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[1naH nekuunm

TpaHcnoHupoBaHMe MaTpuULbl: Yepes fiokarnbHy NamsaTb (y4eT bank conflicts)
YMHOXeHue MmaTpuu: Yyepes fiokasibHy namaTb

YMHOXeHue maTtpuu: Tensor Cores, WMMA

YMHOXeHue maTtpuu: ontummnsaummn DeepSeek

YMHOXeHue maTtpuu: metof LLimpacceHa
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TpaHcnoHMpoBaHWe MaTpuLbl

matrix
AlB|C
DI E|F




TpaHcnoHMpoBaHWe MaTpuLbl

matrix matrix

ABC»ABC
D E | F D E|F

N\




TpaHcnoHMpoBaHWe MaTpuLbl

matrix matrix transposed
AB|C » AlB|C » AlD
D E|F D E|F Bl E

\ C|F




TpaHcnoHMpoBaHWe MaTpuLbl

matrix

B

C

A
D

E

F

»

matrix

B

C

A
D

E

F

N\

»

transposed

A

D

B

E

C

F

Kak BbIrnsaaunT:
- WorkRange?



TpaHcnoHMpoBaHWe MaTpuLbl

matrix

B

C

A
D

E

F

»

matrix

B

C

A
D

E

F

N\

»

transposed

A

D

B

E

C

F

Kak BbIrnsaaunT:

WorkRange?
3agada Workltem?



TpaHcnoHMpoBaHWe MaTpuLbl

matrix matrix transposed Kak BLIMAANT:

AlB|C » A/B|C » A|D -  WorkRange?

DIEI|F DIE|F BIE - 3apayva Workltem?
N ClE - WorkGroup?




TpaHCI'IOHI/IpOBaHI/Ie MaTpUuLbl
Workltem = Thread

0 N X
UTto penaet kaxabln notok (Workltem)?
WorkGroup = Block (16x16 Workltems)
M
. J
yy

N
WorkRange = Grid (1D, 2D, 3D) 10



TpaHcnoHnpoBaHue MaTpuubl (coalesced memory access)

0 N X
>

coalesced nvi natTepH YTeHns?

WorkGroup = Block ( )

. J
Y
WorkRange = Grid (1D, 2D, 3D)




TpaHcnoHnpoBaHue MaTpuubl (coalesced memory access)

0 N X
>

coalesced nvi natTepH YTeHns?

"
WorkGroup = Block ( ) KaK BbIA4anT ?blKJ’Ia,EI,Ka warp
(row-major order)

N J
N
WorkRange = Grid (1D, 2D, 3D) 12




TpaHcnoHnpoBaHue MaTpuubl (coalesced memory access)

0 N X
>

coalesced nvi natTepH YTeHns?
KaK BbIFMSANT Bblknagka warp?

—~warp = 32 = 16+16

WorkGroup = Block (

yy Y
WorkRange = Grid (1D, 2D, 3D)




TpaHcnoHnpoBaHue MaTpuubl (coalesced memory access)

Workltem = Thread
N X
>

/ WorkGroup = Block (16x16 Workltems)

warp = 32 = 16+16
KaK BbIrMAauT nNaTtTepH 3anucu?
coalesced nv natTepH 3anucun?

N J
N
WorkRange = Grid (1D, 2D, 3D) 14




TpaHcnoHnpoBaHue MaTpuubl (coalesced memory access)

Workltem = Thread
N X
>

/ WorkGroup = Block (16x16 Workltems)

warp = 32 = 16+16
KaK BbIrMAauT nNaTtTepH 3anucu?
coalesced nv natTepH 3anucun?

\ J
N
WorkRange = Grid (1D, 2D, 3D) 15




TpaHcnoHnpoBaHue MaTpuubl (coalesced memory access)

0 N X

>

MoxeMm nm Mol ncnpasnTb 3TO
NOMeEHAB BbIKINaaKky warp-a?

WorkGroup = Block ( )

yy Y
WorkRange = Grid (1D, 2D, 3D)




TpaHcnoHnpoBaHue MaTpuubl (coalesced memory access)

0 N X

>

MoxeMm nm Mol ncnpasnTb 3TO
NOMeEHAB BbIKINaaKky warp-a?

WorkGroup = Block ( )

yy Y
WorkRange = Grid (1D, 2D, 3D)




TpaHcnoHnpoBaHue MaTpuubl (coalesced memory access)

0 N X

>

MoxeMm nm Mol NcnpaBnTb 3T10?

WorkGroup = Block ( )

yy Y
WorkRange = Grid (1D, 2D, 3D)
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)

5000 GB/s
low latency
N X no ‘cache lines’
| | | >

TpaHcnoHnpoBaHue MmaTpuubl (coalesced)

HEN
' i Local Memory

WorkGroup = Block ( ) m

~
WorkRange = Grid (1D, 2D, 3D)




(/a o
M

)

5000 GB/s
low latency

0 N X no ‘cache lines’
| | | >

HEN
’ ' i Local Memory

WorkGroup = Block ( ) m

TpaHcnoHnpoBaHue MmaTpuubl (coalesced)

— _
roalesced WRITE oTKYA

M
N

yy ~

WorkRange = Grid (1D, 2D, 3D)



(/a o
M

)

5000 GB/s
low latency
no ‘cache lines’

TpaHcnoHnpoBaHue MmaTpuubl (coalesced)

0 N X
— 1 1 1 >

Local Memory

11

WorkGroup = Block ( )

'coalesced WRITE

Y
WorkRange = Grid (1D, 2D, 3D)



(/a o
M

)

5000 GB/s
low latency
no ‘cache lines’

TpaHcnoHnpoBaHue MmaTpuubl (coalesced)

0 N X
— 1 1 1 >

WorkGroup = Block ( )

'coalesced WRITE .

ToTt xxe Workltem nuweT anemMeHT X
yto n Workltem cuumtaBwumm x?

Local Memory

11

Y
WorkRange = Grid (1D, 2D, 3D)



(/a o
M

)

5000 GB/s
low latency
no ‘cache lines’

TpaHcnoHnpoBaHue MmaTpuubl (coalesced)

0 N X
— 1 1 1 >

Local Memory

11

WorkGroup = Block ( )

'coalesced WRITE

Hago nu nepeknaabiBaThb AaHHbIe
M B JIOKaribHOU NnamMATn?

Y
WorkRange = Grid (1D, 2D, 3D)



(/a o
M

)

5000 GB/s
low latency
no ‘cache lines’

TpaHcnoHnpoBaHue MmaTpuubl (coalesced)

0 N X
— 1 1 1 >

Local Memory

11

WorkGroup = Block ( )

'coalesced WRITE

M Hy)xeH nu memory barrier?

Y
WorkRange = Grid (1D, 2D, 3D)



(/a o
M

)

5000 GB/s
low latency

TpaHcnoHnpoBaHue MmaTpuubl (coalesced)

0 N

X no ‘cache lines’
I I T >

‘ ‘ ‘ i . Local Memory

WorkGroup = Block ( ) memory barrier m

'coalesced WRITE .

M Hy)xeH nu memory barrier?

Y
WorkRange = Grid (1D, 2D, 3D)



(/a o
M

)

5000 GB/s
low latency

TpaHcnoHnpoBaHue MmaTpuubl (coalesced)

0 N

X no ‘cache lines’
I I T >

‘ | ‘ i . Local Memory

WorkGroup = Block ( ) memory barrier m

'coalesced WRITE .

UToro - Kak BbIrmaAauUT anroputm?

26



(/a o
M

)

TpaHcnoHnpoBaHue MmaTpuubl (coalesced)

5000 GB/s
low latency
0 N )i no ‘cache lines’
‘ i i I
i . Local Memory
WorkGroup = Block ( ) memory barrier m
'coalesced WRITE .

1) Kaxgbin Workltem cuutan VRAM -> Local Memory

27



(/a o
M

)

TpaHcnoHnpoBaHue MmaTpuubl (coalesced)

5000 GB/s
low latency
0 N )i no ‘cache lines’
‘ i i I
i . Local Memory
WorkGroup = Block ( ) memory barrier m
'coalesced WRITE .

