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o GPU Memory System
o Tensor Core on the GPU
o Tensor Memory Accelerator
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Block (0,0
GPU Memory System -
Shared memory
Registersﬂ Registersr

e Global memory
Device DRAM, shared across blocks

O
e Local memory
Reside in global memory
Store variable data consuming too many

(@)

v

O
registers (register spilling)

e Shared memory
o On-chip addressable memory
o Direct mapped Global Mem
e Constant/Texture memory
o Read-only memory Constant Men
Texture Mem

e Register File
Each thread has its private register space

(@)
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Global Memory

e Global memory resides in off-chip DRAM
e Global memory is accessed via 32, 64, 128 byte memory transaction
e Misaligned/uncoalescing memory increases # of memory transaction

i void kernel_copy(float *out, float *in, Coalesced/aligned memory access

i Int Offset) i Addresses: 9I6 1l28 1?0 1?2 2?4 2?6 ZTB
ki< ockito < bockoimxce | INIHTATAANY
| threadldx.x + offset; | Memory Divergent access
: OUt[l] = |n[|]; E Addresses: _9 1lzs 160 192 zT4 z.r]vs 288
B | | T

T eepmemeeperaweer SN 1 1 ]

quide/index.html



https://docs.nvidia.com/cuda/cuda-c-programming-guide/index.html
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Memory Coalescing

e Coalesced access
o If all threads in a warp access locations that fall within a single
L1 data cache block and that block is not present in the cache
o Only a single request needs to be sent to the lower level
caches

e Un-coalesced access
o If the threads within a warp access different cache blocks
o Multiple memory accesses need to be generated
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Memory Coalescing

o Combining memory access of threads in a warp into fewer

transactions
o E.g. Each thread in a warp accesses consecutive 4-byte
memory
o Send one 128-byte request to DRAM (Coalescing)
o Instead of 32 4-byte requests
e Coalescing reduces the number of transactions between

SIMT cores and DRAM
o Less work for interconnect, memory partition, and DRAM
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Memory Coalescing

o Supposed that a 3 x 4 matrix is shown :

o Which one is coalescing access pattern ?
- Pattern B is coalescing access pattern

© o1 -
D ODN
O N w
O 0

Pattern A Pattern B
Thread 0: 1,2,3 Thread 0: 1,
Thread 1: 4,5, 6 Thread 1: 2,
Thread 2: 7,8,9 Thread 2: 3,
Thread 3: a, b, c Thread 3: 4,

— —

Time
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Local Memory

o Off-chip memory
« High latency and low bandwidth as the global
memory

 When will use the local memory ?

- Large structure or array that use too much register space
- A kernel uses too many register than available (register

spilling)
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Data Cache & Shared Memory

e A memory access request is first sent from the load/store unit inside
the instruction pipeline to the L1 cache

Load/Store Unito
4{ Arbiter 9 ‘
¢ Pending 0
| Tog Unit @ | | Fendin
‘ ‘ ‘ Table
‘ Address
Crossbar Load Miss Path
‘ B N - Fil Uit | l\glU
Write o e :
Buffer Data 1 - 7y
® | o
e Data Crossbar tore Pat
Y

Register File
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EWhich one is bank conflict ?}

Shared Memory L e e R At !

Threads: 3 3 3 Threads: Banks:

e 32 banks organized as 32-bit successive words - : 3
e Threads share data in the same thread block . : :
e Programmer-managed on-chip cache : !
e Bank conflict —— i el N\
o Two or more threads access words within the e " 2 12
same bank - " 5

o Serialized memory access (low memory bandwidth) e “ ol

e Which one is bank conflict ? ;; W 1=
o floati_data = shared[base + S *tid]; S = 3 < - . 2

o floati_data = shared[base + S *tid]; S = 2 — - o

o doublei_data = shared[base + tid] - o

o chari_data = shared[base + tid] —= ) Sy @2 =l

10
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How to Resolve Bank Conflict ? e lB
vee kB
e Shared memory size is 16 x 16 :
e Each thread takes charge of each row operation . 15
e Threads in one block access the same location IR RN A B
(each column) -> 16-way bank conflict (RN T TTT T[]
e Solution ? Memory padding (blue column)

o memory padding

o Add one float at the end of each row

o Changing access pattern

o _ shared _sData[TILE_SIZE][TILE_SIZE + 1]

