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Part 1: AHAFEEINEITE
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1.a*A PR¥
GPU Kernel:

template<typename 1>
void scalarMatrixMulKernel( , int size, T scalar) {
int tid threadIdx.x blockIdx.x

(tid < size) {
C[tid] scalar © A[tid

CPU host:

template<typename 1>
Matrix<I> *( TI& scalar, Matrix<I>& mat) {
Matrix<T> result(mat.rows,mat.cols);
int blockSize = 256;
int numBlocks (mat.rows * mat.cols + blockSize - 1) blockSize;

scalarMatrixMulKernel«<<<numBlocks, blockSize (mat.data, result.data, mat.rows * mat.cols, scalar);
cudaDeviceSynchronize();

result;

2. A+b

GPU:

template <typename T>
void matrixAddWithConstantKernel(T* A, T* C, int size, T c) {
int tid threadIdx.x blockIdx.x blockDim.x;
(tid < size) {
C[tid] = A[tid] G5

CPU host:

Matrix<T> +( o)
int blockSize = 256;
int numBlocks = (cols * rows + blockSize - 1) / blockSize;

matrixAddWithConstantKernel<<<numBlocks, blockSize (data, data, rows * cols, c);
cudaDeviceSynchronize();
ithiss




MIRFW
S12211612@1ab@1:~/Project/Project4/final$ nvcc main.cu -o p5

S12211612@1ab@1:~/Project/Project4/final$ ./p5
A:

(]
1
2

a:6
b:10
Time for the kernel: 0.003424 ms

a*A+b: finish
time=0.151672

B

10 16 22
16 22 28
22 28 34

Part 3: cuBLAS EEXJEL

1. [0
CUDA [ T4t 1 & HJ 18] 1) API BR %U: cudaEvent_t, cudaEventRecord(), cudaEventElapsedTime()
SR, BAREREWR:

cudaEvent_t start, stop;
float esp_time_gpu;
cudakEventCreate(&start);
cudakEventCreate(&stop);

cudakEventRecord(start, 0);

cudakEventRecord(stop, 0);
cudaEventSynchronize(stop);

cudakEventElapsedTime(&esp_time_gpu, start, stop);

printf("Time for the kernel: %f ms\n", esp time_gpu);

7E CPU THHL T, FAVKIALE project3 H HPL I & J7 VA AT IS [E) 0 & o

AT Ze15 1 CPU BLAS SGEMM [t S5 H 8] -
CPU N
Intel(R) Xeon(R) Gold 6240 CPU
@ 2.60GHz

4096




FATH MKL F1 OpenBLAS HEAT 4 :

Bhr. £

MKL FK MKL 1000 PG 3RF-24)MH OpenBLAS

0.118 0.5962 0.114

HARR A0 M RATELAE Project3 HHZEI. FATIX BREEE — 00 MKL ) T AT, &

KE ARG T A
PATHEE N KSET cuBLAS:

Matrix matmul( Matrix& other) {
(cols other.rows) {
std::invalid_argument(“Matrix dimensions do not match for multiplication™);

}

int m rows;

int n other.cols;
int k = cols;

Matrix result(m, n);

cublasHandle_t handle;
cublasCreate(&handle);

float alpha
float beta

cublasSgemm(handle, CUBLAS_OP_N, CUBLAS_OP_N, m, n, k, Zalpha, data, m, other.data, k, Zbeta, result.data, m);

cublasDestroy(handle);
result;

FAT/E RTX2080Ti FHEATZ IR, K15 4096*4096 I ] CUDA SGEMM I} [E] %)% 78.06 ms,
tt cPuU 1 BLAS 5 —E IR T

2 Matrix<float> C(rows2, cols2, GPU_device_:
Matrix<float> D(rows2, cols2, GPU_device_:

(float i - @ rows2; ++i) {
(floa cols2; 3) {
C(i, 3) -1
D(i, 3) -i-3;
}
}

cudaEvent_t start, stop;
float esp_time_gpu;
cudaEventCreate(&start); a*A+b: finish
cudaEventCreate(&stop); 2 =
time=0.155486
cudaEventRecord(start, 0);
B:
10 16 22

16 22 28
Matrix E = C.matmul(D); 22 28 34

cudaEventRecord(stop, 0);

cudaEventSynchronize(stop);

A
0
1
2
T

1
2
3
cudaEventElapsedTime(Zesp_time_gpu, start, stop); m
printf("Time for the kernel: %f ms\n", esp_time_gpu);

ime for the kernel: 79.119553 ms
end of main

Himp g, WREANXESGEE—T, 8 Matrix E 1X B 1—A> for 1§35




(int 1 = @ ; i< 100 ;i++){
Matrix E = C.matmul(D);

IREH e S AER) 78%100 =P, (HELIGHILE RE, EAFERZ) 1600ms. FIA Ak X
FER) T E R Z AR AE SM 1, X815 CUDA ] LA EE 5 ) FH %8s .

B, ASHIRANVEIE plain 7%, KIEEREZ/DIE?
151ms.

Time for the kernel: 151.254181 ms
end of main

HAREL CPU I8 HF, {HZEE cuBLAS i jE 2 | —1%.

template <typename T>

void matrixMulKernel(I *a, T *b, T

size_t row - blockIdx.y blockDim.y + threadIdx.y;
size_t col blockIdx.x blockDim.x + threadIdx.x;

result, size_t aRows, size_t aCols, size_t bCols) {

(row < aRows col < bCols) {
T sum = 0;

(size_t k 0; k < aCols; k) {

sum afrow * aCols + k] b[k * bCols + col];
}

result[row * bCols + col] sum;

AT RIEF AT ANFRFN: LA if. ARG cPu, FAEEA M.

void multiply( Matrix& other, Matrix* result_ptr, int type mul) {
(cols other.rows) {
std::cerr "Matrix dimensions do not match for multiplication!\n";

dim3 blockDim(32, 32);
dim3 gridDim((result_ptr->getCols() blockDim.x - 1) blockDim.x, (result_ptr->getRows() blockDim.y 1) blockDim.y);
matrixMulKernel<<<gridDim, blockDim
(data, other.data, result_ptr->data, rows, cols, other.cols);
cudaDeviceSynchronize();

Time for the kernel: 133.427872 ms
end of main

HAR N4, FTUVEE GRS Thread divergence N %, FINREGE R XHIT XS
i



SRIGERATTEE e — R AT blockDim. #E & il fi 15T 75 B FP 4L .

16*16 32*32 48*48 64*64

137 133 114 144

XL T GPU RIS BRI . AT T KRB TH — DA RTEA, JATE T LURE X /NG
AR 7T U] ik cuBLAS

Part 4: FERESRENNEDHT

Github 1IN A H GEMM B 5 HOBEIFIG, FOR L3 AT 4 BRI %

cuda sgemm/gemm. cu at master < njuhope/cuda sgemm (github. com)

1. grid A1 block %,
) @

void OptsGemm(int m, int n, int R, float* d A, float* d B, float* d _C,
float alpha, float beta) {

int BLOCK_DIM - 128;

dim3 block(256);
dim3 grid((m + BLOCK DIM - 1) / BLOCK_DIM, (n + BLOCK_DIM - 1) / BLOCK_DIM);

gemm_kernel NN<<<grid, block (d_A, d_B, (float4a*)d_C, alpha, beta, m, n,
k);

FATH GEMM AT 0 H, B grid 203 128*128 /N, 4 — Block 7> 5] 256 il 48
J&, BATERZ R EUh X 256%256 /AN T 4075 i d 1

L [ = mBE A, T

| O |j
Blocked GEMM Thread Block Tile - Warp Tile Thread Tile
Global memory Shared memory Register File SM CUDA Cores

RS

2. THH BT

PRYE CcPU —Hf, BB —NERENIZAMMES, WLAREFREE mthiELL, [Fi 28205 M A7 6 1
TP A 2 TR Dy 3 40 v B

Reg HIff Fl & PTX CUDA JL 4w A, i i & A7 ds, FRATAH S T2 A Nvee 1) 03 T,
B $ir 21 SIMD ST F 3 5 AT R A



https://github.com/njuhope/cuda_sgemm/blob/master/gemm.cu

#pragma unroll & NVCC % 13 B3 JHURF )46 B 4 137 30, € mT AT Bh3RA T3t — DA i3 e T 73 1

109 #pragma unroll

110 for (int j = @; j < TILE_K - 1; j++)

111 {

112 reg_a[(j + 1) % 2][@] = smem_a[load_stage_idx][(j + 1) * TILE_Y_4 + @ + ty];
113 reg_a[(j + 1) % 2][1] = smem_a[load_stage_idx][(j + 1) * TILE_Y_4 + 16 + ty];
114 reg_b[(j + 1) % 2][@] = smem_b[load_stage_idx][(j + 1) * TILE_X_4 + @ + tx];
115 reg b[(j + 1) % 2][1] = smem_b[load_stage_idx][(j + 1) * TILE_X_ 4 + 16 + tx];
116 c[e][@e].x += reg_a[j % 2][@].x * reg_b[j % 2][@].x;