1) Kaxgbin Workltem cuutan VRAM -> Local Memory
2) Hoxpanucek Bcto WorkGroup: memory barrier

28



(/a o
M

)

5000 GB/s
low latency

TpaHcnoHnpoBaHue MmaTpuubl (coalesced)

0 ‘ i I NI )i no ‘cache lines’
‘ i . Local Memory
WorkGroup = Block ( ) memory barrier m
'coalesced WRITE .
1) Kaxgbin Workltem cuutan VRAM -> Local Memory
2) Hoxpanuce Bcto WorkGroup: memory barrier
M 3) Kaxaobin Workltem 3anucan anemeHT: Local Memory -> VRAM

29



(/a o
M

)

5000 GB/s
low latency

TpaHcnoHnpoBaHue MmaTpuubl (coalesced)

0 ‘ i I NI )i no ‘cache lines’
‘ i . Local Memory
WorkGroup = Block ( ) memory barrier m
'coalesced WRITE .
1) Kaxgbin Workltem cuutan VRAM -> Local Memory
2) Hoxpanuce Bcto WorkGroup: memory barrier
M 3) Kaxaobin Workltem 3anucan anemeHT: Local Memory -> VRAM

YA/ Mor nn Workltem obpaboTtatb 6onbLue ogHOro anemMeHTa?

30



TpaHCnoHMpoBaHue
e 5000 GB/s

Workltem = Thread | | low latency
coalesced READ N )i no ‘cache lines’

. Local Memory
WorkGroup = Block (16x16 Workltems) memory barrier m

tzoalesced WRITE

1)  Kaxgbim Workltem cuurtan anement: VRAM -> Local Memory
2) Hoxpanucek Bcto WorkGroup: memory barrier
M 3) Kaxaobin Workltem 3anucan anemeHT: Local Memory -> VRAM

YA/ Bo yto mbl ynepnucs? Compute/Memory - bound?
31



INNokanbHasa namsaTtk - bank conflicts (HanomuHaHKue)

__local unsigned int workgroup_data[256];
workgroup_datalget_local_id(0)]| = a[index];

Local memory banks: 0 1 2 | .. |29]| 30| 31

Local address space: 0




INNokanbHasa namsaTtk - bank conflicts (HanomuHaHKue)

__local unsigned int workgroup_data[256];
workgroup_data[32 * get_local_id(@)l] = al[index];

Bank conflict!

Local memory banks: 0 1 2 | .. |29]| 30| 31
Local address space: 0 //—/__3{

S | —7— 1763

33




(/a o
M

)

5000 GB/s
low latency

TpaHcnoHnpoBaHue MmaTpuubl (coalesced)

0 ‘ i I NI )i no ‘cache lines’
‘ i . Local Memory
WorkGroup = Block ( ) memory barrier m
'coalesced WRITE .
1) Kaxgbin Workltem cuutan VRAM -> Local Memory
2) Hoxpanuce Bcto WorkGroup: memory barrier
M 3) Kaxaobin Workltem 3anucan anemeHT: Local Memory -> VRAM

34



TpaHcnoHupoBaHue
Workltem =

5000 GB/s
low latency
mashe lines’

Local Memory
WorkGroup = Block (16x16 Workltems) memory barrier m

tzoalesced WRITE

' [

) Ka>|<,u,b||/| Workltem 3anucan anemMeHT: Local Memory -> VRAM

YA EcTtb nu 3geck bank conflicts?

35



TpaHcnoHupoBaHue
Workltem =

5000 GB/s
low latency
no ‘cache lines’

Local Memory
. _ DI ~ o __\ Imemory barrier

YA EcTtb nu 3geck bank conflicts?

36
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]
Al
) e

l

[nsa npocToThbl 6Bygem cumTaTb 5000 GB/s
yto WorkGroup 32 x 32! low latency

no ‘cache lines’

A Tile B Local Memory - 32 x 32! i

_ nory barrier

coalesced WRITE |

YA EcTtb nu 3geck bank conflicts?

Local Memory

37



29

30

31

| al 2

5000 GB/s
low latency
no ‘cache lines’

i Local Memory

_ nory barrier

Ectb nun 30ecb bank conflicts?
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ol 1l 2] |29]|30]| 31 é”“:
Uto Byoert ecnu ) o

Tile - 33327 l

Local Memory
_nory barrier

5000 GB/s
low latency
o ‘cache lines’

YA EcTtb nu 3geck bank conflicts?

39



ol 1l 2] |29]|30]| 31 Sﬁ‘ -
— Uto Byoert ecnu ) o
0

st Tile - 33x327 5000 GB/s

~—— > low latency

I i —— 1 [[93| B kako GaHke BTOPOI QLache lines
— [ 1| anemeHT cTon6ukay

Local Memory
\nory barrier

YA EcTtb nu 3geck bank conflicts?
40



I ENE

29 || 30 || 31
Uto Byoet ecnu
(31 Tile - 33x327
— 1 [[®3| B kaxoii 6aHke BTOpOI
I arnemMeHT cTonbuka?

\nory barrier

(

]
Q
) o

l

Local Memory

5000 GB/s
low latency
o ‘cache lines’

Ectb nun 30ecb bank conflicts?
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1l 2| |29]| 30| 31 é"‘:
Uto Byoert ecnu ) o

Tile - 33327 l

Local Memory
__nory barrier

5000 GB/s
low latency
o ‘cache lines’

I ENE

YA EcTtb nu 3geck bank conflicts?
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ol 1 I 2 29 || 30 || 31

— UTto Oyoet ecnu

o Tile - 33x327?
33] I3

— — Mo>kHO nn 6e3 nuwHen

L 66 —T | local memory?

(

]
Al
) e

l

Local Memory
__nory barrier

5000 GB/s
low latency
o ‘cache lines’

Ectb nun 30ecb bank conflicts?

43



29

30

31

L =] [

| 2l <

SM - Streaming Multiprocessor

UTO OYAET €CINN [l em—
Tile - 33x327?

A Ha JTO BnusaeT , ma | | Toson
00beM MCnonb3yemom
Local Memory?

+
INT32

T SFU

I | o DR SR

Register File (16,384 x 32-09)

FP32 FP32 TENSOR FP32 FP32 TENSOR
+

coalesced WRITE

2)
3)

Kaxkgbin Workltem cuutan anemenTt: VRAM ->

|I<a>|<,u,b||7| Workltem 3anucan anemeHT: Local M

Ectb nun 30ecb bank conflicts?

CORE * CORE
INT32




A Ha 4TO BnusieT
00beM MCnonb3yemom
Local Memory?
Occupancy!

SM - Streaming Multiprocessor

T Warp Schedaler + Dispatch D2 Beead'cl) | Warp Scheduler « Dispaich 07 temactiy

Rogister File (16,384 x 32.51) Register File (16,384 x 32.5)

FP32 FP32 TENSOR
* CORE
INT32

sFU
T [ Warp Schedole + Dispsich 02 Beasthy |

Register File (16,384 x 32:5i%)




SM - Streaming Multiprocessor

RTX 3090 (Ampere) - per SM:
- 128 KB Local Memory
- 4 x 16384 x 32-bit reqgisters
= 256 KB Register File

A Ha 4TO BnusieT Ba | ey sor
00beM MCnonb3yemom
Local Memory?
Occupancy!

CORE

+
INT32




RTX 3090 (Ampere) - per SM: SM - Streaming Multiprocessor
- 128 KB Local Memory ————
- 4 x 16384 x 32-bit registers - -_—

= 256 KB Register File

FP32 FP32 TENSOR
* CORE

[DEPRECATED] Excel spreadsheet based occupancy calculator is deprecated.
Occupancy calculator in now available in Nsight Compute

CUDA Occupancy Calculator o

lick Here for detailed instructions on how to use this occupancy calculator.
For more information on NVIDIA CUDA, visit http://developer.nvidia.com/cuda

3
§
&
sFy war oaT SFU
Justfollow steps 1,2, and 3 below! (or click here for hel Yogr chosen resource usage is indicated by the.red friangie on the graphs. The ofher data O
poibts. represent the range of possible block sizes, register counts, and shared memory g e | e s
— - e £t WarD Shadonr + DIpHch 07 Breadich] | | Wap Shadoint + Dispiich 12 Badion
H 38
z
= ii Register Fle (16,384 x 32.50) Register File (16,384 x 32.59)
Impact of Varying Block Size ;
a8 A g Impact of Varying Shared Memory Usage Per Block
48 o
o - 4 AR
\V \ o
=
=
(Don't edit anything below this line) 24 \‘/ =
3.) GPU Occupancy Data is displayed here and in the graphs: 16 I 1 2 FP32
Active Threads per Multiprocessor 1536 {Help) ‘
Active Warps per Multiprocessor 48 8 o -
Active Thread Blocks per Multiprocessor 6 \
Occupancy of each Multiprocessor 100% E ° o —
H 641’3122%&03(4#85;2"%‘;407)'17()8&9&53 1024 l
g o
Physical Limits for GPU Compute Capability: 8,6 - S g g § é H % % g %
Threads per Warp 32| § e ] £ N 3 8 3
Max Warps per Multiprocessor 48 ;-'
D Tiees B et ) R rocassce) 18, i § —_Shayeg Memory Bax Blogk. —
Max Threads per Multiprocessor 1536 3 E 3
Maximum Thread Block Size 1024 & Impact of Varying Register Count Per Thread
R":';':"I‘ :"‘M"’“#“:”' :2: E 120KB L1 Data Cache / Shared Memory
jisters per Thread Block
Max Registers per Thread 255! 19 Tex
Shared Memory per Multiprocessor (bytes) 65536 35
Max Shared Memory per Block 65536
Register allocation unit size 258 24
Register allocation granularity warp|
Shared Memory allocation unit size 128 16
Warp allocation granularity 4
Shared Memory Per Block (bytes) (CUDA runtime use) 1024 5
= °
Allocated Resources Per Block _Limit Per SM_Blocks Per SM ceiygsbged aa B 5
Warps (Threads Per Block / Threads Per Warp) T 28] 6| SRR ®
Registers (Warp limit per SM due to per-warp reg count) | 8 | 64 8|
Shared Memory (Bytes) | 2048 | 65536 32