HoBREEREERNE 15 .

http://cuda-programming.blogspot.com/2013/02/bank-conflicts-in-shared-memory-in-cuda.html

JTH O N OO A& WN -
L J
.
»

B0 NS WN-=0O



http://cuda-programming.blogspot.com/2013/02/bank-conflicts-in-shared-memory-in-cuda.html
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How to Resolve Bank Conflict ?

e Memory padding is one of solution to remove shared memory bank conflict
o _ shared a[32][32] -> shared  a[32][33]

Memory
padding
Bank O Bank 3 ol1 1213 la
tido—|0 |1 (2 |3 |4
0 2 |3
tid1—(0 |1 (2 |3 (4
4 O |1 |2
O (1 1|2 |3 |4
3 0 |1
O |1 |2 |3 |4
_ 2 |3 0
tid4—|0 |1 |2 |3 |4
1 3 |4
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Shared memory access

Pz
Ic '\*

Load/Store Unito

e Arbiter
o Determine whether the I
requested addresses N Abicr @ |
within the warp will ¢ Pending |@
) ‘ Tag Unit @ I > Request
cause bank conflict | | [ Address Table
H H | 0a iss Pa
o Split the request into two Crossbar Foad Miss Path
parts when the bank Py
ﬂ h Y ] — eee B Fill Unit B MMU
conflicts show — 6 POy R
Buffer Data } - Y
® |—»| : }
e Data Crossbar Store Path
Y

e Accepted request
o Bypass tag lookup in the
tag unit, since shared
memory is direct mapped

Register File
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l (1]
] Arbiter @ |
Shared memory access —
ai.,Umte =
e
e Inthe absence of bank conflict ‘
o The latency of the direct mapped memory HH [ H L
lookup is constant (single-cycle) g‘“’;;“j -
o The tag unit determines which bank each I —
thread’s request maps to @ " Data Crossbar
o The address cross bar distributes address Register Flle

to the individual banks within the data array

o Each bank inside the data array is 32-bits wide

o Each bank has its own decoder allowing from independent access to
different rows in each bank

o The data is returned to the appropriate thread’s lane for storage in the
register file via the data crossbar
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L1 Data Cache Read e —
_: __ -\_ o.'lll.dlln'.'hh
. — T T ™ Crosshar
e 1) The LD/ST unit =ir
o Computes memory addresses , .
Write o
Buffer [:'.J.I:a- i i i
(] S EE
'ﬂ Data Crosshar
Register File

e 2) The arbiter
Requests the instruction pipeline schedule
a writeback to the register file if enough

resources are available
e 3) The tag unit
o Check whether the access leads to a cache hit or a miss
e 4) Access the appropriate row of the data array
In the event of a cache hit

O

16
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L1 Data Cache Read

e 5) Pending request table (PRT)
o The tag unit determines a cache
Miss
o The arbiter informs the LD/ST unit to
replay the request and sends request
information
e 6) Memory Management Unit (MMU)
o After an entry is allocated in the PRT
o Virtual to physical address translation
e 7) Fill unit

Load/Store Unito

i
¥ 1
Aurbiter o -
= |

L
Tag Unit 9 :

—ly ‘ 4_.0."".[‘[]“’_':".‘\-
1 I I Crosshar

-

=
-
-
-

o Dara Crosshar
T

Register File

[ Pending a
—= Request |
| Table |
Load Miss Path
Fill Unit - 0
| - 1 MMU
o .
Store Path

o Use the subid field in the memory request to lookup information about the

request in the PRT

17
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Constant Memory

e What is the constant memory ?

o Optimized when warp of threads read the same location

o 4 bytes per cycle through broadcasting to threads in a warp

o Serialized when threads in a warp read in different locations

o Very slow when constant cache miss (read data from global mem.)
e Where is the constant memory (64KB) ?

