (int i@ = 8; i@ < M; i@ += BLOCK_SIZE) {
for (int j@ = 8; j@ < N; j@ += BLOCK_SIZE) {

for (int k@ = @; ke < K; k@ += BLOCK_SIZE) {
. A B ouTt

for (int i = i@; i < std::min(i@ + BLOCK_SIZE, M); ++i) { C[l][_l] 4= A[l][k] % B[k][]]
for (int j = j@; j < std::min(j@ + BLOCK_SIZE, N); ++j) { ’
float sum = @.6f;
for (int k = k@; k < std::min(ke + BLOCK_SIZE, K); ++k) {
float a = static_cast<float>(A[i * K + k]);
float b = static_cast<float>(B[k * N + j]);

sum += a * b; MatriX Tiling

}

if (ke == @) {
C[i * N + j] = static_cast<__ fpl6>(sum);

} else {
float ¢ = static_cast<float>(C[i * N + j]); ® —]
C[i * N + j] = static cast<_ fple>(c + sum);

}

}
} } A B out
} <> N Lo, v iy oy

BIkk]Lj], BIkk][j+1], Blkk][j+2], BIkK][jj+3],

Blkk+1][jj], B[kk+11[jj+1], ...




=3

Utilize Memory Access Pattern AN A

ci

For Raising Cache hit closer

= Q

Cl

void hgemm_blocked(const _ fplé* A, const _ fplé* B, _ fple* C, Matl'iXA Matrix B Matl'iX C
int M, int N, int K) {
for (int i@ = 8; i@ < M; i@ += BLOCK_SIZE) {
for (int j@ = @; j@ < N; j@ += BLOCK_SIZE) {
for (int k@ = @; k@ < K; k& += BLOCK_SIZE) {

for {int i = i0; i ¢ std::min(i® + BLOCK_SIZE, M); ++i}) { Core Core

for (int j = j@; j < std::min(j@ + BLOCK_SIZE, N); ++j) {
float sum = ©.@f;

for (int k = k@; k < std::min(ke + BLOCK SIZE, K); ++k) { A

float a = static_cast<float>(A[1 * K + k]);

float b = static_ca

st<float>(B[k * N + j]); I

sum += a * b;

} o o e
if (ke == 8) {

C[i * N + j] = static_cast<_ fplé>(sum); WA A CI‘A

} else {

float ¢ = static_cast<float>(C[i * N + j]); CaChe CaChe

C[i * N + j] = sta

ic_cast<_ fpl6>»(c + sum);

< assust

} Example (cont.)

= Given: After adding L-2 cache q ? q
} - L2 cache Access fime = 5ns

» L2 global miss ratefinstruction = 0.5%

Registars
} + Sclution 1, calculate based on Global miss rate ’
(The fraction of referencas thal miss in all levals): 11 Cacha
} = L-1 misa {2%) first nead to access the L2 cache 1 cycle el I lo ry
= Panalty = 5n2/0.25ns = 20 cycles global miss 2%
} + L1 miss with L-2 alsa miss (0.5%)

« Exira penalty = 400 cycles i Cache
« Effective CPI = 1 + 2% %20 + 0.5% X 400 = 3.4 20 cycles

- Speedup = 334 =26 global miss 0.5% I(/ |l A

* Solution 2, caleulate based on Loc 5 rate (The

.
fraction of references to one level of a cache that miss) Memory M mx - 4
La b02 . pe rf « 1.2 local miss ratefinstruction = 0, 59/2% = 25% 400 cycles a A Matl'lx B

+ Effect CPI =1 + 2% % (20 + 25% % 400) = 3.4

perf stat -e cache-misses,cache-references,dTLB-load-misses



TLB sometimes can be a bound!

TLB Text

1
.
Instruction : - —jes — =
I PTER
| | ]
1
1

Segmentation Fault oo ‘ I o _)_
| |
I
CPU ----> .
Page Table [ .- Cache +-- Memory

I Cache Page

! : b User Process Replacement

[ | I

| |

Ring re
pekic miss

A .
| |
j 1
| 1
I It !

age fau
: e Page Fault !
|
| I
|
I
I
I
I
I
I
|
|
I
I
I
I

OS5: PCB etc

Page Fault Routine

expensive
A

CPU System Bus

Data Flow

cheap



https://zhuanlan.zhihu.com/p/69700540
https://zhuanlan.zhihu.com/p/69700540
https://zhuanlan.zhihu.com/p/69700540

SOSP24: Powerinfer #
Utilize Memory Access Pattern i mows  (Prdedled o CPU L GPU —— Cacutin

Activation “—Core -~ SM  <— Loading

PowerlInfer: Fast Large Language Model Serving with a
Consumer-grade GPU

Yixin Song, Zeyu Mi, Haotong Xie and Haibo Chen
Institute of Parallel and Distributed Systems, SEIEE, Shanghai Jiao Tong University

4 hot
8 BoolQ 1 5
5, TruthfulQA - §
= G oA - g ; T
© o REeay T Offline ; Online
PIQA' P=d . . .
. | 3 Figure 7. The architecture and inference workflow of Pow-
eneral 0
0+ @
0 25 50 75 100 0 25 50 75 100 °¢ erinfer.
Neuron Proportion(%) Neuron Proportion(%) o
(a) (b)
Figure 5. Activation frequency in OPT-30B. (a) The activation 3! Calevlats & Merge
frequency of neurons in different layers. The Y-axis represents the C') é é
. . . x . i Offline_
layer id. (b) The activation frequency of neurons in different tasks 5 ' Spiit * 3 ¥ %
: ; | 3 .
for 30th layer. The Y-axis represents the tasks. The X-axis shows ; Activate
neuron pI’OpOI’tiOl’l. E ' | Online Predictor |
| Wpppeg® |
Layen | Layer Input |

Figure 8. An illustrative example shows how Powerlnfer

Powerlnfer: Fast Large Language Model Serving with a Consumer-grade calculates different neurons for one LLM layer.
GPU



https://arxiv.org/pdf/2312.12456
https://arxiv.org/pdf/2312.12456
https://arxiv.org/pdf/2312.12456
https://arxiv.org/pdf/2312.12456
https://arxiv.org/pdf/2312.12456