Noe. Sh1 s an abbreviation for (Streaming) Muliprocessor

Maximum Thread Blocks Per Multiprocessor Blocks/SM_* Warps/Block = Warps/SM




=71} NVIDIA Nsight

Compute Capability:
Shared Memory Size Config (bytes):

Global Load Cache Mode:

8.6

102400

Threads Per Block:

Registers Per Thread:

User Shared Memory Per Block (bytes):

Block Barriers:

v Apply Automatically

Occupancy Calculator

@ The CUDA Occupancy Calculator allows you to
compute the multiprocessor occupancy of a GPU by a
given CUDA kernel. Occupancy is the ratio of active
warps on an SM to the maximum number of active
warps supported by the SM.

The launch parameters can be configured with the
input widget to the left. This tool also provides various
important statistics such as resource allocation,
occupancy limiters, GPU Data, etc in the form of tables
and graphs.

48



@ NVIDIA Nsight Occupancy Calculator

@ The CUDA Occupancy Calculator allows you to
compute the multiprocessor occupancy of a GPU by a
given CUDA kernel. Occupancy is the ratio of active
warps on an SM to the maximum number of active
warps supported by the SM.

The launch parameters can be configured with the
input widget to the left. This tool also provides various
important statistics such as resource allocation,
occupancy limiters, GPU Data, etc in the form of tables

v Apply Automatically and graphs.

Compute Capability: 8.6 Threads Per Block:

Shared Memory Size Config (bytes): 102400 Registers Per Thread:

Global Load Cache Mode: User Shared Memory Per Block (bytes):

Block Barriers:

RTX 3090 (Ampere) - Compute Capability 8.6

49



4’@ NVIDIA Nsight Occupancy Calculator

@ The CUDA Occupancy Calculator allows you to
compute the multiprocessor occupancy of a GPU by a
given CUDA kernel. Occupancy is the ratio of active
warps on an SM to the maximum number of active
warps supported by the SM.

The launch parameters can be configured with the
input widget to the left. This tool also provides various
important statistics such as resource allocation,
occupancy limiters, GPU Data, etc in the form of tables

v Apply Automatically and graphs.

Compute Capability: 8.6 Threads Per Block:

Shared Memory Size Config (bytes): 102400 Registers Per Thread:

Global Load Cache Mode: User Shared Memory Per Block (bytes):

Block Barriers:

RTX 3090 (Ampere) - Compute Capability 8.6
WorkGroup size - 256

50



4’@ NVIDIA Nsight Occupancy Calculator

@ The CUDA Occupancy Calculator allows you to
compute the multiprocessor occupancy of a GPU by a
given CUDA kernel. Occupancy is the ratio of active
warps on an SM to the maximum number of active
warps supported by the SM.

The launch parameters can be configured with the
input widget to the left. This tool also provides various
important statistics such as resource allocation,
occupancy limiters, GPU Data, etc in the form of tables

v Apply Automatically and graphs.

Compute Capability: 8.6 Threads Per Block:

Shared Memory Size Config (bytes): 102400 Registers Per Thread:

Global Load Cache Mode: User Shared Memory Per Block (bytes):

Block Barriers:

RTX 3090 (Ampere) - Compute Capability 8.6
WorkGroup size - 256
Registers Per Thread - 32
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4’@ NVIDIA Nsight Occupancy Calculator

@ The CUDA Occupancy Calculator allows you to
compute the multiprocessor occupancy of a GPU by a
given CUDA kernel. Occupancy is the ratio of active
warps on an SM to the maximum number of active
warps supported by the SM.

The launch parameters can be configured with the
input widget to the left. This tool also provides various
important statistics such as resource allocation,
occupancy limiters, GPU Data, etc in the form of tables

v Apply Automatically and graphs.

Compute Capability: 8.6 v Threads Per Block:

Shared Memory Size Config (bytes): 102400 v Registers Per Thread:

Global Load Cache Mode: User Shared Memory Per Block (bytes):

Block Barriers:

RTX 3090 (Ampere) - Compute Capability 8.6
WorkGroup size - 256

Registers Per Thread - 32

Local memory Per Thread - 8 bytes
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r@ NVIDIA Nsight Occupancy Calculator

@ The CUDA Occupancy Calculator allows you to
compute the multiprocessor occupancy of a GPU by a
given CUDA kernel. Occupancy is the ratio of active
warps on an SM to the maximum number of active
warps supported by the SM.

The launch parameters can be configured with the

: input widget to the left. This tool also provides various

Block Barriers: important statistics such as resource allocation,

occupancy limiters, GPU Data, etc in the form of tables

v Apply Automatically Reset and graphs.

4

Compute Capability: 8.6 v Threads Per Block: 256

Ll

Shared Memory Size Config (bytes): 102400 v Registers Per Thread: 32

<

Global Load Cache Mode: User Shared Memory Per Block (bytes): 2048

Impact of Varying Register Count Per Thread

Y 1 T 1]

1 Registers Per Thread: 32
il % Occupancy: 100
| | |

% Occupancy

= = - N =< =
= N N w S a1
N o o] (o)) & N

Registers Per Thread




r@ NVIDIA Nsight Occupancy Calculator

@ The CUDA Occupancy Calculator allows you to
compute the multiprocessor occupancy of a GPU by a
given CUDA kernel. Occupancy is the ratio of active
warps on an SM to the maximum number of active
warps supported by the SM.

The launch parameters can be configured with the

: input widget to the left. This tool also provides various

Block Barriers: important statistics such as resource allocation,

occupancy limiters, GPU Data, etc in the form of tables

v Apply Automatically Reset and graphs.

4

Compute Capability: 8.6 v Threads Per Block: 256

Ll

Shared Memory Size Config (bytes): 102400 v Registers Per Thread: 32

<

Global Load Cache Mode: User Shared Memory Per Block (bytes): 2048

Impact of Varying Shared Memory Usage Per Block

v T T T |

Sl Shared Memory Per Block: 2048
g % Occupancy: 100

% Occupancy

Shared Memory Per Block
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| f Iocal memory



YMHOXeHue matpuu
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YMHOXeHue matpuu

Kak BbIrmsaaunT:
-  WorkRange?
- 3apada Workltem?




YMHOXeHue matpuu

Kak BbIrmsaaunT: — Nv
-  WorkRange?
- 3apada Workltem? K K
- WorkGroup? A 5
" >
y 1

N



YMHOXeHue matpuu

CKOmnbKO Yy Hac BbIYUCITIEHUIN?
CKOMbKO Yy Hac YTeHun/3annucen gaHHbIX?

Kakas nponopunsa?




YMHOXeHue matpuu

CKOnbKO Yy Hac BblMUCMIEHWIA?
O(NIIMIK)

CKOMNbKO Yy Hac YTeHu/3annucen gaHHbIX?
O(NOMLIK)

Kakas nponopunsa?




YMHOXeHue matpuu

CKOnbKO Yy Hac BblMUCMIEHWIA?
O(NIIMIK)

CKOMNbKO Yy Hac YTeHu/3annucen gaHHbIX?
O(NOMLIK)

Kakas nponopumna?
1:1 310 Xopowwnn pesynsrar?




YMHOXeHue matpuu

CKOnbKO Yy Hac BblMUCMIEHWIA?
O(NLIMLIK)

CKOMNbKO Yy Hac YTeHu/3annucen gaHHbIX? /\/
O(NOMLIK) T

Kakas nponopumna? K
1:1 310 Xopowwnn pesynsrar?