o Data is stored in the GPU global memory

o Read data through SM constant cache (8KB)
e Declaration of constant memory

o ___constant__ float c_mem]size];

o cudaMemcpyToSymbol() // copy host data to constant memory

18
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Texture Memory

e What is the texture memory ?
o Optimized for spatial locality shown among threads in blocks
o Spatial locality implies threads of the same warp that read
memory addresses are close together
e Where is the texture memory ?
o 28— 128 KB texture cache per SM (Nvidia GPU arch. 8.6)
e Declaration of texture memory
o textlD(texObij, x) // fetch from region of memory with texture object
and coordinate x
o text2D(texObj, x, y) // 2 D texture object with coordinate x and y

19
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L2 Cache Bank

e A unified last level cache shared by all SIMT cores
e L1 cache request cannot span across two L2 cache lines

Local Memory Global Memory
Write Hit Write-back Write-back
Write Miss | Write-no-allocate Write-no-allocate

e What are advantages of write-back policy ?
o Fast data write speed
e Write-no-allocate
o ina "write miss" (the data is not in the cache), the data is written directly to main
memory instead of loading the data block from memory into the cache first
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GPU Micro-architecture

Seea s [
ecode Boa _ Bank
Illz'er..'h"'u'arpl:-l Reconv. Stacks Conflict
|PC [RPCActiveMask[1:W] AoEess
: [PCRPCactiveMask[Tw|l| [AT»{Coalesc.[”
o o0 PC [RPClActiveMask[1:W] ﬁ
] —b
=| [Selection To : -
A Eel::h Y
Walid[1:M] | i l=sue >
' : Branch Target PC N
Fetch |« =~ ~— SIMT-Stack
l A Valid[1:N] I-Buffer iﬂcéigﬁ red.
— o Operand
I-Cache |-> Decode ¢ Issue I—)
i e g Collector
—» Boar
oard Done (WID)

http://gpgpu-sim.org/manual/index.php/Main_Page
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GPU Architecture Overview

e GPU includes FP, SFU (Special Functional Unit), Ray Tracing

Wap Bcheduler + Dnpaich [32 threadiciky Warp Bchaduler + Dinpaich (32 thresdicik)

(RT) Core, and Tensor Core

TEMSOR TENSOR
INT32 | FP32 Corgs | || INT22 SRS et

Streaming Multiprocessing-(SM)/ SIMT Core
Instruction Cache

sFU wbAT oAt s et | SFU

Warp Scheduler = | Warp Scheduler | | Warp Scheduler | | Warp Scheduler S Do Y b )
. 1 1 giater Fila (18,584 3 32-bit) Rogister File (18,384 x 32-bit)
SIMUD Dispatch SIMD Dispatch l SIMD Dispatch l SIMD Dispatch l
Unit Unit Unit Unit
} % INT32 | Fp3z | TENSOR || ey ppsz | TEMSOR
RT RT RT

FP64/32 FP64/32 FP64/32 | HeL(:! FP64/32

SP/SFU SP/SFU | Rl SP/SFU | BRI SP/SFU | B
\ Core BB/ Core BJ v

Register Register Register Register

Files Files Files Files
RT CORE

L1 Data Cache/Shared memory Texture memory -
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L0 Instruction Cache | | L0 instruction Cache
. Warp Scheduler (32 thread/clk) Warp Scheduler (32 thread/cik)
GPU Architecture (Volta e

Register File (16,384 x 32-bit) Register File (16,384 x 32-bit)
INT  FP32 FPR2 INT  FP32 FPR2
G P = I d INT  FP22 FPR2 INT FP32 FPR2
° U Includes r i p——

F P INT FFZEP reNsOR TENSOR P Tensor TENSOR
O T P33 FPoR CORE CORE P32 FP2 CORE CORE

INT FP32 FPR2 FP32 FP32

o SFU (Special Functional =1
Unit) T T

st st st st SFU

o Ray Tracing (RT) Core ][ e
o Tensor Core

Dispatch Unit (32 threadiclk) Dispatch Unit (32 thread/cik)