/] AR HECImm+8, n:in+8] += A[m:m+8, k:k+K] x B[k:k+K, n:n+8]
#  void hgemm_kernel avx2(const floatlé t* A, const floatle t* B, float* C,
U - [ T 1] - int M, int N, int K, int lda, int 1db, int 1ldc,
slng spec ﬂlc hardware. slMD l int m_start, int m_end, int n_start, int n_end) {
for (int m = m_start; m < m_end; m += 8) { // BT
for (int n = n_start; n < n_end; n += 8) { // iR IEsT|
/7 EIEE: FP32, 8x8FHR
_ m256 acc[8][8];
for (int 1 = @; 1 < 8; ++1)

Instruction Streams

for (int j = ©; j < 8; ++3j)

one many
acc[i][j] = _mm256_setzero_ps();
il MISD /K
£ £ | traditional von for (int k = 05 k < K; 40 {
= ; i i // InEams T EP1slE (—1T)
8 Neumann single May be pipelined m128i a_ph[8];
n PR . . .
© CPU computer Computers for (int i=0; <88k m+icH; )
-.(E a_ph[i] = _mm_loadu_si128(
i SIMD MIMD reinterpret_cast<const _ ml28i*>(&A[(m + i) * lda + k]));
}
=
& | Vector processors ,
B _ _ Multi computers /1 HghekistFR16E (—7)
fine grained data ; __m28i b_ph[8];
it : Multiprocessors for (int 5 =0; 5 <BE&& N+ j < Ny ++5) {
arallel computers b_ph[] = _mm_loadu_si128(

reinterpret_cast<const _ ml128i*>(&B[k * 1ldb + n + j1));
}

/1 EHRAFPRAETE
for (int 1 =8; 1 < 8 && m+ 1 < M; ++1) {
_ m256 a_ps = _mm256_cvtph _ps(a_ph[i]); // FP16 -» FP32
for (int § =0; j <8 && n + j < N; ++j) {
_ m256 b_ps = _mm256_cvtph_ps(b_ph[j]);

acc[i][j] = _mm256_fmadd_ps(a_ps, b_ps, acc[i][j]);

—_—
(= )
£ y
)
U float* acc_ptr = reinterpret_cast<float*>(&acc[i][]]);
for (int 1 = 0; 1 < 8; ++1) {

SISD SlMD Cl(m + i) * 1de + (n + )] += acc_ptr[1];
}

}

/1 FHEEREIC
for (int 1 =0; 1 < 8 && m+ 1 < M; ++1) {
for (int j =0; j <8 && n+ j < N; ++j) {




intel.

Intel® 64 and IA-32 Architectures Software
Developer’'s Manual

Combined Volumes:
1, 2A, 2B, 2C, 2D, 3A, 3B, 3C, 3D, and 4

CHAPTER 10

PROGRAMMING WITH INTEL® STREAMING SIMD EXTENSIONS (INTEL® SSE)

10.1 OV ERVIEW OF INTEL SO L1ttt sttt it s e a et v s as s e e e s e s e an tt e s e e n s n e et as e nnaes 10-1
10.2 BNTEL" SSEPROGRAMMING ENVIRONMENT ... cin v siss b ins s sbiivs s d i s 5o i oods & S Vaiin s i b s vabivaisn 10-2
10.2.1 Intel” SSE in 64-Bit Mode and Compatibility MOde. .. ....ooiiit e e 10-3
102.2 D L o [ 1 T T 10-3
1023 MXCSR Control and STatus REQISTEE. . i vesviiiimsionsasa s s sssaaisis s tms sinsws s isasss s sonsss s 10-3
10.2.31 SIMD Floating-Point:Mask and FIAQBITS . . i« . cos s viww s snie i sws siosios s siss « 5w 5008 o/sams soass siw wisis sis s 10-4
102.3.2 SIMB Eloating-Point: Rounding Comtrol PIBId i v i i b s R S 10-4
102.3.3 Lt =T o 10-4
10234 DX MO AR OO s R L B A L B L S A P e R 10-5
102.4 Compatibility of Intel® SSE with Intel” SSE2 and SSE3, MMX, and the xB7 FPU......coovvvviiiiiiineiceeneennns 10-5
103 BT R SSE DT TYPES iy s s s ok s e A e i S B S st 10-5
104 BUTEL S SEE INSTRUCTIONISET . . . c.o.c vooonin s sy on s miormimes s som, s 5on 8 st o 58 Bk o i, .8, . L e B A, 8 10-6
1041 Intel® SSE Packed and Scalar Floating-Point INStrUCTIONS . ... ovuuui it i e e 10-6
10411 Intet* SSEData:Movemerit InstruCtiOnS: i 5w i i v o o S v s i v 10-7

Address Space
MM Registers Eall
Eght 1268-Bi1
MKCSR Register [ REE ]
e
General-Purpose
B s
PP e o

Figure 10-1. Intal* S5E Execution Environment

,

/] AR HECImm+8, n:in+8] += A[m:m+8, k:k+K] x B[k:k+K, n:n+8]
void hgemm kernel avx2(const fleoatlé t* A, const floatlée t* B, float* C,

int M, int N, int K, int 1lda, int 1ldb, int ldc,
int m_start, int m_end, int n_start, int n_end) {
for (int m = m_start; m < m_end; m += 8) { // BT
for (int n = n_start; n < n_end; n += 8) { // it 1Es7|

// BN FP32, sxsTH

_ m256 acc[8][8];

for (int 1 = 0; 1 < 8; ++1)

for (int j = 8; j < 8; ++3j)
acc[i][j] = _mm256_setzero_ps();

/1 EKEETE
for (int k = @; k < K; ++k) {
/1 InEiamisrpiefE (—iT)
_ m1281 a_ph[8];
for (int 1 =0; i <8 && m+ 1 < M; ++1) {
a_ph[i] = _mm_loadu_si128(

reinterpret_cast<const _ ml28i*>(&A[(m + i) * lda + k]));

b

// hngieRigiFri6E (—3)

_ m128i b_ph[8];
for (int j =0; j <8 & n + j < N; ++3) {
b_ph[j] = _mm_loadu_si128(

reinterpret_cast<const _ ml128i*>(&B[k * 1ldb + n + j1));

}

/) BERAFPREIE
for (int 1 =8; 1 < 8 && m+ 1 < M; ++1) {

_ m256 a_ps = _mm256_cvtph_ps(a_ph[i]); // FP16 -> FP32

for (int § =9; j <« 8 & n + J < N; ++j) {
__m256 b_ps = _mm256_cvtph_ps(b_ph[j]1);

acc[i][j] = _mm256_fmadd_ps(a_ps, b_ps, acc[i][j]);