117 c[e][e].y += reg_a[j % 2][@].x * reg_b[]j % 2][e].y;

118 c[e][@e].z += reg_a[j % 2][@].x * reg_b[j % 2][0].z;

119 c[e][@].w += reg_a[j % 2][@].x * reg b[j % 2][0].w;

120 c[e][1].x += reg_a[j % 2][@].x * reg_b[j % 2][1].x;

121 c[@][1].y += reg_a[j % 2][@].x * reg_b[j % 2][1].y;

129 c[0][1].z += reg_a[j % 2][@].x * reg_b[j % 2]1[1].z;

123 c[@][1].w += reg_a[j % 2][e].x * reg_b[j % 2][1].w;

124 c[1][@].x += reg_a[j % 2][@].y * reg_b[j % 2][@].x;

125 c[1][0].y += reg_a[j % 2][e].y * reg_b[j % 2][6].y;

126 c[1][@].z += reg_a[j % 2][e@].y * reg_b[j % 2][e].z;

127 c[1][@].w += reg_a[j % 2][@].y * reg_b[j % 2][0].w;

128 c[1][1].x += reg_a[j % 2][@].y * reg b[j % 2][1].x;

129 c[1][1].y += reg_a[j % 2][e].y * reg_b[j % 2][1].y;

130 c[1][1].z += reg_a[j % 2][@].y * reg_b[j % 2][1].z;

131 c[1][1].w += reg_a[j % 2][@].y * reg_b[j % 2][1].w;

132 c[2][@].x += reg_a[j % 2][@].z * reg_b[j % 2][0].x;

133 c[2][@].y += reg_a[j % 2][@].z * reg_b[]j % 2][e].y;

134 c[2][@].z += reg_a[j % 2][@].z * reg_b[j % 2][e].z;

135 c[2][@].w += reg_a[j % 2][@].z * reg_b[j % 2][0].w;

3.share FILE RN HF

FEIR) /> warp S HERIIESE A7, SRE IO VUSRI (SR T LAY RRAL 25, 46 RARIAT 54

FERE/NBR I AR . ERE] GPU WL AAF L SERARF I ST, BATX R smem JFAREE
IR K.

void gemm_kernel NN(

float4 smem_a [TILE_K * TILE Y_4];
float4 smem b[2][TILE_K * TILE X 4];

tx = threadIdx.x % 16;
ty = threadIdx.x / 16;

tx4 = threadIdx.x 4;
ty4 = threadIdx.x 4;

tx32 threadIdx.x
ty32 = threadIdx.x

float* pA (A + K * TILELY blockIdx.

float* pB (B + TILE_X * blockIdx.x + ty32 * N + tx32 * 4);

float4* pC C + TILEY blockIdx.y N / TILE_X 4 blockIdx.x;

4. B
AV ZALETREIE T AR & B reg 1, IXFE AT DARTH AT SR SOH B
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smem_a[load stage idx
smem_a[load_stage idx
smem_b|[load_stage idx
smem_b|[load_stage_idx

reg b
reg b
reg b
reg b
reg b
reg b
reg b
reg b
reg b
reg b
reg b
reg b
reg b
reg b

R OR R R R R R R R R R R

MK X X X X X X X X

FERXFEZ G, FATH gemm FEVIF EAEHARKIANAL 1o R, FRATHIZAR /it ik A1)
TR EEAR KA.

BXBEG T — NS b &R AR E SBT3 AT — — a0k (E2 TR R, 3
B MFEIRATHIE S cuBLAS i [H],

B HH | AT H CUDA SCRFRRA | Th#E &
A100 80G Al. HPC #4lE 0> | Ampere | June 26%™, 2021 | 12.4 300W 170000RMB
A100 40G Al. HPC ¥ H.0r | Ampere | May 15%, 2020 | 12.4 300W 84000RMB
V100 Al. HPC ¥ .0» | Volta May 11th, 2017 | 12.1 43000RMB
TITAN RTX B2, IRE2A>] | Turing | Dec3™,2018 | 12.3 6000RMB
RTX 2080Ti Tk Turing | Oct 8, 2018 12.4 250W 2600RMB
RTX 3060 Laptop | R, Ampere | Feb 2™, 2021 | 12.4 <100W | 2200RMB
GT 1030 W%, Pascal | May 17t, 2017 | 9.1 100W 248RMB
Quadro P2000 K 2 Fermi | Dec 24t 2010 | 2.1 80W 93RMB

GPU CUBLAS £ 9} i [H]

RTX 3060 Laptop | 150.32

A100 80G 18.09

A100 40G 46.15

V100 41.44

RTX 2080Ti 79.80

Quadro P2000 3603.50

GT 1030 2353.65




hostfile="echo
NP="cat $hc
module load cuda/

nvcc he.cu -o He -1

./He >> back.txt

Quadro 2000, ¥ 87 HRERMI BT, FATT E5-2666 v3 FHZL
GT1030, A[JZ &+

GPU NVIDIA GeForce GT 1030
3D % ~ Copy 0%

‘ A

~Video Decode 0% ~ Compute_0 02
‘ A
£ GPU AERIER 2.0 GB
— |
=Z cpU AR 8.0 GB

AU Project, FRABHEIN (8] LN GPU BT FLBEfE 2, B LIRS A FET GEMM 15
(LNaRURIET I
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Maximal biclique enumeration (MBE) in bipartite graphs is an im-
portant problem in data mining with many real-world applications.
All existing solutions for MBE are designed for CPUs, Parallel MBE
algorithms for GPUs are needed for MBE acceleration leveraging its
many computing cores. However, enumerating maximal bicliques
using GPUs has three main challenges including large memory re-
quirement, thread divergence, and load imbalance. In this paper, we
propose GMBE, the first highly-efficient GPU solution for the MBE
problem. To overcome the challenges, we design a node-reuse ap-
proach to reduce GPU memory usage, a pro-active pruning method
using the vertex’s local neighborhood size to alleviate thread di-
vergence, and a load-aware task scheduling framework to achieve
load balance among threads within GPU warps and blocks. Our
experimental results show that GMBE on an NVIDIA A100 GPU
can achieve 70.6X speedup over the state-of-the-art parallel MBE
algorithm PARMBE on a 96-core CPU machine.

CCS CONCEPTS

» Mathematics of computing — Graph enumeration; + Com-
puter systems organization — Multicore architectures; « In-
formation systems — Data mining.

KEYWORDS

Maximal biclique enumeration, GPU

1 INTRODUCTION

A bipartite graph G = (U, V, E) contains two disjoint vertex sets
U and V, where an edge e € E only occurs between two vertices
in U and V, respectively. A biclique is a complete bipartite graph,
i.e., there exists an edge between two vertices if and only if the two
vertices are in different vertex sets. A maximal biclique in G is a
subgraph of G, which is a biclique and can not be further enlarged
to form a larger biclique, Maximal biclique enumeration (MBE) aims

to find all maximal bicliques in G.
@

_ B

&@

biclique 2 bichque 3

Figure 1: A bipartite graph G, containing 6 maximal bicliques. despread ap-

plications, such as anomaly detection in e-commerce networks [30,
35], social recommendation in social networks [29], gene expres-
sion analysis in expression datasets [34, 39], and GNN information
aggregation [38]. Consider an example in an e-commerce network,
where the purchasing relationships can be modeled by a bipartite
graph. It is suspicious for a large group of customers to buy a set
of products together because online sellers are likely to make fake
purchases through illegal platforms to improve their credibility and
positive ratings [10, 30, 35]. We can identify all these suspicious
groups by enumerating all the maximal bicliques in the network,
and then detect them.
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Over the past few decades, many MBE algorithms have been
proposed to speed up the enumeration of all maximal bicliques in
bipartite graphs [8, 9, 14, 18, 22, 29, 32, 39]. A mainstream approach
is to use the set enumeration tree [33] to recursively enumerate
all candidate subgraphs, and then judge whether they are maximal
bicliques. The enumeration space of this method is a powerset of V
or U, so the computational overhead is very high [19], especially for
large graphs. Therefore, many efforts are made to reduce the enu-
meration space using pruning [8, 14] and vertex ordering [14, 39].
However, they only achieve limited speedup for not exploring the
parallelism of multi-core CPUs. Other works design parallelization
strategies for the multi-core CPUs to speed up the enumeration pro-
cess [18]. However, their performance speedup is still constrained
by the limited parallelism of CPUs. For instance, the state-of-the-art
parallel MBE algorithm PARMBE [18] costs over 40 minutes to finish
running MBE on a medium-scale bipartite graph Github [25] on a
96-core CPU machine. In contrast, our GPU-based solution can re-
duce the running time to 132 seconds on an NVIDIA A100 GPU [4]
because GPUs offer much higher computational throughput and
parallelism than CPUs.