Registor File (16,384 x 32-bit) Registor File (16,384 x 32-bit)

INT  FP32 FPR2 INT INT FP32 FPR2
INT  FP32 FPR2 INT INT FP22 FP22
INT PR32 FPR2 INT INT  FP32 FP32

INT PR32 FPRR INT INT

FPREFFM YENSOR TENSOR
CORE = CORE

TENSOR TENSOR

INT  FP22 FPR2 CORE CORE INT INT FP22 FPR2

INT  FPO2 FPR2 INT FPI2 FP22
FPI2 FPR2 INT

FP32 FPR2 FPie INT

Lo (8 L LD LD O Lo
ST ST ST sSY SFU ST ST ST

128KB L1 Data Cache ! Shared Memory

Tex Tex
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o Shared MIO (TEX/L1$/SMEM)
o Unified storage with L1$

Sub-Core 0 Sub-Core | Sub-Core Sub-Core 2 Sub-Core 3
Data Data Instructions Data Data
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Ampere GPU

e Global Memory access
o ~380 cycles

e L2 memory access
o ~200 cycles

e Shared memory/L1 cache access
o ~34 cycles

e Fused multiply-and-add (FFMA)
o 4 cycles (a*b+c)

e Tensor core matrix multiply
o 1cycles

— GPU memory system

NN

-

Multi-GPU systems
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Matrix Multiply on GPU w/o Tensor Core

e Assume a GPU has 8 SMs and each SM has 8 warps
e One SM conducts the matrix multiplication of
o Matrix A’ (4 x 4) and Matrix B” (4 x 32)
e There are 8 warps in one SM
o Each warp handles Matrix (4 x 4) multiplies Matrix (4 x 4)
o Each thread conducts Matrix (1 x 4) multiples Matrix (1 x 4)
o How many threads in a warp are in active?
s 16=(4x4)*(4x4)/(1x4)*(1x4)

26
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Matrix Multiply on GPU w/o Tensor Core

e Assume a GPU has 8 SMs and each SM has 8 warps
e Load matrix A and matrix B from DRAM to shared MEM
e How much data we need to load when matrix size is 32 x 327?
o 4 bytesx32x32x2
o Loading two 32 x 32 floats into a shared memory tile can
happen in parallel by using 2 x 32 warps
o Therefore, we only need to do a single sequential load from
global to shared memory, which takes 200 cycles

=\%7 _ . 3232 J2x32
‘f{'IP Computer Architecture & System Lab Jd—'- X B G! ’IL-hET'E A = R :B = R

27
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Matrix Multiply on GPU w/o Tensor Core

e Each SM does 8X dot products to compute 8 outputs of C
o 16 threads in a warp handle a 4 x 4 tile, 32 threads in a
warp tackles two 4 x 4 tiles
o Each SM accumulates 8 partial results

32

28
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Matrix Multiply on GPU w/o Tensor Core

e How many shared memory access do we need during such a
GEMM?
o 8 times shared memory access
o Execute 8 times FFMA
o What is the total cycles spend in the 32 x 32 matrix multiply?
= 200 cycles (Global Memory) + 8 x 34 cycles (shared
memory) + 8 x 4 cycles (FFMA) = 504 cycles

29
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II|!'lu,.r Aﬂ,:

ﬁqr,n ﬁq:, 1

Ay A A

A'.U

Ai‘ 0 IﬁLi‘. 1 I|Ei‘l‘. F A?,I

AB.D Al. 1 AI. F A‘ll

FPT6

FP16

Coz Cos

Coo  Co.
CI..1 cl.l c1.]

Cio

c‘?,ﬂ CZ..! CI.I c].]