}

/1 FHEEREIC
for (int 1 =0; 1 < 8 && m+ 1 < M; ++1) {
for (int j =0; j <8 && n + j < N; ++3) {
float* acc_ptr = reinterpret_cast<float*>(&acc[i][j]);
for (int 1 = @; 1 < 8; ++1) {
C[(m + i) * 1dc + (n + j)] += acc_ptr[1];



Loop unrolling #

CIS 662 — Computer Architecture — Fall 2004 - Class 16 — 11/09/04

Loop Unrolling

> Step 3: Rename registers

Loop: L.D FO,0(R1)
ADD.D F4, FO, F2
S.D F4, 0(R1)
L.D FO.-8(R1)
ADD.D F4, FO, F2
S.D F4, -8(R1)
L.D FO,-16(R1)
ADD.D F4, Fo, F2
S.D F4, -16(R1)
L.D FO0,-24(R1)
ADD.D F4, F0, F2
S.D F4, -24(R1)

DADDUI R1, R1, #-32

BNE R1, R2, Loop

Iteration

-

Loop: L.D F0,0(R1)
ADD.D F4, FO, F2
S.D F4, 0(R1) 2
L.D F6,-8(R1)
ADD.D F8, F6, F2
S.D F8, -8(R1)
L.D F10,-16(R1) 3
ADD.D F12, F10, F2
S.D F12, -16(R1)

L.D F14,-24(R1)
ADD.D F16, F14, F2
S.D F16, -24(R1)
DADDUI R1, R1, #-32
BNE R1, R2, Loop

Superscalar Processor

Software Pipelining (Symbolic Loop Unrolling) Example

b
start-up Soﬂware Pipeline

Show a software-pipelined version of the code: Gide

Loop: L.D FO\,O (R1)
ADD.D  F4,F0,F2
S.D F4,0 (R1)
DADDUI  R1,R1,#-8
BNE R1,R2,LOOP

3 times because chain of dependence of length 3 instructions

3

overlapped ops

finish
code

Time
Loop Unrolled

BRBBE

exist in body of original loop i.e. L.D—ADD.D — S.D

N\
Before: Unrolled 3 times

After: Software

1 LD FO,0(R1) L.D

2 ADD.D F4 ,F0,F2 LOOP: ADD.D
3 S.D F4,0 (R1) L.D

4 L.D FO0,-8(R1) 1 S.D

5 ADD.D ¥4,.F0,F2 —*'2 . ADD.D
6 S.D F4,-8 (R1) 3 LD

7 LD FO0,-16 (R1) 4 DADDUI
8 ADD.D F4,F0,F2 5 BNE

9 S.D F4,-16 (R1) S.D
10 DADDUI R1,R1,#-24 ADDD
11 BNE R1,R2,LOOP S.D

!

Time
Pipelined Version

E0, GORL) start-up
F4,FO0,F2 } e 5

FO,-8 (R1)

F4,0(R1) ;Stores M[i] =
F4 ,F0,F2 ;Adds to M[i-1]

FO,~-16 (R1l) ;Loads M[i-2] Loop

R1,R1,#-8

R1,R2,LOOP -
F4, 0 (R1) :

F4 ,F0,F2 } finish

F4,-8 (R1) eode

2 fewer loop iterations

No Branch delay slot in this example

No actual loop unrolling is done (do not rename registers)

CMPESS0 - Shaaban ]—

ILP: Instruction-Level Parallelism
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What is CUDA?

A development environment for creating high performance GPU-accelerated applications.
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https://docs.nvidia.com/cuda/
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Figure 7: Heterogeneous Programming




Hello, CUDA! L

if (idx < n)
clidx] = alidx] + b[idx];

*Imalloc(size);
*)malloc(size);
t *)malloc(size);

RAND_MAX;
RAND_MAX ;

E _t err;
cudaMalloc(&d_a, size);
cudaMalloc(&d_b, size);

cudaMalloc(8&d_c, size);

cudaMemcpy ( = cudaMemcpyHostToDevice);
cudaMemcpy(d b, h_b, cudaMemcpyHostToDevice);

threadsPerBlock = 256;
int blocksPerGrid = (N + threadsPerBlock - 1) / threadsPerBlock;
vectorAdd<<<blocksPerGrid, threadsPerBlock>>>(d_a, d_b, d_c, N);

Lab03: CUDA

cudaMemcpy(h_c, d c, size, cudaMemcpyDeviceToHost);




GPU Hierarchy

ooooooog..IL——— //'EI
oooooo@e e 7 |0
ooooogoo X O 324
DDDDDU‘&% — RN 2
sy Yy S e—
ODooooooo S————— B

Pr SRR

77 RS, HeiEih S LkiE 2 FIRNZERA

Thread Block

Grid with Clusters

Thread Block .

L2 Cache

DRAM

GPU

Thread Block

Figure 6: Memory Hierarchy

Thread Block




Software Hardware
Thread CUDA Core . - i
CUDA Programming & Optimization
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=_=== CUDA Programming Model
=i=i CUDA Optimization Considerations
— - Maximize occupancy to hide
SM - Keep lots of threads in flight
« Carefully manage memory access to
allow coalesce & avoid conflicts
- Avoid slow operations (e.g integer
multiply for indexing)
- Minimize synch barriers
+ Careful loop unrolling
Grid Devica - Hoist loop invariants
« Reduce register use for greater
occupancy
Logical view Hardware view Execution
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Warp # : the smallest scheduling unit in GPU execution.
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- // CUDA kernel for FP16 matrix multiplication C = A » B
HGEMM In cu DA __global__ void hgemm_kernel(const half *__restrict__ A, const half #__restrict__ B, half »__restrict__ C,
int M, int N, int K) %
__shared__ half As[TILE_WIDTH][TILE_WIDTH];