HK U Syt
! There mdlmin the design of a highly effi-
clenl. MBE algorithm for GPUbFi:sl, the existing MBE algorithms
require large memory space and frequent memory allocations to
store the intermediate data of each enumerated subgraph, thus they
% f%)t r{rmut emcilenﬂy run on GPUs with limited memory capacity and
high dynamic memory allocation overhead [37], due to the severe
sm“ shortage of memory resources.
% @Seennd, the performance of existing MBE algorithms suffers from
[Aﬁ irregular computation [13] while GPUs are suitable to perform reg- |
-ﬁ ular cun?putaﬁon with high parallelism. Specifically, different GPU
ﬂ-nread; in theﬂ:a.me warp in the MBE algorithm may take different
execution paths to access different vertex neighbors, i
thread divergence problem [15]. GPUs will serialize mm
thread operations [1], resulting in low thread utilization and poor
memory access efficiency.
ly, existing MBE algorithms have a serious load imbalance
problem on GPUs. The n is that the maximal biclique sizes
L are varied significantly fvitByreal-world graphs for the power-law
cimp distribution of ferfex degteeg As a result, threads nssignl:iv;u each
Eﬁ& GPU core have different running times. When load imbalance hap-
pens, thousands of GPU threads have to wait for the slowest one to.
complete, causing degraded GP1Lperfc
‘Many existing studies have used GPUs to improve the perfor-
mance of oth;r ﬁraph enumeration problems, like maximal clique
enumeration [36] and graph pattern mining [15]. The optimizations
IR 2 include s sraph pttioaig [23],reo-level parallliom (17
ada_gﬁ!;.hg@__rmg 16], h%’@f’l‘fj on GPU [15], etc. However,
none of them is efficient for MBE using GPUs. This is because
the enumerated subgraphs for MBE. genasllch more
those in other graph enumeration problems, For in-
«r\“ﬁsmnu,itmay 1 bicli iprising several to
thousands of vertices, while the triangle counting algorithm only
considers subgraphs with three vertices. The larger subgraphs gen-
.~ erated at runtime require larger memory and computation costs
‘ and lead to more serious problems of large memory requirement,
thread divergence, and load imbal ioned above.
I To address all the challenges and achieve highly efficient maxi-
mal biclique enumeration on GPUs, we design the first GPU-based

‘ MBE (GMBE) considering the ct istics of GPU
@ hi p a i pnﬂr.m,spedﬁwly. first, we
‘ ,ﬂﬂ wxﬂ:ltnck— ic :

| e
\ @ ond, we use the local neighborl
§ & enumeration space. The new pruning approach can reduce the num-

" ber of sub-trees without visiting the nodesThus, it can significantly

@ reduce thread divergence. Finally, GMBE ly manages the size

|

‘assigned to GPU threads and schedules the tasks using
achieve balance within GPU warps and

3 Accelerating Maximal Biclique Enumeration on GPUs https://arxiv.org/pdf/2401.05039



https://arxiv.org/pdf/2401.05039

NVIDIA S GPU SIMT 128Y

Pascal #1H NVIDIA GPU $9LL SIMT (1522 418) TS 2 DERMERE (T
B EBRE ) o pascal ERREMMNE 32 MEBPAENE—RF NS, HEAAE
1883, ERBIEERLERRENEN AL TRERS, XEREBRNATRES
IEREERATIERERS, HFINRITAERATELNS, 0B 0T, REESE
SEFRERENGEREREY (BSERRSOKE | LAENE, aRE—E
E1Te

if (threadrdx.x < 4) {
Aj

B;
} else {
X;

Yi

}
z
i)

Pascal 5L NVIDIA GPU (F) SIMT SR 72 AUARAT MRS R R IB I . K5 B IR LR O A 5 0
o SRR B A, RISy S — WS AT A ) — AT M R SR RS s A
SrIRAT. AT else iEDUE . BRLELACA LA A TR S

FEgRFER I b, FATE B R TS T XA —f)iE:
|1. int tid = blockIdx.x* blockDim.x + threadIdx.x;

B, AT tid Hsi —MZ AR, BATN KRR AR ML IES 1. (ER B S
L, GPU WIILRARZ L 32 MERE N — 4L, G MERFER warp. T GPU IE /2 H1IX SeLR AR 4
—HIB BE AR ER AT A 1NN RTE

Logical view Hardware view Execution

CONTROL LOGIC

Thread Block Warps Multiprocessor

TEH 3 Pascal ZEM)H, THIX if 4332 #84, —A> warp & 5CHl—iE A,B, /)5 FHi 5 —il else 1)
X, Y, PTHESELZARATR S, BUORIEERE T Nttale? B— warp R —A PC, X4
PC R&—iR fetch —%48%, A SH 17X MNER.
£ Volta ZEMTT 4G, LRAETFIARGRELL, BANELEHA —MHCH PC, XAREGNHLRE
Al LT B CAERUT IS T .
Volta SIMT 18!

volta B TEFFE LR 2 BSLIMFRNH AL (TRERRNM , BRETE—8R. X
—REHRES M EENRITRS (SFEF TS NERR) MK, 08 21T,

i [TTEEIEIENEEENENERNRRANNY)

ULVULUULUULU ULULUULLUULULLUULULLUULUULLUUY
fGGGAGEALAAEELACOCGGOGeo 6o 666000

Lo {rate:

32 38R, MITARE

ARSET Pascal M IAEH (THAE) . volta (REHE) MMRLERFEITA BRI, volta L4k FFIF 1
ERFEMAE VIR, WY iH B0 (Po) AT (S), T U4 M R A2 ORI e B IR

Y; Z;
if (threadzdx.x < 4) { . . .
A;
B;
} else { ﬁ
S
X;

} A; B; z;
o
Bitial

i3 volta AT ERFEIMIETNGE, ATACHERAT B SRS AT AT R R R AT L
AR AT B AR B Fu s




BRI R R G B R I AR R T — AR I E B, R E L RPAT R IRA A A
REEER O RFEHAT A, FIRE FLREHAT Xo FEERZFH AR X S EMHEW, XM E
[ T DRS4S BRLR AR . B BRI & 5T A .

AR AT T R, APIXFEFRATTUFAG AT BB [B) R b 2 7 S P P B S AR ! J A
IFIE) A A+B+X+Y+Z, BUTEAR RN A+X+B+Y+Z+Z T o X B EVERM/E, GPU TEHATI A Ui fA I M 29 5

XAt E] GPU 15 — MR throughput.

AR TIAE AF 55 /2 e MhE e . IAE, FRATEH GPU 1) warp RiE Gy FRATHE B H £ dhs
EX, #8J5 MEM, XHil, OISR Z AT UIAE, SR5 FiAEfE. BB GPU Y ALU ANt
T, HEREWRNE, GPU BB B Rl —4, #H—RE i s, KR, S
AR AR FE T8 B N A SRR, vy i 808, KA 32 4> threads AT B2 AH R AR,
Frelefile RN BB ZEAE, WAARNERE ZEREAEE S (stal) , &SR N AR HUY
i, N TBIRAER, GPU I warp P8 20 M ATPHZEM) warp et , H o —4AE5 32 MR
(1) warp SRAE AT . He AR ER AR AT S5 TR FE — R, RUORTEH AN Hi B, AN AR R 2
PEAR A W fhdle, LA E A CH DT, B warp B TR EPAT R 7K IE 2.
e N— 1K) warp, A2 % GPU [ shader cores V) #3175 —2H 2672 E 4k 224047, BRb 2z Ahi%
A HABEAM T4 o S XA RS A AR, FRATARINIRAT AT LA SE b BRI FH 405 A7 R B 8] 36 47 31 7
i, P E AR (HE, FEIXMEOR T RS AT I AR /e K T B4 H I T ) .

PRl 70 SR IFATHH R R — DB F . FOA S0 ARFTLL—E add HIFE 4, BILE
HAER add & sub, XFERIPERE T BER AR — B 5% 21 CUDA Hh b 50 225 18 1 ] 75 o

S = AN IR R G R i . RTREAT TR R, AN ERRRSE RS 1. 1 GPU RO
WAEEFAG AT EIH A B, S HAR R EIW, X2 R A2 0.

PAERT GPU 1E B 77 TH FI 575 maximal clique enumeration, graph pattern mining, Ak 7712
4 data graph partitioning, two-level parallelism, adaptive buffering, hybird order. {HZ41#E H &
TN SE L, TR R ) MBE TGREN T .