Cio C!,,'I c],l

FP16 or FP32

Doo = Ao * Bop + Ap1 * B1o + Apz *Bap + Apz *Bap + Cop

Dy =Ay90*Byy+Ay1*Byy +A10* By +Aj3+ B3 +Cqy

D33 =A39*By3+A3zq *By3+ Az, *Bys +A33*B33+ (33

30
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Tensor Core Instruction Pipelining

o= O b b

| 6bit | 6bit I 8bit | I6bit | | 1 ébit | 1 8bit | | | 6bit | | 6bit |

Dyo = Ago *Bop + Ag1 * By +Ag2*Bag+ Agsz *B3p

31
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Tensor Core Instruction Pipelining

BO,O B1 ,0 BZ,O B3,0

Add |
Mul0 | AddO | AddI
Add0 | Addl | Mul0 | AddO | AddI
MuO | AddO | Addl | Mul0 | AddO Addl‘Round‘
MulO | AddO | Add 1
Mul 0 AddO‘Addl ‘Round‘32
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Tensor Core (Volta)

e Sub-Core

O

Include Tensor Core +
FP64 + FP32 + INTS8 +
SPU

e Tensor Core

O

O

Each SM Sub-Core has
two 4 x4 x 4 Tensor
Core

Warp scheduler

Issues GEMM instruction
to Tensor Core

SM
LII$
4 Warp Instruction/clock
\J \{ v \
Sub-Core Sub-Core Sub-Core Sub-Core
| Warp Inst/clk | Warp Inst/clk | Warp Inst/clk | Warp Inst/clk
TR X
TEX LI D$ & SMEM
| quad/clk 128KB 128B/clk
A
\J
2%

33
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Tensor Core (Volta)

e Tensor Core

O

(@)

O

Executes 4 x4 x 4
GEMM multiple times
Write results back to
register files

Two 4 x 4 x 4 tensor
cores in a sub-core

o Math Dispatch Unit

(@)

Keeps 2 + Datapaths
Busy

LI I$
] i
e ¥
Sub-Core =
(1 Branch/clk) Lo1$ Constant $
Warp Scheduler
(1 Warp Inst/clk)

}

}

Math Dispatch Unit MIO Queue
\4 (1 warp inst/clk) (Load/Store/TEX)
Tensor Core
Two 4x4x4 tensor/clk * + * *
FP64 INT FP32 MUFU
8 DFMA/clk 16/clk 16 FFMA/clk 4lelk
Register File
(512 * 32-threads * 32-bits)
A
v ¥
MIO Datapath MIO Scheduler

(64Blclk)

(| warp inst/ 2 clk)

34
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Tensor Core (Turing)

e Tensor Core

(@)

(@)

Add INT8/4 support
FP16 fast path

o Complete one

multi-threading GEMM
In 4-8 cycles

LI I$
<
A\
Sub-Core BRU L0 1$ URF UDP
(1 Branch/clk) 2 I instr/2 clk
] } Y }
Warp Scheduler
(I Warp Inst/clk)
l Math Dispatch Unit MIO Queue
Tensor Core (1 warp inst/clk) {LoadBoorelTEX)
FPI6/INT8/INT4
Tensor / 4-8 clk + * *
FP16 32/clk FP32 INT MUFU
| 16/clk 16/clk 4lclk
Register File
(512 * 32-threads * 32-bits = 64kB)
A
\/ ]
MIO Datapath MIO Scheduler
(64B/clk) (! warp inst / 4s clk)

35
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Tensor Core (Ampere)
o Before Ampere GPU, if we want to use shared MEM

o GPU needs to first pass data from the global memory to
REGs and then write data from REGs to shared memory

A100

V100

Tensor Cores

Load-Shared
(2x)

*—>ro—r

Tensor Cores

Load-Shared (4x)
Load-Global-

4 reads
1 reads
1 write e Reserved for
in-flight data
Store-Shared
(Async-Copy)

Reserved for
in-flight data

Load-Global
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o Add LDGST SASS (Load Global Store Shared) Inst
Don’t require to first pass data from global memory to

register before using the shared memory

V100
o 5
S -

Tensor Cores

s8s iE
A HH B S B
Tensor Cores
IA;F‘}—I Load-Shared
T T (ZX)

4 reads Load-Shared (4x) 2 reads
Treads N Y i charan i 1
1 write Lo Reserved for
in-flight data Load-Global-
Store-Shared
(Async-Copy)