__shared__ half Bs[TILE_WIDTH][TILE_WIDTH]:

Algorithm 1: Blocked HGEMM. Fragments (A_frag,

int bx = blockIdx.x;
B_frag, C_frag) reside in registers int bys BIRCKISE.Y;
int tx = threadIdx.x;
1 __shared__ A_smem|[b,,][bx]; LRE Tyi= ThEeadldx.y
2 _ shared__ B_smem[b,,][bx]; int row = by » TILE_WIDTH + ty;
A frag[ ][ ] int col = bx * TILE_WIDTH + tx;
3 _ W LW I3
4 B frag[w J[wkl half sum = __float2half(0.0f);
— n ’
5 C_frag[wm][wnj; for (int m = ©; m < (K + TILE_WIDTH - 1) / TILE_WIDTH; ++m) {
. // Load tiles into shared memory
6 for iter<0 to k by bk do if (row < M &% m % TILE_WIDTH + tx < K) §
) . As[ty][tx] = A[row # K + m * TILE_WIDTH + tx];
7 A_smem ¢ b,, X by of A; +elee
8 B_Smem Y- b?l X bk Of B; \ As[ty][tx] = __float2half(0.0£f);
9 for i<—0 to b, by w do
.« if (m % TILE_WIDTH + ty < K && col < N) 1
10 foreaCh 16 X 8 matrix in C_frﬂg dO Bs[ty]l[tx] = B[(m » TILE_WIDTH + ty) = N + coll];
11 C_frag[][] « C_frag[][] + A_frag[][z] x } else § _
A Bs[tyl[tx] = __float2half(0.0f);
B_frag[][:]; ;
12 end __syncthreads();
13 end // Compute partial sum foxr this tile
for (int k = 0; k < TILE_WIDTH; ++k) {
14 end sum = __hadd(sum, __hmul(As[ty][k], Bs[k][tx]));

}

__syncthreads();

J/ Launch kernel

dim3 blockDim(TILE_WIDTH, TILE_WIDTH);

dim3 gridDim((N + TILE WIDTH - 1) / TILE WIDTH, (M + TILE WIDTH - 1) / TILE_WIDTH); /[ Write result to global memory

hgemm_kernel<<<gridDim, blockDim>>>(d_A, d_B, d_C, M, N, K); | if (row < M && col < N) 1

cudaErrCheck (cudaGetLastErroxr()); } Clrow:¥ N wgol] = som;

// Copy result back to host
cudakrrCheck(cudaMemcpy(h_C, d_C, size C, cudaMemcpyDeviceToHost));



Tiling in CUDA
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Figure 9: Matrix Multiplication with Shared Memory
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penny-xu.github.io/blog/tiled-matrix-multiplication/

Matrix C
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__global veid reduceUnrollWarpal (int *g idata, int *g cdata, unsigned int n)

unsigned int tid = threadIdx.zxz:;

| ]
I oop Unrolllng In ‘ UDA unsigned int idx = blockIdx.x*blockDim.x*8 + threadIdx.x;

Idx.x*blockDim.x*8:

int *idata = g_lidata + bl

/ unrolling B

if (idx + 7*blockDim.x < n)

int al g idata[idz];
Execution Time Comparison for GTX TITAN X int a2 = g_idata[idx+blockDim.x];
int a3 = g_idata[idx+2*blockDim.x];
500 Unroll Factor / Method int a4 = g _idata[idz+3*blockDim.x];
Ul"er” Factor int bl = g idata[idxt4*blockDim.x];

int b2 = g idata[i1dx+5*blc Dim.x]}
400_ 1 int b3 = g_ldata[idx+e*blockDim.x];
2 int b4 = g_idatal[idx+7*blockDim.x];

4 g didata[idx] = al+a2+a3+adtbl+b2+b3+bd;

5

__syncthreads();

W
o
o

— 8

16
Method
—e— Basic
Unrolled

_//‘ ]

0 500 1000 1500 2000 2500 3000 3500 4000
Matrix Size }

f/ in-place reduction in global memory

Time (ms)
N
(]
S

for (int stride = blockDim.x [/ 2; atride > 32; stride >>= 1)

if (tid ¢ scride) {

idata[tid] += idata[tid + stride]:

=
o
o

o

tile int *vmem = idata;
vmem{tid] += vmem{tid + 32];

vmem[tid] += vmem[tid + 1€];

. . . e . vmem [tid] += vmem[tid + 8];

Loop Unrolling Impact on CUDA Matrix Multiplication o Tya) mes e 4
ration IEEE nferen Publi ion | IEEE Xplor vmem[tid] += vmem[tid + 2]:

vmem [tid] += vmem[tid + 11:

1t for this bloch

g_odata[block
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PCI Express 3.0 Host Interface

Volta GV100 Full GPU with 84 SM Units
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Table 1. Comparison of NVIDIA Tesla GPUs
Tesla Product Tesla K40 Tesla M40 Tesla P100 Tesla V100
GPU GK180 (Kepler) | GM200 (Maxwell) | GP100 (Pascal) GV100 (Volta)
SMs 15 24 56 80
TPCs 15 24 28 40
FP32 Cores / SM 192 128 64 64
FP32 Cores / GPU 2880 3072 3584 5120
FP&4 Cores / SM 64 4 32 32
FP&4 Cores / GPU 960 96 1752 2560
Tensor Cores / SM NA NA NA 8
Tensor Cores / GPU NA MA MNA 640
GPU Boost Clock 810/875 MHz 1114 MHz 1480 MHz 1530 MHz
Peak FP32 TFLOPS! 5 6.8 10.6 15.7
Peak FP64 TFLOPS! 1.7 21 o3 7.8
Peak Tensor TFLOPS! NA NA NA 125
Texture Units 240 192 224 320
Memaory Interface 384-bit GDDRS 384-bit GDDRS 4096-bit HBM2 | 4096-bit HBM?2
Memary Size Upto 12 GB Up ta 24 GB 16 GB 16 GB
L2 Cache Size 1536 KB 3072 KB 4096 KB 6144 KB
Shared Memory Size / | 16 KB/32 KB/48 | 96 KB 64 KB Configurable up
SM KB to 96 KB
Register File Size / SM | 256 KB 256 KB 256 KB 256KB
Register File Size / 3840 kB 6144 KB 14336 KB 20480 KB
GPU
TDP 235 Watts 250 Watts 300 Watts 300 Watts
Transistors 7.1 billion 8 billion 15.3 billion 21.1 billion
GPU Die Size 551 mm? 601 mm? 610 mm? 815 mm?
Manufacturing 28 nm 28 nm 16 nm FinFET+ 12 nm FFN
Process

! peak TFLOPS rates are based on GPU Boost Clock




Tensor Cores R

HEETT (32 512 / CLK) HEETT (32 8] 1 CLK)