HRERATH R A BB —, X AAE R, FRATKEIAAZ ] foredl GRIAARFD) , AR EE
F| H root node ] Memory T A& H . copy #1— 3o 2 —THIX 70 3 ) @, AT A local
neighborhood size K/ 225 10], MTIE/D if RS, 26 =THIX ik a @, FRATSHRYE subtree
() HAR KN R BN A& 5 BL AT 55

FATH B ERAEZEH fast CUDA primitives 2k 2 W 2%
RSB ATM GPU L MBE (5% GMBE) Sk, "
LFERGIEIE" R CUDA F4HXT LRI (thread & @@@E
warp) AR IIAE . FHUE CUDA /Mt
THAT TG, BEEE 32 NMERE. ERNEFEIE G i
kG BRARELRER, DISeBEARE ik A, | mmmm

BINEFHXAEFATNE, t— M HiEEsy | EEEE
i, FRA14E IR R TR I tid Cthread id) > A
JERRAE LA id BEAT T, ERIEWMBENINA T, 22 | @@E®
S8 —A warp N 32 NEFE, H 16 NMELL, 16 MEL | GEEE
(e omem)emg)
4 https://www.cnblogs.com/hellobb/p/10695915.html finish & swap

(e (m) oo
(o))
(e omgem)em)

txr | txr
& swap



https://www.cnblogs.com/hellobb/p/10695915.html

AR . MRMFERZ, —4> warp 32 FEELIL, H—4 warp 32 LFEEL L.

1. __global  void mathKernell(float *c)
2. {

3. int tid = blockIdx.x* blockDim.x + threadIdx.x;
4,

5. float a = 0.0;

6. float b = 0.0;

7. if (tid % 2 == 0)

8. {

9. a = 100.0f;

10. }

11. else

12. {

13. b = 200.0f;

14. }

15. c[tid] = a + b;

16. }

A2 FRA T AT LLXAE S RATHAS . 2EHI TN N | warpSize, 55— MR A I 9 5 tid
M0 F| 31, tid/warpSize #55T 0, MBABANAT if iFF). B ADELIERA ML T tid A 32
#] 63, tid/warpSize #\%5T 1, AT else iBH],
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AR BOE PR RS, vT DM % __syncwarp() 518 K [F] 20 warp F1 126 FE . & AL F__syncthreads()
JRiE (FRDERRBIRT R T A 288 , EREZ .

void __syncwarp(unsigned mask=FULL_MASK);

__syncwarp ()R IBEfE IEAEPAT IR FESEAr, BRI € WA 2R mask L HUT T __syncwarp()

CRAMER mask) , REAMEHAT. ERRME T —A W, DLRraRaEipEiEe
BT AN 22 J I A7 HEAT I8

A “FB B FIBE AR P ) — R 2 R PATE S EAE. B, K2 BRTH
R =AY BENRFETE R — warp FH AN —ADRFEH __shfl_sync()8k __shfl_down_sync()3U it ,
I AR 2R 4R ballot_sync()#U— MRS, ISR warp oA 15 615 17 S 4
BRI .

int __shfl_sync(unsigned mask, int val, int src_line, int width=warpSize);

int __shfl_down_sync(unsigned mask, int var, unsigned detla,

int width=warpSize);
int __ballot_sync(unsigned mask, int predicate);
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Figure 3. Shared memory search

1. __global__ void mathKernel2(float *c)
2. {
3. int tid = blockIdx.x* blockDim.x + threadIdx.x;
4, float a = 0.0;
5. float b =
6. if ((tid/warpSize) % 2 == Q)
7. {
8. a = 100.0f;
9. }
10. else
11. {
12. b = 200.0f;
13. }
14. c[tid] = a + b;
15. 3
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Algorithm 1: Recursive MBE Algorithm

MABATERSARE], REERIREG R —A sm #R—4
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Data: Bipartite graph G(U, V, E)

Input: Set L C U, disjoint sets R, C C V
Output: All maximal bicliques

procedure recursively_search(L,R, C):

foreach v’ € C do

L' —LNN(@);R « R C" « 0,
foreach v. € Cdo // Node generation
if L’ N N(ve) == L’ then
|_ R —RU{uo}
elseif L’ N N(v.) # 0 then
L C«—CU{ok
if R ==T(L’) then // Maximality check
Output(L’, R’) as a maximal biclique;
recursively_search(L',R’,C") ; // Recursion

C«C\{v}
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GPU usage guidelines. There are several notable guidelines for
improving the efficiency of GPU programs. First, dynamic mem-
ory allocations on GPUs are expensive because many threads may
allocate new memory at the same time, causing problems such as
thread contention, synchronization overhead, and memory frag-
mentation [37]. Therefore, we should carefully manage the valuable
GPU memory and avoid frequent memory allocations. Second, we
should minimize the thread divergence, i.e., threads in a warp take
different execution paths on the GPU. Because GPU has to serialize
the different execution paths, thread divergence can severely de-
grade the execution performance [1]. Third, we should pay more
attention to the load balancing among multiple cores on the GPU,
because thousands of cores have to wait for the slowest thread to
run on a lightweight core, which is costly.

Recent optimizations. To reduce the computational overhead,
researchers mainly focus on reducing the enumeration space, us-
ing various vertex ordering and pruning approaches [8, 14, 39].
To achieve further speedup, other works parallelized MBE algo-
rithms on multicore CPUs [18] or distributed architectures [32].
Specifically, existing parallel MBE algorithms distribute all vertices
v in V across CPU threads, and each thread generates a subtree
correspondingly using 1-hop and 2-hop neighbors of v. However,
their performance speedup is constrained by the limited parallelism
of CPUs. For instance, the state-of-the-art parallel MBE algorithm
PARMBE [18] costs over 40 minutes to enumerate all maximal bi-
cliques on a medium-scale bipartite graph Github (180k vertices
and 440k edges) on a 96-core CPU machine, as shown in Section 6.2.

vy

L uyu,
[
1)

Figure 2: An enumeration tree for bipartite graph G.

4.1 Stack-Based Iteration with Node Reuse

To reduce memory usage, we propose a stack-based iteration with
node reuse. The key idea is that we can reuse a node x to represent
its child nodes with additional metadata stored in the node x. By
doing this, we save the memory space allocated for the child nodes
of x. We can efficiently support node reuse because during enumer-
ation the L U RU C of the child nodes of x is always a subset of the
LURUC ofits parent node x. For instance, vertices {uz,v1, vz, 03,04 }
in child node g ({uz}, {v1,v2,03,04},0) is the subset of vertices
{u1, uz,v1, 02,03, 04} inits parent node p ({u1,uz2}, {v1, v2, v3}, {va})
as shown in Figure 2. We describe this stack-based MBE algorithm
with node reuse in Algorithm 2.

Algorithm 2: Stack-based Iterative MBE Algorithm
Data: Bipartite graph G(U, V, E)
Input: Set L, C U, disjoint sets R,,C, TV
Output: All maximal bicliques

1 procedure iteratively_search(Ly, Ry, Cr):

2 nede_buf .init_and_push((Ly, Rr.Cr));

3 while node_buf is not empty do // Iteration
4 (Lp, Rp, Cp) « node_buf .pop() ;

] if Cp is not empty then

6 o' « the smallest vertex in Cps

7 node_buf.push((Lp,Rp,Cp \ {0’ }):

s L' ¢ Ly NN(0); R' ¢ Rp; €' ¢ 0

9 foreach o, € Cp, do // Node generation
10 if L' " N(v:) == L' then

1 | R —FRU{oh

12 elseif L' N N(v.) # 0 then

1 | € «CUfock

1 if " ==T(L’) then // Maximality check
15 Output (L', R’) as a maximal biclique;

16 L node_buf .push((L", R',C"));

Specifically, instead of dynamically creating and freeing nodes
for recursions in Algorithm 1, we replace recursions (line #11 in
Algorithm 1) with iterations (lines #2-5, 7, 16 in Algorithm 2) and
explicitly manage nodes with a stack-like structure node_buf. The
node_buf structure and its update process can refer to Figure 5. A
node_buf consists of a root node (Ly, Ry, Cy), the attribute depth
of each vertex in L, U R, U Cy , and the traversed vertices from the
root node to the current node. The depth of each vertex is updated
according to the depth of the current node (i.e., the number of

ancestor nodes of the current node). We can apply the node reuse
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This programming style (which we shall refer to as ‘nonPT")
forces the developer to abstract units of work to virtual
threads. As the number of blocks is dependent on the num-
ber of work units, in most scenarios there are several hun-
dreds or thousands more blocks to run on the hardware than
can be initiated at kernel launch. In the traditional program-
ming style, these extra blocks are scheduled at runtime. The
switching of blocks is managed entirely by a hardware sched-
uler, with the programmer having no means of influencing
how blocks are scheduled onto the SM. So while these ab-
stractions provide an easy-to-program model by presenting
a low barrier to entry for developers from a wide variety of
application domains, it gets in the way of seasoned program-
mers working on highly irregular workloads that are already
hard to parallelize. This exposes a significant limitation of
the current SPMD programming style that neither guaran-
tees order, location and timing, nor does it explicitly allow
developers to influence the above three parameters without
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Use Case Scenario Advantage of Persistent Threads

CPU-GPU Synchronization Kernel A produces a variable amount nonPT implementations require a round-trip commu-
of data that must be consumed by mnication to the host to launch Kernel B with the exact

Kernel B number of blocks corresponding to work items pro-

duced by Kernel A.
Load Balancing Traversing an irregularly-structured, PT implementations build an efficient queue to allow
hierarchical data structure a single kernel to produce a variable amount of out-

put per thread and load balance those outputs onto
threads for further processing.
Maintaining Active State A kernel accumulates a single value Because a PT kernel processes many more items per
across a large number of threads, or block than a nonPT kernel, it can effectively leverage
Kernel A wants to pass data to Kernel shared memory across a larger block size for an appli-
B through shared memory or registers cation like a global reduction.
Global Synchronization Global synchronization within a ker- In a nonPT kernel, synchronizing across blocks within
nel across thread blocks a kernel is not possible because blocks run to comple-
tion and cannot wait for blocks that have not yet been
scheduled. The PT model ensures that all blocks are
resident and thus allows global synchronization.