Reserved for
in-flight data

Load-Global
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Tensor Core (Ampere)

e In Volta GPU

o A tensor core only has 8
threads

o Operand Sharing
o Data shares across 32
threads in a warp
o Reduce the data movement
across threads in a warp

Reserved for
in-flight data

DRAM

|
I

Tensor Cores

Load-Shared
(2x)

Load-Global-
Store-Shared
(Async-Copy)

38
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Tensor Core (Ampere)

A100 TC Instruction

FFMA (fused float multiply and add) (2048 MACs, 8 cycles)
V100 TC Instruction A100 TC
32-Thread .
(1024 MACs, 8 cycles) Operand

FFMA 8T 8T Sharing
(32 MACGs, 2 cycles)

11111 L 1L111]
gI
T
&
N 32 Threads (Warp) "
A100 vs. | A100 vs.
: ' V100 FFMA
1 6X1 6X1 6 matnx mUItlply ‘ FFMA V1 00 TC | A1 00 TC (improvement) | (improvement)
Thread sharing 1 8 32 4x 32x
Hardware instructions 128 16 2 8x 64X
Register reads+writes (warp) 512 80 28 2.9x 18x
Cycles 256 32 16 2x 16x

39
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Tensor Core (Ampere)

o« Ampere GPU enhances 16 x 8 x 16 WMMA Inst.

o Reduce the times of register accesses from 80 to 28
o Reduce the number of FFMA instruction issue from 16 to 2

A100 TC Instruction
(2048 MACs, 8 cycles)

32-Thread :
Operand

Sharing g - g

V100 TC Instruction
(1024 MACs, 8 cycles)

8T

A100 TC

40
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Tensor Core

e Each tensor core is a programmable compute unit for matrix-
multiply-and accumulation (MAC) — inner-product-based
e In Nvidia Volta GPU Tensor Core
o A tensor core executes 64 MACs with the FP16 format
= One cycle completes 4 x 4 x 4 matrix multiplication
e In Nvidia A100 GPU Tensor Core
o A tensor core executes 256 MACs with the FP16 format
= One cycle completes 8 x 4 x 8 matrix multiplication

41
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A x B=C, where A € R?**3% B ¢ R3*x32
Matrix Multiply on GPU w/ Tensor Core

e How many A100 GPU tensor cores do we need to complete a 32 x 32
matrix multiplication in one cycle?
o With tensor core, we can perform a 4 x 4 matrix multiplication in
one cycle
o To do a 32 x 32 matrix multiply, we need to do 8 x 8 = 64 Tensor
Core operations
e Assume a GPU has 8 SMs, each SM has 8 tensor cores
= 200 cycles (Global Memory) +_1 x 34 cycles (shared memory)
+ 1 x 1 cycle (tensor core) = 235 cycles
= W/0 tensor core: 504 cycles

42
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T2 N

T2 NTIY

WY TR

Y32 N

W12 T

T3 T2

T2 T2

W12 T3

W32 TR

WY NT2

WTI2 INTIZ

W2 T2

WA T2

WT32 NI

T2 T2

W2 T2

L0 instruiction Cache
Warp Scheduber (32 threadicih)

Ovspatch Unit (32 threadictk)

Registor File (16,384 x 32-bit)

PR
e
P2 P2
Fr32 2
P32 e
2 e
P32 o2

Paven

g

Dispatch Unit (32 threadicik)

Registor Filo (16,384 x 32.bit)

e
e
P32 e
P32 e
R en
P e

3

1

SFuU

INTS2 INT32

INTI2 T2

T2 TR

INTI2 NT32

INT32 132

INTI2 NTS2

INT2 T3S

INTIZ INT32

o

INT32 132

INTI2 122

INTIZ T2

INT32 T2

INTI2 NT32

INTI2 T2

INTIZ WNT32

INTI2 T2

8T T

Computer Architecture & System Lab

‘Warp Scheduber (32 threadicik)

Dispatch Unit (32 thread/cik)

Register File (16,384 x 32-bit)

PP R rros
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Tensor Core (Hopper)