FEEZMH (16384 * 32 fi) FIFBCMF (16384 * 32 {i)
. . . . . . FP32 FP32 FP64 INT32 FP32 FP32 FP64
Tensor Core Unit (TCU) is increasingly integrated into i . —
. FP32 FP32 FP64 INT32 FP32 FP32 FP64
modern high-performance processors to enhance 1 = — =
. . . . FP32 FP32 FP64 INT32 FP32 FP32 FP84
matrix multiplication performance. e o M e o
FP32 FEP32 FP64 INT32 FP32 FP32 FP&4
FP32 FP32 FP64 INT32 FP32 FP32 FP64
FP32 FP32 FP64 INT32 FP32 FP32 FP64
FP32 [FP32 FP64 INT32 FP32 FP32 FP64
FP32 EP32 FP64 INT32 FP32 FP32 FP64
EP32 FP32 FP64 INT32 FP32 FP32 FP&4
NVIDIA Tensor COI'e FP32 FP32 FP64 INT32 FP32 FP32 FP64

LD/ LD/ LDF Lo/ LOf  LDF LD/ Lo/ LDi LDf LD/ LD/ LD! Lo/ LD/ SFU
ST ST ST ST ST ST ST ST ST ST ST ST ST ST ST

REMR Al EIRAHURINE
Tensor Core AICIURAMEHH, MAARES, MEERSERENRHEER M

P e 1 SERERE (32 41/ CLK)

MEIRHREEH R, ERXZH Al FIEMEETR (HPC) 558, #—H Tensor Core W (32 B | CLK) BT (32 B8 | CLK)
FLEEERMELAE. NVIDIA Tensor Core Al F{ZREH AR Al REEISEERS 4
&, FHERERERT 30 18, FHMEIMA Al T AFE TR H, FFRLHF (16384 * 32 {i1) F|IFEM (16384 * 32 {if)
S - e S - FP32 FP32 FP64 INT32 FP32 FP32 FP64
Table 1. NVIDIA A100 Tensor Core GPU Performance Specs — Ry —
FP32 FP32 FP64 INT32 FP32 FP32 FP64
Peak FP64! 9.7 TFLOPS FP32 FP32 FP64 INT32 FP32 FP32 FPe4
FP32 |FP32 FP64 INT32 FP32 FP32 FP64
Peak FP64 Tensor Core! 19.5 TFLOPS FP32 |FP32 FP64 INT32 FP32 FP32 FP64
FP32 FP32 P64 Far INT3Z FP32 FP32 FP64 Haft
Peak FP32? 19.5 TFLOPS FP32 FP32 FP64 TENSOR CORE INT32 FP32 FP32 FP64 TENSOR CORE
FP32 FP32 FP64 INT32 FP32 FP32 FP64
1 78 TFLOPS = FP32 |FP32 FP64 INT32 FP32 FP32 FP64
Al 4X108 432 FP32 [FP32 FP64 INT32 EP32 'FP32 FP64
1 TELOP FP32 FP32 FP64 INT32 FP32 EP32 FP64
PERKBRIE SDTHORS Tensor Cores — 1 —
Peak TF32 Tensor Core! 156 TFLOPS | 312 TFLOPS? in A:I.O O i::; 'f::z i:ﬁ: :::2: :z; ;:;z ::Z
Peak FP16 Tensor Core! 312 TFLOPS | 624 TFLOPS? Lo L Loy o L g Lo L0/ LD LOF LD LD DI LDy
Peak BF16 Tensor Core! 312 TFLOPS | 624 TFLOPS? = P —
ensor
PeakINT8 Tensor Core?! 624 TOPS | 1,248 TOPS? - 5
PeakINT4 Tensor Core?! 1,248 TOPS | 2,496 TOPS?

1- Peak rates are based on GPU Boost Clock.
2 - Effective TFLOPS / TOPS using the new Sparsity feature




Tensor Cores

EaCh tenSOF core can Complete a Single 4)(4 A00 | AD1 | AD2 | AD3 BOO | BO1 | BO2 | BO3 coo | co1 | co2 | co3 D00 | DO1 | DO2 | DO3

matrix—multiply—and—accumulation (MACC) eaCh A10 | A11|A12|A13 x B10 | B11 |B12 | B13 + €10 | c11 | c12 | c13 _ D10 | D11 | D12 | D13

A20 | A21 | A22|A23 B20 | B21 | B22 |B23 €20 | c21 | c22 | c23 D20 [ D21 |D22 | D23

ClOCk CyC|e A30 |A31|A32|A33 B30 | B31 | B32 | B33 €30 | c31 | 32 | €33 D30 | D31 |D32 | D33
A B C D

A100 Tensor Cores Accelerate HPC 3: Tensor cores complete one 4 x 4 MACC operation
le (D = A B+ C). Reproduces Figure 8 in [20]].

The performance needs of High-Performance Computing (HPC) applications are growing
rapidly. Many applications from a wide range of scientific and research disciplines rely on
double precision (FP64) computations. To meet the rapidly growing compute needs of HPC
computing, A100 Tensor Cores support acceleration of IEEE-compliant FP64 computations

. ) : : SPARSE
delivering up to 2.5x the FP64 performance of the NVIDIA Tesla V100 GPU. The new Double CAReldailily ACCUMULATOR TOPS | vs. FFMA | TOPS | vs. FFMA

TENS  Precision Matrix Multiply Add instruction on A100 replaces 8 DFMA instructions on V100, SR TR b3 L
reducing instruction fetches, scheduling overhead, register reads, datapath power, and shared = ™ i 125 8 ~
memory read bandwidth. Using Tensor Cores, each SM in A100 computes atotal of 64 FP64 ’;:i mmm 11 ‘:: ;x 3;2 1;
FMA operations/clock (or 128 FP64 operations/clock), which s twice the throughput of Tesla e S — e — e — i
V100. The A100 Tensor Core GPU with 108 SMs delivers a peak FP64 throughput of 19.5 FP32 — 312 P 624 32x
TFLOPS, which is 2.5x that of TeslaV100. FP16 312 16x 624 32x
INT32 mmmmmmmm 624 32x 1248 64x

With support for these new formats, the A100 Tensor Cores can be used to accelerate HPC am INT32 OImmmmmmmm 1248 64x 2496  128x
workloads, iterative solvers, and various new Al algorithms. Yo INT32 ommmmmmmmmn 4992 256X

‘P64 OO 0 ) 19.5 1x =

M. A. Raihan, N. Goliand T. M. Aamodt, "Modeling Deep Learning Accelerator Enabled GPUs,” 2019 IEEE International Symposium on Performance
Analysis of Systems and Software (ISPASS), Madison, WI, USA, 2019, pp. 79-92, doi: 10.1109/ISPASS.2019.00016.