100-10"2 FLOP

1000 GB/s

\%RG C:A"g M
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YMHOXeHue matpuu

CKOnbKO Yy Hac BblMUCMIEHWIA?
O(NLIMLIK)

CKOMNbKO Yy Hac YTeHu/3annucen gaHHbIX? /\/
O(NOMLIK) T

Kakas nponopumna? K
1:1  Memory-bound!

100-10"2 FLOP

1000 GB/s

\%Res C:A"g M
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YMHOXeHue matpuu

CKOnbKO Yy Hac BblMUCMIEHWIA?
O(NLIMLIK)

CKOMNbKO Yy Hac YTeHu/3annucen gaHHbIX? /\/
O(NOMLIK) T

Kakas nponopumna? K
1:1  Memory-bound!

100-10"2 FLOP

1000 GB/s

\%Res C:A"g M

Kak yBennuntb 06beM BbIYMCIIEHUI HA CYUTAHHbBIN BanT? 64



YMHOXeHue matpuu

CKONbKO Yy HacC BbI4UCIIEHNIA?

O(NLMLIK)
CKOMNbKO Yy Hac YTeHu/3annucen gaHHbIX? /\/
O(NOMLIK) T
Kakas nponopumna?
1:1  Memory-bound! K 5 K
100-10"2 FLOP Local Memory M A»

@\ 5000 GB/s (low latency)

\%RG C:A"g M

Kak yBennuntb 06beM BbIYMCIIEHUI HA CYUTAHHbBIN BanT?

1000 GB/s

65



YMHOXeHne matpul
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YMHOXeHne matpul
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YMHOXeHue matpuu

3a CYET Yero 3TO YCKOpSEeT?
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YMHOXeHue matpuu

CKOmnbKO Yy Hac BbIYUCITIEHUIN?
Local Memory

CKOnbKO y Hac YteHun/3anncen?

Kakas nponopumna?

I'Iepewcnonb3OBaHV|e OaHHbIX:

3@=EXE+EXE
32
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YMHOXeHue matpuu

CKOsbKO y Hac BbIMUCNEHNIN?
O(NLMIK) Local Memory

CKOmnbKO y Hac YteHun/3anncen?
O(NOMOK/

Kakas npoq%)pu,vm?
32:1

I'Iepewcnonb3OBaHV|e OaHHbIX:

3@=ﬂXlﬂ+EXE
32

70



YMHOXeHue matpuu

CKOsbKO y Hac BbIMUCNEHNIN? N
O(NLMIK) Local Memory

CKOmnbKO y Hac YteHun/3anncen?
O(NOMOK/

Kakas npoq%)pu,vm?
32:1

MNepencnonb3oBaHne AaHHbIX:
[ = e mxlﬂ
32

Kak nontu ewe pganbuwe? Kak ewie yBesiM4UTb NPONopLuro?

71



YMHOXeHue matpuu

kernels
50k

40k

30k

GFLOPS/s

20k

10k
kernel1 kernel2

Kernel 1 Kernel 2 Kernel 3 Kernel 4 Kernel 5 Kernel 6 Kernel 7 Kernel 8

HepaBHas 6uTBa 3a ruradnonckl Npu yMHOXEHUM MaTpuL
(xopoLlo onucaHHas aHanuMTuKa, NpodUIMpoBaHne, ONTUMN3aLUS):

AMD RDNAS - https://seb-v.qithub.io/optimization/update/2025/01/20/Fast-GPU-Matrix-multiplication.html
NVIDIA Kepler - https://cnugteren.qgithub.io/tutorial/pages/page15.html
https://siboehm.com/articles/22/CUDA-MMM

72


https://seb-v.github.io/optimization/update/2025/01/20/Fast-GPU-Matrix-multiplication.html
https://cnugteren.github.io/tutorial/pages/page15.html
https://siboehm.com/articles/22/CUDA-MMM




I'naBa 3: YMHO>|<eH|/|e MaTpuL
| | Tensor Cores WI\/II\/IA |



YMHOXeHue matpuu
Tensor Cores

VRAM FP 32 FP 16 FP 16 (tensor)
TB/s TFlops TFlops TFlops
RTX 3090 0.93 29 29 142
RTX 4090 1.00 73 73 330
RTX 5090 1.79 105 105 419
Tesla H100 3.35 67 268 (4:1) 990 (16:1)
K

[ Warp Scheduier « Dispaich Q2 tvaadd 1

Register File (16,384 x 32.5)

FP32 FP32 TENSOR
* CORE
INT32

il SfU

T [ Warp Schedolet + Dispich 02 veastny

Register File (16,184 x 32-8i%)

FP32 FP32 TENSOR
CORE

+
INT32




YMHOXeHue matpuu
TenSOr Core S el | e

FP32 FP32 TENSOR
+ CORE

D =

SFU

[ Warp Schedolet s Dispaich 2 Bweasthy

Register File (16,384 x 32:5i%)

FP16 or FP32

FP16 or FP32

FP32 TENSOR
CORE




YMHOXeHue matpuu

Tensor Cores

D =

FP16 or FP32

D =

FP16 or FP32

( Ao Ao Ao,

Ao Ay A

Avg| | Ay | (AL

\ A15,0 A'15,l A15,..
FP16

|

!

Bis,1 B15,., 515,15
FP16

FP16 or FP32

16x16

Cis0 Cisn Cis,.
FP16 or FP32

[ Warp Scheduier « Oispaich 02 tveadi &)

Register File (16,384 x 32.5)

FP32 FP32 TENSOR
* CORE

SFU

[ Warp Schedolel + Dispich 02 veastny

Register File (16,384 x 32-5%)

FP32 FP32 TENSOR
* CORE
INT32




69 // Performs an MxNxK GEMM (C=alpha*A*B + beta*C)

75 _ global__ void wmma_example(half *a, half *b, float *c, int M, int N, int K, float alpha, float beta) {

C = ocAg+);C
N

K
2 K

N
Mi. ©

78
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// Performs an MxNxK GEMM (C=alpha*A*B + beta*C)

_global__ void wmma_example(half *a, half *b, float *c, int M, int N, int K, float alpha, float beta) {

// Declare the fragments

wmma::

wmma: :

wmma: :

wmma: :

fragmentkwmma: :accumulator, WMMA_M, WMMA_N, WMMA_K, float> acc_frag;

fragmentkwmma: :accumulator, WMMA_M, WMMA_N, WMMA_K, float> c_frag;

fragmentkwmma: :matrix_a, WMMA_M, WMMA_N, WMMA_K, half, wmma::col_major> a_frag; — X 1L— t
fragmentkwmma: :matrix_b, WMMA_M, WMMA_N, WMMA_K, half, wmma::col_major> b_frag; <><£'

OG6wume Ha Becb warp 16x16 pparmeHTbl MaTpuL,
WMMA = Warp Matrix Multiply-Accumulate e

K K

S,

N
e |
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// Performs an MxNxK GEMM (C=alpha*A*B + beta*C)

_global__ void wmma_example(half *a, half *b, float *c, int M, int N, int K, float alpha, float beta) {

// Declare the fragments

wmma::

wmma: :

wmma: :

wmma: :

fragmentqwmma: :accumulator} WMMA_M, WMMA_N, WMMA_K, float> acc_frag;

fragmentqwmma: :accumulator} WMMA_M, WMMA_N, WMMA_K, float> c_frag;

fragmentqwmma: :matrix_a, WHMA_M, WMMA_N, WMMA_K, half, wmma::col_major> a_frag; — X 1L— t
fragmentqwmma: :matrix_b, WHMA_M, WMMA_N, WMMA_K, half, wmma::col_major> b_frag; <><£'

OG6wume Ha Becb warp 16x16 pparmeHTbl MaTpuL,
WMMA = Warp Matrix Multiply-Accumulate e

K K

S,

N
e |

https://qithub.com/NVIDIA-developer-blog/code-samples/blob/master/posts/tensor-cores/simpleTensorCore GEMM.cu
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// Performs an MxNxK GEMM (C=alpha*A*B + beta*C)

__global__ void wmma_example(half *a,

// Declare the fragments

wmma: : fragment<wmma
wmma: : fragment<wmma:
wmma: : fragment<wmma:

wmma: : fragment<wmma:

half *b, float *c,

int M, int N, int K, float alpha, float beta) {

::matrix_a, [WMMA_M, WMMA_N, WMMA_K, hplf, wmma::col_major> a_frag; C — %Ax g +_ C
:matrix_b, [WMMA_M, WMMA_N, WMMA_K, hplf, wmma::col_major> b_frag;
:accumulatér, WMMA_M, WMMA_N, WMMA_K} float> acc_frag; AP
raccumulatgr, WMMA_M, WMMA_N, WMMA_K} float> c_frag;