» Before Hopper GPU Tensor Core
o Load data from global memory to registers
o The warp scheduler activates Tensor Core to do GEMM
o Write back outcomes of Tensor Core to registers

Produce Data Produce Data

All threads block on
slowest arrival
|4

Independent Pipelined
JWOr processing
Arrlve o i - L
\ Slngle Stage =
Consume Data Consume Data
Single-Stage barriers combine Asynchronous barriers enable

back-to-back arrive & wait pipelined processing
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Tensor Core (Hopper)

o Ampere GPU Tensor Core
Each thread has individual matrix tile address

Pipelining the data movement among global memory <->

(@)

Produce Data

O
shared memory <-> registers

Produce Data

All threads block on
slowest arrival
l ' Independent Pipelined
JW("'k processing
= J

[l Arrive \ Single-Stage
Barrier

|
[} % i
Wait /
S~
Consume Data

Consume Data

Single-Stage barriers combine Asynchronous barriers enable
back-to-back arrive & wait pipelined processing
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Tensor Core (Hopper)

Warp Scheduler (32 threed/ci)

e TMA (Tensor Memory
Accelerator) = e

o Asynchronous pass data from p— ; —
global memory to shared MEM e —
> Single thread schedule model E T
= Not all threads in a warp e
get involve in data loading = B =
from global MEM to shared = E e E me

L] e
P32 e

P2

gl
] FPee
L] rres

X Low




e
Tensor Memory Accelerator (TMA)

e Asynchronous barrier in Nvidia A100 GPU
o A set of threads are producing data that they all consume
after a barrier

A100 H100
Using LDGSTS instr Using TMA Unit

Addr gen by threads
SM Sl SM
- | Addr gen by TMA Core -

Threads
Data Reads Data + TransCnt - Reads

Global Memory Global Memory

L1 Cache
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Tensor Memory Accelerator (TMA)

e Asynchronous barrier in Nvidia A100 GPU
First, threads signal Arrive when they are done producing

their portion of the shared data
Finally, the threads need the data produced by all the other

O
H100

threads
= They do a Wait, which blocks them until every thread
Using TMA Unit

A100
Tensor
-

Using LDGSTS instr
Addr gen by threads
Threads

has signaled Arrive

Addr gen by TMA

SM
Tensor ; d

Threads '1

Data + Tranant

SMEM ‘ L1 Cache
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Tensor Memory Accelerator (TMA)

e Asynchronous transaction barrier in Nvidia H100 GPU
e Hopper (TMA): A single thread per warp issues TMA operation

Async Transaction Barrier (New on H100)
SMEM Stores

Asynchronous Barrier (from A100)
> b oduce Data
Data arrival

increme n(

Produce Dat

Threads counted as
*
transaction
count

they arrive at barrier

Threads counted as
they arrive at barrier
. Overlapped

”~ Execution

Waiters sleep until
all threads have arrived
and transaction count

is reached

Consume Data

A100: Waiters spin
until all threads

have arrived

Consume Data
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Tensor Core Programming

e C++ API performs “warp-level matrix multiply and accumulate

(WMMA)”
o Perform 16 x 16 x 16 matrix multiply on the Tensor Core

o CUDA WMMA APIs

ate<typename Use, int m, int n, int K e T, typename Layout=void> class fragment;

oid load_matrix_sync(fragment<...> &a, const Tx mptr, unsigned ldm);
t T mptr, unsigned ldm, layout_t layout);

i ldm, layout_t layout);

yid load_matrix_sync(fragment<...> &a,

mptr, const fragment<...> &a,

d store_matrix_sync(T
S&a, const T& v);

d fill_fragment(fragment<...>

d mma_sync(fragment<...> &d, const fragment<...> &a,
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Warp-level Tensor Core Programming

B tile (sMem)

:\

s
~
~~

~,
..."H.
~~._B fragment
s
| (RF)

A tile
(SMEM)

o
e The data in the SMEM is stored

in k dimension

for (int k = @; k < Ktile; k += warp_k)
load A tile from SMEM into registers

Warp

load B tile from SMEM into registers

for (int tk = @; tk < warp_k; tk += thread_k)
compute thread_m by thread_n by thread_k GEMM
by each CUDA thread

Thread Block Tile

Load fragment matrix A and B from shared MEM (SMEM) to registers

C=AxB+C

A fragment| |

(RF)

Warp Tile

(RF)
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Warp-level Tensor Core Programming
o Matrix A, B, C is stored in REGs

B fragment
Afragmen_t |
o ]
for (int m = ©@; m < thread_m; ++m)
for (int n = @; n < thread_n; ++n)
 for (int k = @; k < thread_k; ++k) : .