Hello, Tensor Core!

// Kernel using WMMA to perform matrix multiplication C = A * B

__global__ void wmma_example(half %a, half b, float %c, int M, int N, int K, float alpha, float beta) i
int warpM = (blockIdx.x * blockDim.x + threadIdx.x) / 32;
int warpN = blockIdx.y #* blockDim.y + threadIdx.y;

nvcuda: :wmma: :fragment<nvcuda::wmma::matrix_a, WMMA_M, WMMA_N, WMMA_K, half, nvcuda::wmma::row_major> a_frag;
nvcuda: :wmma: : fragment<nvcuda: :wmma: :matrix_b, WMMA_M, WMMA_N, WMMA_K, half, nvcuda::wmma::col_majoxr> b_frag;

nvcuda: :wmma: : fragment<nvcuda: :wmma: :accumulator, WMMA_M, WMMA_N, WMMA_K, float> c_frag;
nvcuda: :wmma::fill_fragment(c_frag, 0.0f);

int aRow = warpM * WMMA_M;
int aCol = G;
int bRow = O;
int bCol = warpN % WMMA_N;
int cRow = warpM %= WMMA_M;
int cCol = waxpN * WMMA_N;

if (aRow < M && bCol < N && aCol < K) {
for (int i = 0; 1 < K; i += WMMA K) {
nvcuda: :wmma::load_matrix_sync( ' V3

nvcuda::wmma: :load_matrix_sync(_ ___ _, _ _ o T
nvcuda::wmma::mma_sync( _ - - | HeE L . FEE = i
%
nVCUda: swmma: :Store_mﬂtrix_sync( — — i e e e = v . P e rmsr neme e e :\,;
3
b
Lab04: Tensor Core van-ipdps20.pdf

https.//github.com/Bruce-Lee-LY/cuda_hgemm
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How to use Tensor Core: WMMA

Figure 3: Tensor cores complete one 4 x 4 MACC opemtlon
et Lydc (D =AxB+0). Replodmes Figure 8 in [26]

GPU provmmmer as warp-wide opemtlom for performing
the computation D = A x B + C, where A, B, C' and D
can be tiles of larger matrices. Using the WMMA API, all
threads in a warp cooperatively work together to perform
a matrix-multiply and accumulate operation on these tiles.
NVIDIA’'s WMMA API currently specifies a limited set of
tile sizes. The sizes for tiles A, B, C' and D are represented

using the notation M x N x K, where M x K 1is the
dimension of Tile A, K X /N is the dimension of Tile B and
thus C' and D have dimension M x N. CUDA 9.0 supports
only one tile sizes, 16 x 16 x 16, while later versions allow
additional flexibility.

code-samples/posts/tensor-cores/simpleTensorCoreGEMM.cu at master - NVIDIA-

developer-blog/code-samples

https://cx9898.github.io/post/CUDA%20-bian-cheng-shi-yong-
%20Tensor%20core®20-xiang-jie.html

__global
int 1da

int ldc

1 pid wmma_example(half *a, half *b, float *c, int M, dint N, int K, float alpha, floa
int ldb = K;
int warpM = (blockldx.x * blockDim.x + threadldx.x) / warpSize;
int warpN = (blockIdx.y * blockDim.y + ti id

sfrapment<wmma: cmatrix_a, WMMA_M, WMMA_N, WMMA K, half, wmma: col_major> a_frag;

Wil -
Wmma :
wmma :

Wimrnad -

wmma :

:fragmen
:fragmen

=l

GEREE =
1t aRow =
t aCel =

t bRow =

nt bCol =

int cRow = wa

aRow <

mma z 1
wmma : : 1

WImme < -

int cCol = wa

if

s fragment

t<wmma: :matrix b, WMMA M, WMMA N, WMMA K, half, v
t<wmmast taccumulator, WMMA M, WMMA N, WMMA K,
<wmma: jaccumulator, WMMA_M, WMMA_N, WMMA_ K, float> ¢_frag;

::col major» b frag;

agment(acc_frag, @.6f);

@; 1< K; 1+=WMMAK) {
warpM * WMMA_M;

S

i;
warph * WMMA N;

M &% aCol < K 8& bRow < K && bCol < N) [{
oad_matrix sync(a_frag, a + aRow + aCcl * lda, lda);

oad_matrix_sync(b_frag, b + bRow + bCcl * 1db, 1db);

ma_sync(acc_frag, a_frag, b_frag, acc_frag);

rpM * WMMA_M;

rpN * WMMA N;

cRow < M && cCol < N) ¢
wmma: :load matrix sync(c Frag, ¢ + cRow + cCol * ldc, ldc, wmma::mem col major);

iragma unrol

\'.._. i_

:
@; 1< ¢ frag.num elements; i++

c_frag.x[i] = alpha * acc_frag.x[1] + beta * c_frag.x[i];

wmma: :stor

e_matrix_sync(c + cRow + cCol * 1dc, c_frag, ldc, wmma::mem_col_major);

t beta) [
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How WMMA works 4

virtual compute architecture

real sm architecture

x.cu (device code)

Stage 1
(PTX Generation)

Parallel Thread eXecution (PTX)

Stage 2

device-specific machine code (SASS)

{Cubin Generation)

| 3060

X.cubin

Execute

2 R il

wmma.load.a.sync.layout.shape.type ra, [pa] {stride};
wmma.load.b.sync.layout.shape.type rb, [pb] {stride};
wmma.load.c,sync.layout.shape.type rc, [pc] {stride};
wmma.mma.sync.alayout.blayout.shape.dtype.ctype rd, ra, rb, rc;
wmma.store.d.sync. layout.shape.type rd, [pd] {stride};

Figure 2: Tensor Core PTX instructions

device-specific machine code (SASS)

L fiache
BRU nsta
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#  QObservation: Similarity with Convolution

Input Volume (+pad 1) (7x7x3)  Filter WO (3x3x3) Filter W1 (3x3x3) Output Volume (3x3x2)

Stencil

+ Stencil is one of the most important kernels widely used across a set of scientific and
engineering applications, such as:

» Thermal diffusion, Earth system model, Finite elernent method

« Stencil is the element-wise computation on a regular grid with a set of neighborhoods.