Table 2: Summary of Persistent Threads use cases
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Figure 2: Pseudocode for ray-box intersection.
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#4: Global Synchronization
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CPU thread

Cuper: :Std: :Cpu constructor J

JL_

Persistent<<<>>>launch

CUDA kernel
RedHawk CUDA Persistent Threads (CuPer) API

Cuper::Std::CudaiBlock constructor

The standard interfaces are provided in the <cuper.h> header file. All elements are declared
within the Cuper: : Std namespace. There are three classes defined therein: Cpu, Cuda1Block,
and CudaMultiBlock. An object of the Cpu class is created in CPU source code. A typical
usage would have a form similar to this:

void cpuFunction (..)
Std::Cpu

pu_p;
" tGetDevicePointer(&d_A, h_A);
tentcccblocksPerGrid, threadsPerBlocksss(p.token(},

d_A);

__global__ void Persistent (Cuper::Std::Token token, float* A)
{
Cuper: :Std: :CudalBlock p(token);
for (.) {
p.waitForWork();
if (p.isTerminated()) break;
.. perform workload ..
p.completeWork();
}
}

CPU 7 lunch Z8F2 )5, CUDA &FE MR N AEBIEAL TR aRAS (B A% cPu TR S 8)
) , AR5 CPU ZRFE B4, CUDA B iH 115, CPU & 1E waitforCUDA T8iU %51 GPU ZiFE5E

Initialize buffers for CUDA

\___‘______/

p.startCuda
v i i

Perhaps perform

unrelated CPU work here
-
L]

p.waitForCuda J"
v

p.waitForkork I
p.completelork J
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Algorithm 4: Load-aware task-centric scheme in GMBE

processing_v is a global variable initialized as 0 ;
SM_task_queue is a global concurrent queue for load balance ;
// For each warp

1 procedure warp_kernel:

while true do

if SM_task_queue is not empty then

4 | (L,R.C) < SM_task_queue.dequeue() ;
else

vs = atomicInc(processing_v) ;
7 if vg € V then
8 L e N(05);R « {v,};C < 0;
o foreach v € N;(2s) do
10 if LN N (o) == L then
1 L R« RU {v:};
12 else if o. is with later order than vs then
13 | C=Cufock

else // All tasks on GPU have been processed

15 L return;
16 if R==T(L) then // Maximality check
17 if min{|L|, |C|} % |C| > bound_size and
min{|L|, |C|} > bound_height then
foreach vy € C do // Node generation
Lt & N(v;);Rt < R;Ct « 0;
20 foreach v, € C do
21 if L; N N (vc) == L, then
22 |_ R, « R, U {u.};
23 else if L; N N(vc) # 0 then
2 | G —Ciufo}
25 SM_task_queue.enqueue((Ls, Rt,Cy)) ;
Ce—=C\{n}
else

L iteratively_search(L,R,C);
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Evaluating Modern GPU Interconnect: PCle,
NVLink, NV-SLI, NVSwitch and GPUDirect

Ang Li*”, Shuaiwen Leon Song, Jieyang Chen, Jigjia Li, Xu Liu*, Nathan R. Tallent, and Kevin J. Barker

Abstract—High performance multi-GPU computing becomes an inevitable trend due to the ever-increasing demand on computation
capability in emerging domains such as deep learning, big data and planet-scale simulations. However, the lack of deep understanding
on how modern GPUs can be connected and the real impact of state-of-the-art interconnect technology on multi-GPU application
performance become a hurdle. In this paper, we fill the gap by conducting a thorough evaluation on five latest types of modern GPU
interconnects: PCle, NVLink-V1, NVLink-V2, NVLink-SLI and NVSwitch, from six high-end servers and HPC platforms: NVIDIA
P100-DGX-1, V100-DGX-1, DGX-2, OLCF’s SummitDev and Summit supercomputers, as well as an SLI-linked system with two
NVIDIA Turing RTX-2080 GPUs. Based on the empirical evaluation, we have observed four new types of GPU communication network
NUMA effects: three are triggered by NVLink’s topology, connectivity and routing, while one is caused by PCle chipset design issue.
These observations indicate that, for an application running in a multi-GPU node, choosing the right GPU combination can impose
considerable impact on GPU communication efficiency, as well as the application’s overall performance. Our evaluation can be
leveraged in building practical multi-GPU performance models, which are vital for GPU task allocation, scheduling and migration

in a shared environment (e.g., Al cloud and HPC centers), as well as communication-oriented performance tuning.

Index Terms—Performance evaluation, GPU, interconnect, NUMA, PCle, NVLink, NVSwitch, SLI, GPUDirect, RDMA, NCCL
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Fig. 4. PCle interconnect topology in DGX-2.
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Fig. 1. PCle and NVLink-V1/V2 topology for P100-DGX-1 and V100-DGX-1.
The thin black connection between GPUs means they are interconnected
by a single NVLink. The thick red connection in (B) means two GPUs
are interconnected by two NVLink-V2s.
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Fig. 3. NVSwitch interconnect topology in DGX-2.

F Kepler Z2#J L%, NVIDIA GPU 5| A\ | GPUDirect-RDMA (AMD H s #& H 1
ROCn-RDMA ) . ‘BEffi%E =77 PCle &%, Fihls2 1B FHLMIEER % (BRI HCA) W LUEIE PCle
BV GPU W& WA, iR CPU BLEAA4r B, RS 179 mE GPU BB MR, AT
53 1B RDMA, GPU IR B # 4L T—A 0S WAZY 2, LR [l — X GPU 154 PN 17 1) DMA
SR . R P RIS 1B X, B GPU A N AE I B Ant ik ) 1B IREh 3SR HUE S
1B BRENFE TSR J5 PR — NI FE R IR DMA B o B fm, — AN IR 1 1B JE 90l N A7 S5 F B iR [
SRR, Wi e IEE I cPU WTE—FE,

=B
]
] ]
= L B

EHEBEANE T IX A2 WS T %, XTI AT PLE AT GPU Ui Rl A . AR IEE 1 B PR
B, WREA AR, 5ZHL2 K1 CUDA FR/F R g & BRI . IEQsC A it: 4 R0 sE
Bl cLafE AR A HEER, BN

(a) T ZE LA O SR AR F R 28 H 4, LASEIL B I AR

(b) FEALBREE . B A GEBH I ] i s

(c)PERESRbR FTRERI N AR P RFPE MO AN ) (o, /MBS A 2B 3R, (H AR Sa I R0 98 ) o

N TR I e G H, NVIDIA $REE T ARIAIE S B (NCCL) , TS5 MPIARIASEALL J5LE,
(AMD #fit 7 RCCL) . NCCL H a2 #r fufh CL #20: broadcast, all-gather, reduce, all-reduce, and
reduce-scatter.
AT AR KR %, NCCL 7EIE 15 1Y GPU, CPU Z [AIFIE IR IR 4%, 8 14 B 7 1) e /B,
I LUEE )7 IR R E 2T (B 5, nT DA b S FR A b o NVIDIA FEFR, i EE AT
DL K 2 bR AE (1) NCCL P2 N A S 420 e AR B A5 56, 9F HL AT DR 25 2 B S FH T8 P 28 ¥
s



©CPU OGPU @ PCle switch

o] 7 S— 3 [ S 3
61, i X G1
162 H »>1G2
A |k " 4
NvLink|| © E="067 nyLink| ' G4 G7
\ i

[ e G6 G5t G6

o (B) NCCL Two Rings (C) NCCL Backbone Ring

{RLNCCL Kingr i PCL-e; Netwek in NVLink-V1 Network in NVLink-V2 Network

Fig. 18. NCCL Rings for PCle, NVLink-V1 and NVLink-V2 interconnect.
(A) for PCle, the ring is to traverse the binary-tree network; (B) for
NVLink-V1, there are two independent rings, marked in red-solid line and
blue-dashline; and (C) for NVLink-V2, the lines with 2 links form a fast ring
(i.e., the backbone network) while the lines with 1 link form a slow ring.
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2. fER—A GPU MG H O %e*5 )5, BATELREME] L 18 AT BB L T . NCCL 24l
% bootstrap ML ESE, FFRIFER] ncclComm B . 17X B i RE & H MPI, MPI 455 —
AN GPU RIX(ES, 4 EMMIAT rank 3. #5535 rank n ¥ GPU 245 rank n+1 [] GPU (25, KGR,

rank@ rank@ ranke
handle handle handle
rankl rankl rankl |
handle handle handle
rank2 rank2 rank2
handle handle handle
CsDN @KIDGINBROOW