OG6wume Ha Becb warp 16x16 pparmeHTbl MaTpuL,

WMMA = Warp Matrix Multiply-AccumuIate |

__half __half float 16x16x16 I K
__half __half float 32x8x16 | n A 5
__half __half float 8x32x16 | l
e —
__half __half __half 16x16x16

__half
__half

unsigned char

__half
__half

unsigned char

__half

__half

int

32x8x16

8x32x16

i | i E | 16x16x16 | M
https://docs.nvidia.com/cuda/cuda-c-programming-guide/#wmma-type-sizes
81
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69 // Performs an MxNxK GEMM (C=alpha*A*B + beta*C)

75 _global__ void wmma_example(half *a, half *b, float *c, int M, int N, int K, float alpha, float beta) {

85 // Declare the fragments

86 wmma: : fragment<wmma: :matrix_a, WMMA_M, WMMA_N, WMMA_K,|half}) wmma::col_major> a_frag; C — %Ax g +_ C
87 wmma: : fragment<wmma: :matrix_b, WMMA_M, WMMA_N, WMMA_K,|half}) wmma::col_major> b_frag;

88 wmma: : fragment<wmma: :accumulator, WMMA_M, WMMA_N, WMMA_K, |floatjy acc_frag; AP

89 wmma: : fragment<wmma: :accumulator, WMMA_M, WMMA_N, WMMA_K, |floatj] c_frag;

OG6wume Ha Becb warp 16x16 pparmeHTbl MaTpuL,
WMMA = Warp Matrix Multiply-AccumuIate

__half __half float 16x16x16 I

_ half _ half float 32x8x16 n A

__half | —haif | float | 8x32x16 l
_half __half __half 16x16x16
__half | __half | __half | 32x8x16 |_|O\-|eMy A n B - half? N
__half | __half | __half | axszxis HO C 1 aK.KyMyJ'IFlTOp - float?
| unsigned char “ unsigned char | e | exiexis | M
https://docs.nvidia.com/cuda/cuda-c-programming-quide/#wmma-type-sizes
82
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// Performs an MxNxK GEMM (C=alpha*A*B + beta*C)

__global__

void wmma_example(half *a, half *b, float *c, int M, int N, int K, float alpha, float beta) {

// Declare the fragments

wmma: :
wmma: :
wmma: :

wmma: :

fragment<wmma::accumulator, WMMA_M, WMMA_N, WMMA_K, |floaty acc_frag;

fragment<wmma::accumulator, WMMA_M, WMMA_N, WMMA_K, |floatj] c_frag;

fragment<wmma: :matrix_a, WMMA_M, WMMA_N, WMMA_K,|half)] wmma::col_major> a_frag; — X 1L— t
fragment<wmma: :matrix_b, WMMA_M, WMMA_N, WMMA_K,|half) wmma::col_major> b_frag; <><£'

OG6wume Ha Becb warp 16x16 pparmeHTbl MaTpuL,
WMMA = Warp Matrix Multiply-Accumulate e

Moyemy A u B - half? K K

Ho C n akkymynatop - float? M A &
[lopcka3ka:

- An B nepemHoXxatoTCH - —

- aKKyMynSaTOp CYMMUPYETCS N
M .
83
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69 // Performs an MxNxK GEMM (C=alpha*A*B + beta*C)

75 _ global__ void wmma_example(half *a, half *b, float *c, int M, int N, int K, float alpha, float beta) {

85 // Declare the fragments

88 wmma: :fragment<wmma: :accumulator, WMMA_M, WMMA_N, WMMA_K, |floaty acc_frag;

89 wmma: : fragment<wmma: :accumulator, WMMA_M, WMMA_N, WMMA_K, |floatj] c_frag;

86 wmma: : fragment<wmma: :matrix_a, WMMA_M, WMMA_N, WMMA_K,|half}) wmma::col_major> a_frag; — X 1L— t
87 wmma: : fragment<wmma: :matrix_b, WMMA_M, WMMA_N, WMMA_K,|half}) wmma::col_major> b_frag; <><L'

O6wme Ha Becb warp 16x16 pparmeHTbl MaTpuy

WMMA = Warp Matrix Multiply-Accumulate e

UTto OyneT ecnu
CJI0OXXUTb OrPOMHOE
N Manoe 4yncrno?

Moyemy A u B - half? K K
Ho C n akkymynsatop - float? M A &

¢ 32 bit |
< AN b
2
= 3-bit 23 -k
= | Exponent [Montisso

* (1) 27 ) i .
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// Performs an MxNxK GEMM (C=alpha*A*B + beta*C)

_ global__ void wmma_example(half *a, half *b, float *c, int M, int N, int K, float alpha, float beta) {

// Declare the fragments

wmma :

wmma:

wmma:

wmma:

:fragment<wmma:
:fragment<wmma:
:fragment<wmma:

:fragment<wmma:

:accumulator, WMMA_M, WMMA_N, WMMA_K, |floaty acc_frag;
raccumulator, WMMA_M, WMMA_N, WMMA_K, |floatj] c_frag;

:matrix_a, WMMA_M, WMMA_N, WMMA_K,|half) wmma::col_major> a_frag; — X + t
:matrix_b, WMMA_M, WMMA_N, WMMA_K,|half}) wmma::col_major> b_frag; <><L'

O6wme Ha Becb warp 16x16 pparmeHTbl MaTpuy

WMMA = Warp Matrix Multiply-Accumulate e

UTto OyneT ecnu

CJITOXUTb OrpoMHOE

N Manoe 4Yncro?

UTto OyneT ecnu

YMHOXWUTb OFpOMHOE

N Maoe 4Yncro?

Moyemy A u B - half? K K
Ho C n akkymynsatop - float? M A &

¢ 32 bit |
< AN b
2
= 3-bit 23 -k
= | Exponent [Montisso

(o2 ) ”.
85
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// Perfor

__global__

ms an MxNxK GEMM (C=alpha*A*B + beta*C)

void wmma_example(half *a, half *b, float *c, int M, int N, int K, float alpha, float beta) {

// Declare the fragments

wmma::

wmma: :

wmma: :

wmma: :

fragment<wmma::accumulator, WMMA_M, WMMA_N, WMMA_K, float> acc_frag;
fragment<wmma::accumulator, WMMA_M, WMMA_N, WMMA_K, float> c_frag;

fragment<wmma: :matrix_a, WMMA_M, WMMA_N, WMMA_K, half,|wmma::col_major} a_frag; — X 1L— t
fragment<wmma: :matrix_b, WMMA_M, WMMA_N, WMMA_K, half,|wmma::col_majorj} b_frag; <><£'

OG6wume Ha Becb warp 16x16 pparmeHTbl MaTpuL,
WMMA = Warp Matrix Multiply-Accumulate e

K K

S,

N
e |
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// Performs an MxNxK GEMM (C=alpha*A*B + beta*C)

_ global__ void wmma_example(half *a, half *b, float *c, int M, int N, int K, float alpha, float beta) {

// Declare the fragments

wmma :

wmma:

wmma:

wmma:

wmma:

:fragment<wmma: :matrix_a, WMMA_M, WMMA_N, WMMA_K, half, wmma::col_major> a_frag;
:fragment<wmma: :matrix_b, WMMA_M, WMMA_N, WMMA_K, half, wmma::col_major> b_frag;
:fragment<wmma: :accumulator, WMMA_M, WMMA_N, WMMA_K, float> acc_frag;
:fragment<wmma::accumulator, WMMA_M, WMMA_N, WMMA_K, float> c_frag;

:fill_fragment(acc_frag, 0.0f); 1 6X1 6

acc_frog

C = ocAgf—);C
N

K

A

2 K

|

N
e |
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89

91

94

https://qithub.com/NVIDIA-developer-blog/code-samples/blob/master/posts/tensor-cores/simpleTensorCore GEMM.cu

// Performs an MxNxK GEMM (C=alpha*A*B + beta*C)

_ global__ void wmma_example(half *a, half *b, float *c, int M, int N, int K, float alpha, float beta) {

(= ocAg+);C
N

// Declare the fragments

wmma: : fragment<wmma: :matrix_a, WMMA_M, WMMA_N, WMMA_K, half, wmma::col_major> a_frag;
wmma: : fragment<wmma: :matrix_b, WMMA_M, WMMA_N, WMMA_K, half, wmma::col_major> b_frag;
wmma: : fragment<wmma: :accumulator, WMMA_M, WMMA_N, WMMA_K, float> acc_frag;

wmma: : fragment<wmma: :accumulator, WMMA_M, WMMA_N, WMMA_K, float> c_frag;

wmma: :fill_ fragment(acc_frag, 0.0f); 1 ES)(1 ES

[For Gint i-0; i<K; i+= WMMAK) {zl ac(,__-(ra}

ga—

b

| —

i
v
Ul

K

N
e |
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105

// Performs an MxNxK GEMM (C=alpha*A*B + beta*C)