+ At each time step, stencil reads multiple input and writes a single output to update the

grid.

out(i,j) = weight_1 % in(i, j) + weight, x (in(i — 1,7} 4+ in(i,j = 1) +in(i + 1)) + in(i,j + 11))

Q
Q —p 1
Q
Star-2D5P
VY
OONENG.
lter 1 Iter 2

lter 3

%12 240 W20 wl[e;2,0] o2, 5;0]
offofo o 0 0 0 171 |- (2 ]2 | 4 -1
ofT o1 0 1 0 -110 -1 a1 = ~F =2 1
ofT 212 2 2 0 110 |0 S = 5 i =2
Oyl e B pOh G2 A e wi[z,:,1 wllz,:,1] ols,:,1]
el EES o7 [l o Bl 5 5
01 1 0 1 ) =110 -1 =10 -1 Z0 =) D
00 0 D 0 171 |17 A8 TR S0 AN
bt s, 1] wi L2 wi[z,:,2
50010 o il 0 1 1
oo o 1 -1l |1 =S
. 21Ff AEE 0 -1 1
2 A 2 Bias (1x1x1) Bias b1 (1x1x1)
0lnD 2 b, :, 0] bl[:,:,0]
020 0
0 0
0"0‘i& 0 00
0 1/—2 2 ()

0|1 O i 1S
ol A P e e S
G T 2 i I e
120 8 | R e
0 00 0O0O0O0

Motivation:

Accelerate Stencil like Convolution?
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device-specific machine code (SASS)

deepseek-ai/DeepGEMM: DeepGEMM: clean and
efficient FP8 GEMM kernels with fine-grained scaling Parallel Thread Execution ISA
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7 : Maximum FLOPs Per Second

s R [ BItETSAEELR, BRR—MNMTETFEMEL B REESRiIRGE:
ihEg, B[IZE Byte/s .

S : Maximum Memory Access Per Second

o WEEEE LR [0, : FMNEFERIIT SR E AN EEE LR, EEAEEX
MEFEE L, BUNERES AR TS/ VRITE. BALR Flops/Byte ,

WA

I, mar —

1. Pi (Peak Computational Performance):

= Measured in FLOPs per second (e.g., GFLOPs/s or TFLOPs/s).

» Represents the maximum theoretical computational capability of the processor (e.g., CPU or

GPU).

= Depends on factors like processor freguency, core count, and SIMD capabilities.
2. Beta (Peak Memory Bandwidth):

Measured in bytes per second (e.g., GB/s).

Represents the maximum rate at which data can be transferred between memory and the

processor.

Limited by the memory subsystem (e.g., DRAM or cache bandwidth).

Performance = Bandwidth X Compute Intensity

Attainable
Performance P
FLOP/s A .
Memory I ] Compute
Bound Bound
T
Maximum
Attainable
Performance
Operational
l @ P I Intensity
T FLOP/Byt
— oM e
ﬁ Byte/s Imax =
Maximum Maximum ﬁ
Memory Operational
Bandwidth Intensity

IB'I*J

when I < I,,..

when I 2 1,2

Memory Bound

Compute Bound



(DRAM) Roofline

= One could hope to always attain peak
performance (Flop/s)

= However, finite locality (reuse) and Peak Flop/s
bandwidth limit performance.

= Consider idealized processor/caches

» Plot the performance bound using

Arithmetic Intensity (Al) as the x-axis...

Al = Flops / Bytes presented to DRAM
Attainable Flop/s = min( peak Flop/s, Al * peak GB/s )

Log-log scale makes it easy to doodle, extrapolate
performance along Moore’s Law, etc...

Kernels with Al less than machine balance are ultimately
DRAM bound (we’ll refine this later...)

I
I
I
I
I
I
|
I
I
I
1
I
1

Attainable Flop/s

| Memory-bound i Compute-bound
I

Arithmetic Intensity (Flop:Byte)

Y




Roofline Example #1

» Typical machine balance is 5-10
flops per byte...

40-80 flops per double to exploit compute capability
Artifact of technology and money
Unlikely to improve

= Consider STREAM Triad...

] + alpha*v[i]:

2 flops per iteration
Transfer 24 bytes per iteration (read X[i], Y[i], write Z[i])
Al = 0.083 flops per byte == Memory bound

Peak Flop/s /

Attainable Flop/s

0.083
Arithmetic Intensity (Flop:Byte)



Hierarchical Roofline

» Construct superposition of X

Rooflines...
= Measure a bandwidth Peak Flop/s -

» Measure Al for each level of memory &
: i)
+ Although an loop nest may have multiple i
) . K =
Al's and multiple bounds (flops, L1, L2, ... o Y i
DRAM)... = ' DDRBound A
) £ —-C DDR AI"BW < )
« ... performance is bound by the < (e )
minimum g
Arithmetic Intensity (Flop:Byte) i
RTX2070 Global Memory Roofline T4 Global Memory Roofline
26 _ Tensor Core 26 | . Tensor Core
A @
2% A7 / 2%+ ar'/r ! e
[T e . // EP16 V4. //”‘ E_ :’/ FP16
g e 7 8 s /é/
T 23 . o 2 - !
= - - . i
g 7 g’ ~j @ o o
2 4 @@ o 2 2 TSR
g IR R R s i g
Ll o oo g - E :
271 HE
2pa 1
21 23 25 27 29 21 23 25 ' ' 27 29
Operation intensity (OPs:Btyes) Operation intensity (OPs:Btyes)

Fig. 3: Global memory roofline model on RTX2070 and T4. Compared with the solution using FP16 units, the high throughput
Why #07? of Tensor Core makes dense GEMM kind of memory-bounded.



Data, Instruction, Thread-Level Parallelism...