21

22 state->dev = idFromEnv ? findSubnetIf : @;

23 void* extBstrapListenCommRoot;

24 NCCLCHECK (bootstrapNetListen(state->dev, &info.extHandleListen, &state->extBstraplLi

25 NCCLCHECK (boot apNetlListen(state->dev, &info.extHandlelListenRoot, &extBstraplListe
26

27 i €

28 if (nranks > 128) {

29 long msec = rank;

30 struct tv;

31 tv.tv_sec = msec / 1000;

32 tv.tv_nsec = 10008608 * (msec % 1008);

33 TRACE(NCCL_INIT, "rank %d delaying connection to root by #1d msec", rank, msec);
34 (void) nanosleep(&tv, NULL);

35 }

36
3z
38
39
48
41
42
43|}

nect(state->dev, netHandle, &tmpSendComm));

nd(tmpSendComm, &info, sizeof(info)));

oseSend(tmpSendComm)) ;
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6. BIRHSL [ B/ NERAT, HZ, FRATHEE T OREMH) & 5L NCCL Channels. X2t Alg? —
/) github issue®/Z&1X 4 [F]Z [ : “ Channels map to GPU SMs, so using more channels means using more
GPU compute resources. NCCL tries to minimize the number of SMs it uses, while delivering the best
performance. For TCP/IP sockets, the speed we're trying to achieve is usually less than 10GB/s, which
we should be able to achieve with the minimal number of channels (2 currently, to ensure proper
overlap and no bubbles).”

WY, FRATAT LLIE Channel BEAR Y NCCL ZhaS TR 80— AN EE M2 1. B A Uik GPU 5
A GPU £ SM Hli {5 . W Channel BE 15 SM it /b, FATHIAGE S B 58 AT 55, WIHR Channel
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NCCL_NSOCKS_PERTHREAD: 1.2 % fu VRt BNl TE L BB 2 A By b ddE2
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NCCL_SOCKET_NTHREADS: IHZ¥H T-¥ /M %& TCP/IP 13 TVE BRI Z A cpu %0 b, 18
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ZF AR, HREROKEIAE Z/08dE. AR E VN RARRAT AR, A1
B —A char, BB SRMRPUHE BT A .
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1. static ncclResult_t setupChannel(struct ncclComm* comm, int channelld, int rank, int nranks,
int* ringRanks) {

TRACE(NCCL_INIT, "rank %d nranks %d", rank, nranks);

NCCLCHECK(initChannel(comm, channelld));

struct ncclRing* ring = &comm->channels[channelld].ring;

int shift;
for (shift = 0; shift<nranks; shift++) {
if (ringRanks[shift] == rank) {

O 008 N [Opf L EEEECOR N

break;

¢ How to decide the right number of NCCL channels? ¢ Issue #438 < NVIDIA/nccl
(github. com)
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10. }

11. }

12. for (int i=0; i<nranks; i++) {

13. ring->userRanks[i] = ringRanks[ (i+shift)%nranks];
14. }
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— AR AR P i, A IR 5% A% T SR IR R

7.2 RIEuGHAT send setup, AIEE buffer 55, HAHEAE Eid K F connectinfo, 2R )5 KIEL
Koo . X —B a2 ROMA 56, FAT8E A connectinfo (Project4 #8217 #57> RDMA [ 515
£, RDMA A5 iC %22 E] OS A 1) RDMA JRZNFE /5 FIAH G EEIR BE SR e, FRATT NCCL 3iA FH PR
HUX T

7.3 KIEImBEESZBPPER 1 IO IS S, IR JE BT Rk i BRSO I B4, p2p R TE
R TR B0 S XT3 buffer, RDMA 5% E’hﬁ—rﬁg%}]ﬁ‘*@c QP F INIT R4 -RDMA 1 [¥] QP(Queue Pair,
BAZIXS) 22 ROMA J8AE T i — AN ENES, T SGEAE 1o RN BB S B4 P #5 —4
A H g RN — N I AR O R OC G, A AR i s R QP BTAE ML R b A CE R, R b A
Foon 5 Z 015 P FE AL LA TS S

— QP BEHENH B KiENF] (Send Queue) FIHEULBA% (Receive Queue) . Ki%k
BAZ T A7t e % 48 A RDMA ARG K, 32U BAHI FH T A0 F6 i 381 ) 2504 A ROMA 245 52
JEAT . ROMA TERCZSFEREAT ROMA # AR 2 B BN AL BEIX LERAF1, T S I 5408 A% A e A5 1) H



(o AL, X L QP sl 78 24 Buffer BOME T, NCCL 2 MR8 R Gtk 3 B 34 2 2 15 75 2 15 )5 H buffer.

Receiver Sender

s

trecelve setup send setup

rdli ™ Ve ~

{ buffer  je——— ' putfer )

9 . \_ Y

,"’,connectlnfo:\‘) ( connectinfo:

\_ipport / \_ipport /
#alfrsocket }- T *{ Kiksocket

7.4 B B2 RB I 2 o send RIEME R, SR EE BRI B &% i (K85 82, p2p 5
B IC X buffer, RDOMA 35 35 E 44640 QP 3| RTS IRAS, KA 1 QP 15 B K& A% i . (RTS
RS RN Rk i O I OB R, 15 R R IE SR WD

7.5 WIR ROMA S35t , K3k smids fa i iont o (¥ QP RS AR LA S 1) QP 31 RTS IRZE . X
#& RDMA [f] QP & — XA BA A T 75 BN o

X2 5, ASE R A& % st v] LLEATIERE T,
8. XHEEEANH T HEATSFA GPU P2P H/E 1K I

1X B ncclSend/ncclRecv i #E, FEFMEM P, Joiliid peerlist ¢ H 7 BB Tk, )
Pl T AR kernel BT TR E IS4, AR5 )5 3 kernel $UATHE DLRPT],

comme * comml
intraParams| args args intraParams
stream | stream
myParams ‘ myParams
args [ args
argptr I argptr r
channel ‘ H channel JU J
nchannels p2pnChannels nChannels p2pnChannels
send | send send | send
peerlist | ey | recy peerLlist | recy | recv
sende| A J B re:va‘ A J 5 | sendl‘r A ‘ B | recvllr A | B ‘

TR SCH B R YE, NAZ a2 FATHO S args stream B 4T B4 )5, BHH— ptr 77 A (R Project4
B data* &4 1), AAJEIEFERNT GPU A —A> Channel, HGFKiE T, MG RIE, KIiEMEE
WIS FE AR IR AT 2 HIHf 7€ 1Y) Channel, JE 3% NF) CUDA #ZBREL, TEXTRT SM 3T IEAE .
A neclColl 24447 neclSendRecvKernel<4, FuncSum<int8_t>, int8_t>, A HIZRFE 151 Ki%k, FHIM
TR, A SR EREIEOE S, A — M%K% ReduceOrCopyMulti, 'EFMAT
M buffer 87 QP BEHE I DL, RRIRFE DI LA blockSize



template<int UNROLL, class FUNC, typename T>
_ device__ void ncclSendRecvKernel(struct CollectiveArgs* args) {

const int tid = threadIdx.x;

1
2
3
4 const int nthreads = args->p2p.nThreads-2*WARP SIZE;
5
6
7
8

const T* sendbuff = (const T*)args->sendbuff;

T* recvbuff = (T¥)args->recvbutt;

2

ie if (args->p2p.delta < @ ) return;

11

12 if (args->p2p.delta == @) {

13 if (tid < nthreads && sendbuff != recvbuff) {

14

15 "

16 int blockSize = 1<<38;

17 Fmoffsenargs»puhsend(nunt; offset += blockSize) {
18 size_t remaining = args->p2p.sendCount - offset;

19 if (remaining < blockSize) blockSize = remaining;

20 ReduceOrCopyMulti<UNROLL, FUNC, T, 1, 1, 1, 1»>(tid, nthreads, 1, &sendbuff, 1
21 sendbuff += blockSize; recvbuff += blockSize;

22 }

23 }

324ulong2

warp |

SotF AN R 1 G send K B MR 48 52 1) sendbuff #% U1 3] NCCL P2P transport ] buff, recv
B HE M buff $2 ULEIF 746 € 1 recvbuff, NCCLIEIT head, tail 8% K 58 BN 1% A2 G FE 1K)
Pl TR R RS 0 BRI kernel K5 B4 A\ sendbuff # U1 3] recvbuff BT,

23X Bl buffer 5 —NEZEFFEHL, CxBIEEmMBIME T X B EREREI B,
WAL TniER s R IRAT BRI N buffer 2 FIPI, HZIRANTFERA ptr, XHHERA]
KRIEBIEHE 55— ptr S tailptr, T A& 71 510 s AT W7 BB HE 2 B 1 . 58 — N2 send ptr,
B A BTICSR ARE T R B E 1 o BRRIXLE ptr # 2 HTHE block MR (R A A IS Fz ost & ix A
WL , IXREPRIA P E R AT DOARAE R IE S U B Sh A T B SRR RIS O, AR 1IE
FIHT buffer f& 52, IXFEA AR ORIESE 9 50 B AROR R

Receiver E
L J—
)

/ \ 7 N
( tail ptr H*Iﬁ]%j;( tail ptr |

R o T

head ptr \7@& {  head ptr /\
N S

5 A

connectinfo: connectinfo:
ip port & ip port

( #5Mfrsocket }—@J

.