_ global__ void wmma_example(half *a, half *b, float *c, int M, int N, int K, float alpha, float beta) {

(= ocAg+);C
N

// Declare the fragments

wmma: : fragment<wmma: :matrix_a, WMMA_M, WMMA_N, WMMA_K, half, wmma::col_major> a_frag;
wmma: : fragment<wmma: :matrix_b, WMMA_M, WMMA_N, WMMA_K, half, wmma::col_major> b_frag;
wmma: : fragment<wmma: :accumulator, WMMA_M, WMMA_N, WMMA_K, float> acc_frag;

wmma: : fragment<wmma: :accumulator, WMMA_M, WMMA_N, WMMA_K, float> c_frag;

wmma: :fill_ fragment(acc_frag, 0.0f); 1 ES)(1 ES

| for (int i =0; i < K; i += WMMA K) {zl acc_-(‘fa}

int aRow = warpM * WMMA_M;
int aCol i

1;

int bRow = i;
int bCol = warpN * WMMA_N;

// Bounds checking
if (aRow < M && aCol < K && bRow < K && bCol < N) {
// Load the inputs
wmma: :load_matrix_sync(a_frag, a + aRow + aCol * lda, 1lda);

wmma: :load_matrix_sync(b_frag, b + bRow + bCol * 1db, 1ldb);

ga—

b

| —

K

i
v
i

N
e |
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69 // Performs an MxNxK GEMM (C=alpha*A*B + beta*C)

75 _ global__ void wmma_example(half *a, half *b, float *c, int M, int N, int K, float alpha, float beta) {

85 // Declare the fragments

86 wmma: : fragment<wmma: :matrix_a, WMMA_M, WMMA_N, WMMA_K, half, wmma::col_major> a_frag; — X + t
87 wmma: : fragment<wmma: :matrix_b, WMMA_M, WMMA_N, WMMA_K, half, wmma::col_major> b_frag; «’

88 wmma: : fragment<wmma: :accumulator, WMMA_M, WMMA_N, WMMA_K, float> acc_frag;

89 wmma: : fragment<wmma: :accumulator, WMMA_M, WMMA_N, WMMA_K, float> c_frag;

91 wmma: :fill_ fragment(acc_frag, 0.0f); 1 6x1 6 N

94 |for(inti-e-i<K-i+—wMMAK){=| _(‘ '-

95 int aRow = warpM * WMMA_M; acc- ra}

96 int aCol = i; L

: K

98 int bRow = i; 2

99 int bCol = warpN * WMMA_N; ~> 2 2 A &

100 “\

101 // Bounds checking t,\____, ~.’

102 if (aRow < M && aCol < K && bRow < K && bCol < N) { l \ l
103 // Load the inputs

104 wmma: :load_matrix_sync(a_frag, a + aRow + aCol * lda, 1lda);

105 wmma: :load_matrix_sync(b_frag, b + bRow + bCol * 1db, 1ldb);
106 1 6X1 6

107 // Perform the matrix multiplication
108 wmma: :mma_sync(acc_frag, a_frag, b_frag, acc_frag); x _>
109
. acc_freg M
111 } C
90

https://qithub.com/NVIDIA-developer-blog/code-samples/blob/master/posts/tensor-cores/simpleTensorCore GEMM.cu



https://github.com/NVIDIA-developer-blog/code-samples/blob/master/posts/tensor-cores/simpleTensorCoreGEMM.cu

69 // Performs an MxNxK GEMM (C=alpha*A*B + beta*C)

75 _ global__ void wmma_example(half *a, half *b, float *c, int M, int N, int K, float alpha, float beta) {

85 // Declare the fragments

86 wmma: : fragment<wmma: :matrix_a, WMMA_M, WMMA_N, WMMA_K, half, wmma::col_major> a_frag; — X + t
87 wmma: : fragment<wmma: :matrix_b, WMMA_M, WMMA_N, WMMA_K, half, wmma::col_major> b_frag; «’

88 wmma: : fragment<wmma: :accumulator, WMMA_M, WMMA_N, WMMA_K, float> acc_frag;

89 wmma: : fragment<wmma: :accumulator, WMMA_M, WMMA_N, WMMA_K, float> c_frag;

91 wmma: :fill_ fragment(acc_frag, 0.0f); 1 6x1 6 N

94 |for (int i = @; i < K; i += WMMA K) {zl _(‘
95 int aRow = warpM * WMMA_M; acc- ra}

96 int aCol = i;

\ 6:9:4e-‘
—

98 int bRow = i;

99 int bCol = warpN * WMMA_N; ﬁ 2 = A

100 n

101 // Bounds checking t,\____, ~.’

102 if (aRow < M && aCol < K && bRow < K && bCol < N) {

103 // Load the inputs

104 wmma: :load_matrix_sync(a_frag, a + aRow + aCol * lda, 1lda);

105 wmma: :load_matrix_sync(b_frag, b + bRow + bCol * 1db, 1ldb);

16x16 N

107 // Perform the matrix multiplication

108 wmma: :mma_sync(acc_frag, a_frag, b_frag, acc_frag); x _>

109

S acc_frog M

= Yem aToT KO OTIIN4aeTCA OT KITaCCUYECKOIro YMHOXEeHNA B JTOKaJIbHOU C
namaTn? 91
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// Performs an MxNxK GEMM (C=alpha*A*B + beta*C)

_ global__ void wmma_example(half *a, half *b, float *c, int M, int N, int K, float alpha, float beta) {

// Declare the fragments

wmma :

wmma:

wmma:

wmma:

wmma:

:fragment<wmma: :matrix_a, WMMA_M, WMMA_N, WMMA_K, half, wmma::col_major> a_frag;
:fragment<wmma: :matrix_b, WMMA_M, WMMA_N, WMMA_K, half, wmma::col_major> b_frag;
:fragment<wmma: :accumulator, WMMA_M, WMMA_N, WMMA_K, float> acc_frag;
:fragment<wmma::accumulator, WMMA_M, WMMA_N, WMMA_K, float> c_frag;

:fill_fragment(acc_frag, 0.0f); 1 ES)(1 ES

int aRow =

|for (int i = @; i < K; i += WMMA K) {zl _(‘
warpM * WMMA_M; acc- ra}

int aCol

1;

int bRow = i;
int bCol = warpN * WMMA_N;

// Bounds checking
if (aRow < M && aCol < K && bRow < K && bCol < N) {

}

// Load the inputs
wmma: :load_matrix_sync(a_frag, a + aRow + aCol * lda, 1lda);

wmma: :load_matrix_sync(b_frag, b + bRow + bCol * 1db, 1ldb);

// Perform the matrix multiplication
wmma: :mma_sync(acc_frag, a_frag, b_frag, acc_frag); x _>

Yro Ham ocTanocb caenatb?

M
e

acc_frog

N

M.
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https://qithub.com/NVIDIA-developer-blog/code-samples/blob/master/posts/tensor-cores/simpleTensorCore GEMM.cu

// Performs an MxNxK GEMM (C=alpha*A*B + beta*C)

__global__ void wmma_example(half *a, half *b, float *c, int M, int N, int K, float alpha,
// Declare the fragments
wmma: : fragment<wmma: :matrix_a, WMMA_M, WMMA_N, WMMA_K, half, wmma::col_major> a_frag;
wmma: : fragment<wmma: :matrix_b, WMMA_M, WMMA_N, WMMA_K, half, wmma::col_major> b_frag;
wmma: : fragment<wmma: :accumulator, WMMA_M, WMMA_N, WMMA_K, float> acc_frag;
wmma: : fragment<wmma: :accumulator, WMMA_M, WMMA_N, WMMA_K, float> c_frag;

ac_frag

float beta) {
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69 // Performs an MxNxK GEMM (C=alpha*A*B + beta*C)

75 _ global__ void wmma_example(half *a, half *b, float *c, int M, int N, int K, float alpha, float beta) {

85 // Declare the fragments

86 wmma: : fragment<wmma: :matrix_a, WMMA_M, WMMA_N, WMMA_K, half, wmma::col_major> a_frag; C — «’Ax g + C

87 wmma: : fragment<wmma: :matrix_b, WMMA_M, WMMA_N, WMMA_K, half, wmma::col_major> b_frag;

88 wmma: : fragment<wmma: :accumulator, WMMA_M, WMMA_N, WMMA_K, float> acc_frag; P

89 wmma: : fragment<wmma: :accumulator, WMMA_M, WMMA_N, WMMA_K, float> c_frag; N

113 // Load in the current value of c, scale it by beta, and add this our result scaled e '.