We have assumed one can attain

peak flops with high locality. /
In reality, this is premised on Peak Flop/s

No FMA 7

sufficient... 3
Use special instructions (e.g. fused multiply-add) % }
P I
Vectorization (16 flops per instruction) 8 } FU—
£ | USSR S 1 Y ™
. i ~0f- i H © g . S b
unrolling, out-of-order execution (hide FPU latency) S ! /Lack of DLP pulls \l
*«  OpenMP across multiple cores o ;( performance
I\~ 'belowDDR ~
Without these, . AT I
N }=.-=
Peak performance is not attainable Arithmetic Intensity (Flop Byte) &

Some kernels can transition from memory-bound to
compute-bound

n.b. in reality, DRAM bandwidth is often tied to DLP and
TLP (single core can’t saturate BW w/scalar code)

FMA: Fused Multiply-Add



Roofline Models #»
ASPLOS’ 25

Squeezing Operator Performance Potential for
the Ascend Architecture

Yuhang Zhou Zhibin Wang' Guyue Liu Shipeng Li
State Key Laboratory for State Key Laboratory for Peking University State Key Laboratory for
Novel Software Technology. Novel Software Technology, Beijing, China Novel Software Technology,
Nanjing University Nanjing University Nanjing University

Nanjing, China Nanjing, China Nanjing, China

Squeezing Operator Performance Potential for the Ascend Architecture

P(FLOPI/s) P(FLOP/s) Tensor Core
4 Compute Performance / ‘/. ° e
: FP16
</ | ® Periormance point v / ;
4N B e
: e w e v FP32
Memory | Compute e \)@.\"‘\
Bound | Bound
— # >
AI(FLOPs/Byte) Al(FLOPs/Byte)
(a) DRAM Roofline. (b) Hierarchical Roofline.

Figure 2. Existing roofline models.

DRAM Roofline [47]. This model was originally conceived
to evaluate the performance of CPU kernels accessing Dy-

'+ AlCore

> MTE-UB

____________________________________________________________________________ e Compute

Py SxearsesEsticass sty et TR Unit
s Local to each SM "\ N '
i it
E Register file (64k x 4B} i E : i Bl et e
i Lt A L0 Level |
y -~ sl -

Unified data cache (lZBkB) " (~64kB) -~ 11 Level

<—>P ;';"i:lw _‘a\;*ﬂ:’ &l , Global '

PCle | | Nviink Kisaatry l GM I
Read-only
[ compute unit [T] Memory Unit —# MTE-GM —»MTE-LL
Figure 1. The architecture of AlCore in Ascend.

ASPLOS ’25, March 30-April 3, 2025, Rotterdam, Netherlands

A GM->L0A  GM->LO0B N i FP16 INT8
Actual A [ = ‘ Actual L i | mulz v
C 1
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Nalve j > Naive :
- | = > cmsLo L - [ mul2 B INTS
e = L=
P(FLOP/s) P(FLOPIs)
A Cube INT8 A Cube INT8
@
g‘?\ GM->L0A  GM->L0B 5}?
/S e 6% e 33% é’ Cube FP16
S e
INTE »
33%
> B
Al (FLOPs/Byte) Al(FLOPs/Byte)

(a) Bandwidth underutilization.  (b) Compute underutilization.

Figure 3. Incorrect analysis cases of the naive roofline.



#  |dea: Parallel

ASPLOS 25, March 30-April 3, 2025, Rotterdam, Netherlands

= GM->L0A  GM->L08 2 FP16 INT8
Actual P Actual 43 Mu2_ P>
R e, SR o Mull > ri6
Naive Naive
! s OM->L0B X ] Mo P> ints
P(FLOP/s) P(FLOP/s)
4} Cube INT8 Cube INT8
Q@
Q‘?\ GM->L0A  GM->L0B §r
N/ e 6% e 33% g Cube FP16
e %)
IN s
> >
Al (FLOPs/Byte) I Al(FLOPs/Byte)

(a) Bandwidth underutilization. ~ (b) Compute underutilization.

Figure 3. Incorrect analysis cases of the naive roofline.

&)

T =
MTE-GM ‘ GM->L1 ‘ GM->L0B
| oA |[ oB | ._
& A Cube Mul - Parallel
@| | paratiel |] e ———
L1 MTE-L1 L1->LOA
) Tensor B = = & 8
1 L 1 eguentia
Tensor A GM | ® C\ ) !
2 ©)
(a) Data flow. (b) Execution timeline.

Figure 4. The execution of matrix multiplication A X B.

Solution

Wait Dispatch
MTE-GM | GM->L1 “ GM->L1 |
MTE-L1 L1->L0A L1->L0A L1->LOA L1->L0A |L1->LOA L1->L0A
Cube MAD  MAD = MAD | |MAD | MAD  MAD
MTE-GM GM->L1 GM->L1
MTE-L1 L1->LOA L1->L0A L1->L0A L1->LOA|L1->L0A|L1->L0A|
Cube MAD  MAD  MAD | | MAD | | MAD | | MAD
Figure 12. Adjusting instruction sequence.
I Iteration Time %:'
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T ?] N %ﬂ
0 N N
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n 1 N N % % Q N %

Figure 15. Time speedup with optimization.



LogP . g_...'f._...,; kN1 S

time

* The LogP model is a simple framework for analyzing parallel computing systems. It abstracts the
performance of distributed-memory parallel architectures by focusing on four key parameters:

« -**L (Latency)*™: The time it takes to send a small message between two processors across the network.

¢ -*0 (Ovesrhead)**: The time a processor spends managing communication (e.g., initiating or receiving a
message).

« -**g (Gap)™: The minimum time interval between consecutive message transmissions or receptions,
reflecting network bandwidth limitations.

» - **P (Processors)**: The number of processors in the system.

« The model assumes that processors operate asynchronously and communicate by sending fixed-size
messages. It simplifies real-world complexities by focusing on communication costs rather than
computation details. LogP is useful for designing and analyzing parallel algorithms, as it helps predict
performance bottlenecks related to communication latency, overhead, and bandwidth constraints. It's
particultarly effective for understanding algorithms on distributed systems like clusters or early parallel
computers.
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High level technique »

« Amdahl’'s Law
* LogP Model
* Roofline Model

« Share Memory

« SASS/PTX

« Warp Divergence
« Bank Conflict

* Double buffer

V100 Data Center GPU | NVIDIA
volta-architecture-whitepaper.pdf



https://www.nvidia.cn/data-center/v100/
https://images.nvidia.com/content/volta-architecture/pdf/volta-architecture-whitepaper.pdf
https://images.nvidia.com/content/volta-architecture/pdf/volta-architecture-whitepaper.pdf
https://images.nvidia.com/content/volta-architecture/pdf/volta-architecture-whitepaper.pdf
https://images.nvidia.com/content/volta-architecture/pdf/volta-architecture-whitepaper.pdf
https://images.nvidia.com/content/volta-architecture/pdf/volta-architecture-whitepaper.pdf
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» Greetings, pioneers! | SUSTCSC
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https://handicraft-computing-team.github.io/sustcsc-doc/pages/intro/advanced.html
https://handicraft-computing-team.github.io/sustcsc-doc/pages/intro/advanced.html
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