B, XABRIATH 0S A7l e R i ng 2



9. ZHLZ RiEE

NINIFRAT TG 56 1 P2P {5, FB4, EB4rEPaPWE? FRATIFE n A Kernel, n 4> buffer, 2R)5
FHAE Kernel REEANERR— IR EHIE) setupo. 1HA2&, XFERITE, 15— Kernel EFEHIHIHA S 2,
AEANBE Kernel SR 4 5T R EE, S8)G 70— NIEEEEVR? Frih, FATRH T — A28 proxy (1)
. Proxy G — /MU, BEASTEITE— GPU WANIHE ) SenderKernel ] buffer g 15454
[FEHIHLAS, GPU kernel 47 5t 4 i 75 4% i 1) 50 1A bk DA S B8040 0K /0N, 1T Proxy A% 7 513 58 ik
SR ) B A i

GPU2

\ Receiver
’—’Q buffer J—’ Kersial — data store

GPUO

P
data send Sender { buffer \
Kernel

Sender
Kernel

RDMA

datasend —— buffer

GPU3

buffer )*v Régf'_"‘;?r |—* data store

IH1E 1 kernel F1 proxy ZRFE A 5E A, send Ui kernel 51 BTEEEHE M input #3523 buf, proxy
ZRFE 5T buf AR B E T X 28 K IE L recy Ui kernel A proxy [8]E i BA 1) S I A PR T B A AR
Ko

send il i rdma send KX, 1 recy dipil i BA S S AR PR P E A, BABIAL T send
Ui, recv WEEIR N K —A wr 3] rq ZJ5 & AT rdma write J# %1 send i o

SEHL T ZHEZRELUE, R EE S T . i scE 10 #2311 ring allreduce Fil[E,
% 11 ] double binary tree 1[5 (SEW ARG SE TN A, PAETIE) , TATHEEH proxy
BR AR KRGS T, EMIE proxy Jhr Hk 5, 5 1 PSR A L i v b S2 3 .

XA AELHE S A AL 51N o T8 Ik A DE B 3%, ATt e S GPU 5 Switch [ Z540 M,
SEFLAE 1B R A 1B SHARP Al NVLink T ) NVLink SHARP . SHARP 5 A 2 1B A2 B WL A 1 5L E1 % ( Compute
Offload) AR . B A% AR THRAT 55 10— 8670 M CPU K 2] WX 288 2 e il Fh gh AT AL R, BAYRL
B CPU [IfdH, JHRE MBS MBCRAERE . FRER, XA BIRE T 6GPU B EMIE, I
7E NVLink SHARP H173 2| T %[ 144 GPU R AL ER AT



Switch/Router

4 \.'. A% A g .\‘.
SO00 GO GO0 GO0

Physical Topology

(a) Physical Network Topology

fE EEXTE MR E, BRI LER RSP RWALE R, AR 2 # AT LLEAT R
T ey, FATESE latency, EA — ML T — @ ARG, latency B2 AR KL
Uk FRATHA B AHMEE, RARIATIA = E W S A 1) buffer T 7, SEEE R
AR PEEE TR T2

BATATLLE R, latency HIH) fUH BLAR H SCERFRATT )@ (5 BW (GB/s) HSEAE 584X 51,
L 7E Figle LI A I, PCle 3 5 7E 14 K7, 1H2 B I8 PCle 7 %5 473 S fE 18 ¥XJ7 - NV-SLI 1] latency
P 5AE 18 Ty, 1 B I HE KMEZ 18 £ — 51, MLk PCle B 2H B E ML, Local address fLLT-7E
18 K TJ7-22 IKJ7 B A BTk, (R E % — B2 20 K7 A . Ak A 4 local address 2
—AN LA ? FRAG T REAS Kernel MR SEUN, MWIMGHE T SM 5a5 . ANidix H 2 HE .

(E) P100-DGX-1 Bidirection BW

. (A) P100-DGX-1 P2P Latency Ju (C) P100-DGX-1 Unidirection BW o
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Fig. 15. P2P communication latency, unidirection and bidirection bandwidth with increased message size via PCle and NVLink for DGX-1.
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Fig. 16. P2P communication latency, unidirection and bidirection bandwidth with increased message size via PCle and NV-SLI for the SLI-system.
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Fig. 17. P2P communication latency, unidirection and bidirection bandwidth with increased message size via PCle and NVSwitch for DGX-2.



T—14X BLAS: Tensor-Tensor

FERATF SR P 52 E, BLAS IS B BAE 1Y, ek 80 SR 2 1 AR EE 4 i UL FC AN
o AL, “HEEAEMRGANTEGAER” , SHaAu, 1 BLAS Mi% /2 i 4ERE I 13
NFE4, WE2 Tensor B S, Xfitk, MATHEIRAL T H 8 API

BASIC LINEAR SUBPROGRAMS

A Success Story

1969 - BLAS Level 1: Vector-Vector I |
=a] +

1972 - BLAS Level 2: Matrix-Vector I .
= *

K
Now? - BLAS Level 4: Tensor-Tensor j =|]
2

1980 - BLAS Level 3: Matrix-Matrix

TENSOR CONTRACTIONS

API

00800
const v ec( ],
cut = *

Dypmne =0 Eo.p(Au‘u‘p.uc ¥ u.m,p,ﬂ) +BCabmn.c

auto status = cutensorContraction (handle,
alpha, A, descA, { ‘a’, ‘o’, ‘p’, ‘b’, ‘¢’
B, descB, { “o’, ‘m’, ‘p’, ‘n’ },
beta, C, descC, { ‘a’, ‘b’, ‘m’, ‘n’,
D, descC, { “a’, “®’, 'm’, “n’, ‘¢’ },
CUTENSOR_OP_IDENTITY, CUDA_R_32F, CUTENSOR_ALGO DEFAULT,
nullptr, @, stream );

3 (AMVIDIA
Devin Matthews et al. “Tensor interfaces”: i1

Tensor [FI3RVEER GEMM MIEL, 2 TVFZHMAL s F, Botnid, BATZ f i i £l SR
BlE, XA SRR SN, WREEREE 7. FHIf, RATEREL SM A3 En 4, &
—ANYEE ) SM RIS YRS (3R . SCE (A7) B R R 4E I U A2 [B] GEMM. AN, BT
CRAPIINELID OVATESS 15 /1L S AT

P — i/ = L—— 77q
Bl R | =a A X 7| B Bl IR | =a A X 7 B
n B a n B a

P (e
-~
Bl R |=«a A X 7| |B
] B a

(c) Slicing v and & — GER

113

AN RRATEL T A SN T e i s, R BT /T ST SR 5
TRR. BREREEMETH ERSREAR, EamamsFsiaRr—5EE. B



R H— LN E B R PE L e — AN B, FEAEA Java K 2 IMEBFILRIE R . R
K, HEEFE T RAG (Retrieval-augmented generation: &R IE5HA: B, 1X & —/MELE,
SV R 5 A B S SRR, EMR R e, A E AR BGER 2
ZER%.

I—KH GPU FER. At AFRIA N FRATT IE Ak T 31X 3746 2 38 5 11 A= B v 50 85 e 1) i
AN T e N LT e H A v] BBk — 40

CUDA SC4m: PTX

BAVEEX T AR FE R MK CPU, ol RISC-V, 1A —&EH CiELS%E. B4, GPU
AEAHCH—E ISAE?

XFLR PTX, FHATEFEHAT (Parallel Thread eXecution, PTX) , ‘BF fif4 Java BT, 2
—™ a low-level parallel thread execution virtual machine and instruction set architecture (ISA), X4
TR 2 WKIES] GPU b, HIZRARH B A5 R AT BARH SIMT #2422 [9)4R R 1 1E nvee J 123 9
P cuda WA AT R AT AR

8%, AT LU nvee-gdb B Nsight K& & BARHATHITE L. Nsight LR RATZ ATE 1
VTune —F£,

GPUBlackScholesCallPut (il
B][e 1
int pos = blockIdx.x * blockDim.x + threédldk,x;

%] S2R R2, ID.X

748
while (pos < num options)
8 ISETP.GE.AND P@, PT, R2, c[@x@][@x168], PT
@iPe  EXIT
= blockIdx.x * blockDim.x + threadIdx.x;

NI A& CUDA B 77 BRI — M+ F2F BRI AT BRIRATTAY asm U text 242, il €
XA r1r2 (32bit, T LA int), array[N] (32 1 float) . #RJGmiAE.main, FFATK thread id Ik
HY r1, SRJEK rl AR S) 2 10 K AR arraylidx /4R E S r2, 285 r2+=0.5; &L KAME
42 )5 Kernel BLIX W] BB 25 B2H N 1) — 5B o il A7 vk 84 .