C[m][n] += A[m][k] * B[n][k]; |

Fused multiply-accumulate instructions
B Warp tile

LLT T

Thread tile
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S
Warp-level Tensor Core Programming

o Matrix A, B, C is stored in REGs
|—\7\_
\‘\__\lvmma: :load_matrix_sync()
T Warp \‘\\
\\\\\ \\\\k
\\\ wmma::fragment<matrix_b>[n]
\\\
for (int m = 9; m < thr‘ead_m; ++m) wmma::Ioad_matrix_sync(\)\\_\
'FOI“ (int n = 0; n < thr‘ead_n; ++n) \"\ - wmma::mma_sync()
‘ for (int k = ©; k < thread R; ++k) :
. : wmma::fragment<matrix_a>[m]
: wmma::fragment<matrix_c>[n][m]
53

C[m][n] += A[m][k] * B[n][k];

Fused multiply-accumulate instructions
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Warp-level Tensor Core Programming

o Data reuse in each type of memory

[ s
| [ [ S = R
o | O ] ;
Blocked GEMM Thread Block Tile R Warp Tile Thread Tile
Shared Memory Register File SM CUDA Cores

Global Memory
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Warp-level Tensor Core Programming

o Write back WMMA Results
- GEMM:C=aAB+BC

wmma: :store_matrix_sync()

[T S
-

i
I

EE
= =
L]

|
v
|
>
@
7
=<

"T; 1 ‘ slrJ;EM

o\

H

> >
Register File Shared Memory Register File

>
Global Memory
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Warp-level Tensor Core Programming

« GPU data flow in matrix multiplication

N I o
[ = 0o EEEEmEEN
B | i |
L] (oo H ‘ TEL D
f H | AR
| - [REas :
Blocked GEMM Thread Block Tile Warp Tile Thread Tile Epilogue Epilogue Modify
Tile Functor
Shared Memory Register File SM CUDA Cores SMEM CUDA Cores Global Memory

Global Memory
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Sparse Tensor Core

e Improve tensor core utilization in sparse MMA
e Sparse MMA is shown on model compression

e Data encoding + tensor core mapping
e Does this work on graph workloads with dynamic sparsity ?
Encoded

0 [NZo| 0 | 0o | 0o | 0o [Nz 0 NZ, | Nz,
0| o oo | of o] o 2 | 2 / offset
0| 0| o 0 0 | o 3| s
NZs| o | o | o [NzZe| o | o | o NZs | NZg 0| 4
Compressed Welght Zhu et.al., MICRO 2019

Original Weight
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Sparse Tensor Core in Nvidia A100 GPU

sparse T T T Input
Tensor Core ! activations
select

/

2x Tensor Core throughput
Structured-sparsity for efficient HW and SW

~2Xx reduction in weights
footprint and bandwidth

dot-product

|
2 |
P

Fine-grained ||
structured I | [
pruning HE AR
Dense (2:4 non-zero) N Non- Non- Output
h zero A
trained ; - Zero zero activations
Fine-tuning data indices
weights

weights

https://developer.download.nvidia.com/video/gputechconf/gtc/2020/presentations/s21730-inside-the-nvidia-ampere-

architecture.pdf
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Takeaway Questions

« How does tensor core accelerate the matrix computation ?
o (A) Specialized dot-product engine
> (B) Increase the frequency of tensor cores
o (C) Reduce the data movement

 How to reduce global memory transactions of tensor core ?

o (A) Use image to column (Im2col)
- (B) Lower the data precision (using int8)
> (C) Increase the number of registers
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