114 int cRow = warpM * WMMA_M;

115 int cCol = warpN * WMMA_N; 1 L

116 K 2 K

117 if (cRow < M 8&& cCol < N) { &

118 wmma: :load_matrix_sync(c_frag, c¢ + cRow + cCol * ldc, ldc, wmma::mem_col_major‘);n ﬁE“")A l
vy
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69 // Performs an MxNxK GEMM (C=alpha*A*B + beta*C)

75 _ global__ void wmma_example(half *a, half *b, float *c, int M, int N, int K, float alpha, float beta) {

85 // Declare the fragments

86 wmma: : fragment<wmma: :matrix_a, WMMA_M, WMMA_N, WMMA_K, half, wmma::col_major> a_frag; C — «’Ax g + C
87 wmma: : fragment<wmma: :matrix_b, WMMA_M, WMMA_N, WMMA_K, half, wmma::col_major> b_frag;

88 wmma: : fragment<wmma: :accumulator, WMMA_M, WMMA_N, WMMA_K, float> acc_frag; P

89 wmma: :fragment<wmma: :accumulator, WMMA_M, WMMA_N, WMMA_K, float> c_frag; N

113 // Load in the current value of c, scale it by beta, and add this our result scaled e '.

114 int cRow = warpM * WMMA_M;

115 int cCol = warpN * WMMA_N; 1 L

116 K 2 K
117 if (cRow < M 8&& cCol < N) { &

118 wmma: :load_matrix_sync(c_frag, ¢ + cRow + cCol * 1ldc, ldc, wmma::mem_col_major‘);n "'92"“>A

119 t ~ ___) l

120 #pragma unroll | i \ l
121 for(int i=0; i < c_frag.num_elements; i++) {

122 Ic_*Frag.x[i] = alpha * acc_frag.x[i] + beta * c_-Fr‘ag.x[i];I

123 } N

e o

https://qithub.com/NVIDIA-developer-blog/code-samples/blob/master/posts/tensor-cores/simpleTensorCore GEMM.cu
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69 // Performs an MxNxK GEMM (C=alpha*A*B + beta*C)

75 _ global__ void wmma_example(half *a, half *b, float *c, int M, int N, int K, float alpha, float beta) {

85 // Declare the fragments

86 wmma: : fragment<wmma: :matrix_a, WMMA_M, WMMA_N, WMMA_K, half, wmma::col_major> a_frag; C — «’Ax g + C
87 wmma: : fragment<wmma: :matrix_b, WMMA_M, WMMA_N, WMMA_K, half, wmma::col_major> b_frag;

88 wmma: : fragment<wmma: :accumulator, WMMA_M, WMMA_N, WMMA_K, float> acc_frag; P

89 wmma: :fragment<wmma: :accumulator, WMMA_M, WMMA_N, WMMA_K, float> c_frag; N

113 // Load in the current value of c, scale it by beta, and add this our result scaled e '.

114 int cRow = warpM * WMMA_M;

115 int cCol = warpN * WMMA_N; 1 L

116 K 2 K
117 if (cRow < M 8&& cCol < N) { &

118 wmma: :load_matrix_sync(c_frag, ¢ + cRow + cCol * 1ldc, ldc, wmma::mem_col_major‘);n "'92"“>A L

119 t ~ ___) l

120 #pragma unroll | i \ l
121 for(int i=0; i < c_frag.num_elements; i++) {

122 Ic_*Frag.x[i] = alpha * acc_frag.x[i] + beta * c_-Fr‘ag.x[i];I

123 } N

A He OygeTt TOpMO3UTL?
[Touemy He criey,. pyHKUMA B xernese?

e o
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// Performs an MxNxK GEMM (C=alpha*A*B + beta*C)

_ global__ void wmma_example(half *a, half *b, float *c, int M, int N, int K, float alpha, float beta) {

// Declare the fragments
wmma: : fragment<wmma: :matrix_a, WMMA_M, WMMA_N, WMMA_K, half, wmma::col_major> a_frag; — X + t
wmma: : fragment<wmma: :matrix_b, WMMA_M, WMMA_N, WMMA_K, half, wmma::col_major> b_frag; «’

wmma: : fragment<wmma: :accumulator, WMMA_M, WMMA_N, WMMA_K, float> acc_frag;

wmma: : fragment<wmma: :accumulator, WMMA_M, WMMA_N, WMMA_K, float> c_frag;

// Load in the current value of c, scale it by beta, and add this our result scaled
int cRow = warpM * WMMA_M;
int cCol = warpN * WMMA_N; K

if (cRow < M && cCol < N) {

—
wmma: :load_matrix_sync(c_frag, c¢ + cRow + cCol * ldc, ldc, wmma::mem_col_major‘);n , 2 >A &L
 —

#pragma unroll

for(int i=0; i < c_frag.num_elements; i++) {

Ic__ﬂ‘ag.x[i] = alpha * acc_frag.x[i] + beta * c_Fr‘ag.x[i];I

A He OygeTt TOpMO3UTL?
[Moyemy He cney. pyHKUNSA B Xernese? M
A noyemy Obl He 0obaBuTL K C B OTAENLHOM KepHese? ¢ O
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Paper: https://arxiv.org/abs/2205.14135 https://github.com/Dao-AllLab/flash-attention

IEEE Spectrum article about our submission to the MLPerf 2.0 benchmark using FlashAttention.

Outer Loop

FlashAttention: Fast and Memory-Efficient Exact Attention with IO-Awareness C —_ «’ X g +.. l
Tri Dao, Daniel Y. Fu, Stefano Ermon, Atri Rudra, Christopher Ré

K:dxN

Attention on GPT-2
Copy Block to SRAM —

Outer L tmul L
oo, Vilxd s ] Matmu

| ] Dropout L
-8 1 o EIO
§ Compute.Block : . % o ]Softmax z K
s on SRAM I g % E
c
= 112 3 i Fused "'9 2

115 i 3 ] Mask  Kernel r

13 | -

Memory Hierarchy with ~ T ouputeo Eiom 0 ] Matmul t > i . I l
Bandwidth & Memory Size sm(QKTV: N x d_ PyTorch FlashAttention |

Inner Loop

FlashAttention N

A He OygeTt TOpMO3UTL?
[Moyemy He cney. pyHKUNSA B Xernese?

A noyemy Obl He 0obaBuTL K C B OTAENLHOM KepHese? C O
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// Performs an MxNxK GEMM (C=alpha*A*B + beta*C)

_ global__ void wmma_example(half *a, half *b, float *c, int M, int N, int K, float alpha, float beta) {

wmma: : fragment<wmma: :accumulator, WMMA_M, WMMA_N, WMMA_K, float> acc_frag;

wmma: : fragment<wmma: :accumulator, WMMA_M, WMMA_N, WMMA_K, float> c_frag;

// Declare the fragments
wmma: : fragment<wmma: :matrix_a, WMMA_M, WMMA_N, WMMA_K, half, wmma::col_major> a_frag; — X + t
wmma: : fragment<wmma: :matrix_b, WMMA_M, WMMA_N, WMMA_K, half, wmma::col_major> b_frag; «’

// Load in the current value of c, scale it by beta, and add this our result scaled
int cRow = warpM * WMMA_M;
int cCol = warpN * WMMA_N; K

if (cRow < M && cCol < N) {

wmma: :load_matrix_sync(c_frag, c + cRow + cCol * ldc, 1ldc, wmma::mem_col_major‘);n ’ z >A
|\ ~—>L]—

\ q:’I.VI(-«‘
e

#pragma unroll

for(int i=0; i < c_frag.num_elements; i++) {

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

=

acc_frog

// Store the output

|wmma::store_matrix_sync(c + cRow + cCol * ldc, c_frag, ldc, wmma::mem_col_major);l

> chO

99

https://qithub.com/NVIDIA-developer-blog/code-samples/blob/master/posts/tensor-cores/simpleTensorCore GEMM.cu



https://github.com/NVIDIA-developer-blog/code-samples/blob/master/posts/tensor-cores/simpleTensorCoreGEMM.cu

YMHOXeHune martpuu - Tensor Cores, WMMA
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YMHOXeHune martpuu - Tensor Cores, WMMA

CKONbKO Yy HacC BbI4UCIIEHNIA?
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YMHOXeHne matpul Tensor Core
16
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O(NLIMLIK)