Examples

.reg -b32 ril., E2;
.global .f32 array[N];

start: mov.b32 s Btid. e

shl.b32 Sl Hil, 728 // shift thread id by 2 bits
1d.global.b32 r2, array[r1]; // thread[tid] gets array[tid]
add.f32 r2, 2, 0.5; // add 1/2

¥R CPU ISA N—F£ 72, GPU [ ISA H Vector JE o HSZIRATH T LA BHEY RISC-V [ V #1 &
A, IXEIDFSIIL T 32 AL E LR SIMD #:E, Hilt A Vector HIHAE. Vector fH:{E
HANBHAEAZ . AL, RRBFENAND T & 4E5EFE Tensor H17712

Limited-length vector types are supported. Vectors of length 2 and 4 of any non-predicate fundamental type
can be declared by prefixing the type with .v2 or .v4 .Vectors must be based on a fundamental type, and
they may reside in the register space. Vectors cannot exceed 128-bits in length; for example, .v4 .fe4 is not
allowed. Three-element vectors may be handled by usinga .v4 vector, where the fourth element provides

padding. This is a common case for three-dimensional grids, textures, etc.

Examples

.global .v4 .f32 V; // a length-4 vector of floats
.shared .v2 .u16 uv; // a length-2 vector of unsigned ints
.global .v4 .b8 v; // a length-4 vector of bytes

HUFE IX FE 1) 18 “ PTX Tensor instructions treat the tensor data in the global memory as a
multi-dimensional structure and treat the data in the shared memory as a linear data.” X} f& 4E 40 [
FIERAE, JRZ M PTX s R SRR 5 4ERHE, X BT S 40 80 B4t 2 — M B ot s 77 10 . o3
Gb, BAEEIME TR Z IR A B Bk 7 00B AL BT I .

Table 6: State Spaces

e o

.reg Registers, fast.

.sreg Special registers. Read-only; pre-defined; platform-specific.
.const Shared, read-only memory.

.global Global memory, shared by all threads.

.local Local memory, private to each thread.

.param Kernel parameters, defined per-grid; or

Function or local parameters, defined per-thread.

.shared Addressable memory, defined per CTA, accessible to all threads in the cluster throughout
the lifetime of the CTA that defines it.

.tex Global texture memory (deprecated).

£ CUDA W4 CPU KRS A /748 PSW —HF, 7EH (FEFR4A4EHL, CUDA FRABATA CTA)
H%tid ZF 788, WX YA NS, Hwntid, £/0ANLFRE; %warpid, warp [ id; %ctaid, &
fITEIEL CTA ) id; %smid, SM F) id; %clusterid, grid FHA7-fiGHIEERERY id 4555,



GPU WA RFRTE S . Ll NVIDIA & 5K PR A5 Ab 7 .

All scalar video instructions operate on 32-bit register operands. The scalar video instructions are:

> vadd

> vsub

> vabsdiff
vmin
vmax

vshl

>

>

>

> vshr
> vmad
>

vset

TN NF R FE LY DPX, X2 Hopper ZEH B4R 4. JATE XLE. XNMELSLTTHK
HiE DP BRI FE .

76 DP B, HEEMHEGEREEBEHE. SHIXANTFE, DP HEAR LHtE 80% 1. MiX
IR 7 AR 2 TPX AR )7 . FEanixAN484 _ viaddmin_s16x2_relu, IXFERI$E 450 0]
PAR GF Mo SEELFRATT ) DP #8277 2 . TPX JIEE T Smith-Waterman. Needleman-Wunsch %5 DP 5y,
KR HAR, UEERRBRAERE T

0
Ey
F

(3) Hy; = max
(4) Hymyjoy +

Query;, Query;

Hlis o) g ) o) Hr) Eja) Fliga)

Target; ‘
His) EGag) Flisy) ; Hg) EG) FGg)
Target;

E6. £ Smith-Waterman SEHEERABFFEANET. MIRETHISH

NVIDIA Hopper 288 math API AIEZELHEIRH T EAMINER. AP 3§ NVIDIA Hopper ifizlZ

AHEBERRHANINEIEARAIER (0, _viaddmin_s16x2_relu, —FZEFHITRIRTERSE
max(min(a +b.c),0)) ETMGHEE, KEHTRIEBAMLED,

1 GPU M1 ISA, 1] AT FRATIAE H J5 54 Hu A RE 7 o

T, A 42, nvee f& B4 gAY CUDA AREDINE? IRATE R B 7 #1112 B4
i

CUDA #iF¥ TAERELGN T : fy NFEJP &t Wb 3 J5 3H T W& S, IR CUDA — it
Ccubin) F/8% PTX HHEARHED, ARG N —#Ef|SCPF (fatbinary) o B AFE R R RGEAT il
AbEE, AEEAT ENLGRTE, HFRHT A MR I SO, K CUDA RiE C++ IR ER I AR
C++ Z5M. SRG, C+ ENUIRIFZDRE G R FAUARRE 5 RN = ) S — R g 1 LR R
SEPLIX— H AR BP0 B AR

2470 BT A 2 & ARASET, CUDA IBATH RETE Sk Ak A [ @b 2 1, DUE A 24610
(1) GPU FREAd It — 1l SCF

CUDA F2JPERIN LUBEAFE 7 g A5 20w v, B RS AN BE 51 Fok B S sSCprR sicfk . e
MEFRmIFEAT, WEEEEDEAREN.

7 f§if] NVIDIA Hopper GPU DPX F5442EahSdmfettfs — NVIDIA FA %



https://developer.nvidia.com/zh-cn/blog/boosting-dynamic-programming-performance-using-nvidia-hopper-gpu-dpx-instructions/

G
( G Preprocessar | G Preprocessar -8
P e Ais passed 1o B as an input file

PPl =B
A s #finclude'd in B.

« Repeat for each .cu input file.

« Repeat || for each virtual architecture,

Hpeﬂtnt and nviink for each virtual/real
architectu ion.

« Device linker consists of steps in

x.cu (device code)

Stage 1
(PTX Generation)

X.ptx

H

virtual compute architecture

a_dlink.cubin
fatbinary : . e

i ]
a_diinkfatbine —— — — o link.stub

[ c«cimpwer ]

Stage 2
(Cubin Generation)

—-( Host Linker .
x.cubin Execute

a_dlink.o / a_dlink.obj

real sm architecture

executable

ATLUE R, il fEHsL sy, — 0 2 EN A S cr+— IR, iR R Er
X CUDA F1™ REIF] C++F2 /7 143, GPU 4% Ui 1) 2 13 e 2 1 45 SR SC A4 fatbinary SO, GPU (11
IRz i fatbinary XA RHAT GPU TDRE

LR 2B A PTX IR JZ? HSM Java ARV —FER): —IR%a1F, B4bizfT. GPU
FIHAIER T2 2R, R gecc —FERHBIAJURIIE, HA nvee KEERIEHLE, X2
BN . BATREM B R FE B PTX, EAE N — N ERL GPU MIFE/FHE . L GPU $R4LMIX
MEAE PTX 4828 T, ARBEE RESLI T, win] DUsfT, Bt =4 S g2 — ok
SR )

DRI, nvee g 2 el S AR R a5 . L AR R 454, DL ELSERY) GPU 1R R 461
KA € EPAT I B AR FR AR o EAIXFER) nvee a2 R FUIEBIAA R G5 R 02 JE AR 2R 4510 1)
SEH. IXEEEEIAESE H compute T3k, BB sm_50.

B AT L, 4 SEFRATIAE S A2 7 I 46 20T R /N B9 F RSP0 8 0 1 ISA, - ATk R e R BIR i
PEENEAT B SEPR GPU. AZXFE o 4k 4 R I f . FRATRHTFe B W R, 220 AR T
g, FATABHFIES T Xa[EATR?

TERATHZ I AR g3 (IT) BIFEBI R, GPU W& it 1 5niE e Bz W PTX.

R E RIS AT AR SE GPU, nvee ARKE PTX AXAD A 4L BEAHE 2 N FH AR P 18 47 1

RUOABER HAR GPU CL5E 4. B, MM AP sm_50 S 400 R shf, Frdar
A RV E RGeS ILEC R GPU —HEHIARHD,

1. nvcc x.cu --gpu-architecture=compute_50 --gpu-code=compute_50

BT HF 2 28 P4 0 5 2 18 7 FHRR 2 10t B AE3R, {EUX AT LUk CUDA BB RE 4 FH 4 16 2%
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Although compaction [54] has been proposed as a poten-
tial solution to fragmentation, performing compaction in a
performance-sensitive LLM serving system is impractical
due to the massive KV cache. Even with compaction, the
pre-allocated chunk space for each request prevents memory
sharing specific to decoding algorithms in existing memory
management systems.
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