5 5 16 X
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O(NOMLIK) T
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1:1  Memory-bound! A
M

100-10"2 FLOPS Local Memory

v — T

C+=AxB
5000 GB/s (low latency) N

[16 x 16]
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1000 GB/s —
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YMHOXeHue matpuu
Tensor Cores

https://developer.nvidia.com/blog/programming-tensor-cores-cuda-9/
https://github.com/NVIDIA-developer-blog/code-samples/blob/master/posts/tensor-cores/simple TensorCore GEMM.cu
https://github.com/NVIDIA/cutlass/blob/main/examples/00_basic_gemm/basic_gemm.cu

https://developer.nvidia.com/blog/cutlass-linear-algebra-cuda -

https://docs.nvidia.com/cuda/cuda-c-programming-guide/

40k

30k

GFLOPS/s

20k

HepaBHas 6uTBa 3a ruradnonckl Npu yMHOXEHUM MaTpuL 10K

kernell kernela.
(XOpOLLlO onnucaHHaa aHalrnnTuKa, I'IpO(bI/IJ'II/IpOBaHI/Ie, 0|-|T|/|M|/|3aL|,V|F|):

Kernel 1 Kernel 2 Kernel 3 Kernel 4 Kernel 5 Kernel 6 Kernel 7 Kernel 8

- AMD RDNAS - https://seb-v.qithub.io/optimization/update/2025/01/20/Fast-GPU-Matrix-multiplication.html
- NVIDIA Kepler - https://cnugteren.github.io/tutorial/pages/page15.html

- https://siboehm.com/articles/22/CUDA-MMM
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YMHOXeHue matpuu
Tensor Cores

https://developer.nvidia.com/blog/programming-tensor-cores-cuda-9/
https://github.com/NVIDIA-developer-blog/code-samples/blob/master/posts/tensor-cores/simple TensorCore GEMM.cu
https://github.com/NVIDIA/cutlass/blob/main/examples/00_basic_gemm/basic_gemm.cu

https://developer.nvidia.com/blog/cutlass-linear-algebra-cuda -

https://docs.nvidia.com/cuda/cuda-c-programming-guide/

40k

30k

GFLOPS/s

20k

HepaBHas 6uTBa 3a ruradnonckl Npu yMHOXEHUM MaTpuL 10K

kernell kernela.
(XOpOLLlO onnucaHHaa aHalrnnTuKa, I'IpO(bI/IJ'II/IpOBaHI/Ie, 0|-|T|/|M|/|3aL|,V|F|):

Kernel 1 Kernel 2 Kernel 3 Kernel 4 Kernel 5 Kernel 6 Kernel 7 Kernel 8

- AMD RDNAS - https://seb-v.qithub.io/optimization/update/2025/01/20/Fast-GPU-Matrix-multiplication.html
- NVIDIA Kepler - https://cnugteren.github.io/tutorial/pages/page15.html

- https://siboehm.com/articles/22/CUDA-MMM
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Tensor Processor Unit - TPU (Google)
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DeepSeek: x2 yckopeHne obyyeHusa (fp16 — fp8)

, 32 bit

€ \
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= | Exponent |Mountisso
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https://docs.nvidia.com/deeplearning/transformer-engine/user-guide/examples/fp8_primer.html

FP16

BF16

FP8 E4M3

FP8 ESM2

sign exponent mantissa
0 0 il 1 0 1 1 0 0 1
0 0 il ik il ik 1 0 0 0
0 0 1 0 1 1 0 1
0 0 il ik 0 ik 1 0

https://docs.nvidia.com/deeplearning/transformer-engine/user-quide/examples/fp8 primer.html

DeepSeek: x2 yckopeHne obyyeHusa (fp16 — fp8)

=0.395264

=0.394531

=0.40625

=0.375
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DeepSeek: x2 yckopeHne obyyeHusa (fp16 — fp8)

NVIDIA H100 (noyTtun 10 e 4to 1 H800™):

- Memory bandwidth: 3.35 TB/sec
- FP 32: 67 TFlops

- FP 16: 268 TFlops

- FP 32 (tensor): 495 TFlops

- FP 16 (tensor): 990 TFlops

- FP 8 (tensor): 1979 TFlops

*H800 - noytn H100, Ho cooTBeTcTBYET perynaunam skcnopta n3 CLUA B Kutam (400 GBs NVlink Bmecto 600 GB/s + 10% menneHHee + HeT %4)



https://advdownload.advantech.com/productfile/PIS/SKY-TESL-H800-80P/file/SKY-TESL-H100-80P_H800-80P_DS(092623)20230926111757.pdf

DeepSeek: x2 yckopeHne obyyeHusa (fp16 — fp8)

NVIDIA H100 (noyTtun 10 e 4to 1 H800™):

- Memory bandwidth: 3.35 TB/sec
- FP 32: 67 TFlops

- FP 16: 268 TFlops

- FP 32 (tensor): 495 TFlops
- FP 16 (tensor): 1990 TFlops :) >
- FP 8 (tensor):|11979 TFlops

*H800 - noytn H100, Ho cooTBeTcTBYET perynaunam skcnopta n3 CLUA B Kutam (400 GBs NVlink Bmecto 600 GB/s + 10% menneHHee + HeT ﬁ%m



https://advdownload.advantech.com/productfile/PIS/SKY-TESL-H800-80P/file/SKY-TESL-H100-80P_H800-80P_DS(092623)20230926111757.pdf

-  Memory bandwidth:
- FP 32: 67 TFlops
- FP 16: 268 TFlops

3.35 TB/sec

- FP 32 (tensor): 495 TFlops

- FP 16 (tensor): (990 TFlops

- FP 8 (tensor): 1979 TFlops

DeepSeek: x2 yckopeHne obyyeHusa (fp16 — fp8)

NVIDIA H100 (noyTtun 10 e 4to 1 H800™):

XBaTuT S NPOMYCKHOW
CNoCOBHOCTM NaMATU YTOOLI
HacbITuTb ALU (tensor cores)?

:)x2

*H800 - noytn H100, Ho cooTBeTcTBYET perynaunam skcnopta n3 CLUA B Kutam (400 GBs NVlink Bmecto 600 GB/s + 10% menneHHee + HeT ﬂl5164)
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DeepSeek: x2 yckopeHne obyyeHusa (fp16 — fp8)

NVIDIA H100 (noyTtun 10 e 4to 1 H800™):

- Memory bandwidth: 3.35 TB/sec

- FP 32: 67 TFlops

- FP 16: 268 TFlops

- FP 32 (tensor): 495 TFlops

- FP 16 (tensor): (990 TFlops :) o Kakue puckn?

- FP 8 (tensor):[1979 TFlops [Noyemy Tak He AenatoT Bce?

*H800 - noytn H100, Ho cooTBeTcTBYET perynaunam skcnopta n3 CLUA B Kutam (400 GBs NVlink Bmecto 600 GB/s + 10% menneHHee + HeT ﬂ:?M)



https://advdownload.advantech.com/productfile/PIS/SKY-TESL-H800-80P/file/SKY-TESL-H100-80P_H800-80P_DS(092623)20230926111757.pdf

- FP 32: 67 TFlops
- FP 16: 268 TFlops

- Memory bandwidth: 3.35 TB/sec

- FP 32 (tensor): 495 TFlops
- FP 16 (tensor): 990 TFlops

- FP 8 (tensor): 1979 TFlops

- DeepGEMM poctur

1550 TFlops
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NVIDIA H100 (noyTtun 10 e 4to 1 H800™):

Ha H800!
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(a) Fine-grained quantization

Figure 7 | (a) We propose a fine-grained quantization method to mitigate quantization errors
caused by feature outliers; for illustration simplicity, only Fprop is illustrated. (b) In conjunction
with our quantization strategy, we improve the FP8 GEMM precision by promoting to CUDA
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(b) Increasing accumulation precision

128 elements MMA for the high-precision accumulation.
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Figure 7 | (a) We propose a fine-grained quantization method to mitigate quantization errors
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(b) Increasing accumulation precision

128 elements MMA for the high-precision accumulation.
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(a) Fine-grained quantization

Figure 7 | (a) We propose a fine-grained quantization method to mitigate quantization errors
caused by feature outliers; for illustration simplicity, only Fprop is illustrated. (b) In conjunction
with our quantization strategy, we improve the FP8 GEMM precision by promoting to CUDA
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(b) Increasing accumulation precision

128 elements MMA for the high-precision accumulation.
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(a) Fine-grained quantization

Figure 7 | (a) We propose a fine-grained quantization method to mitigate quantization errors
caused by feature outliers; for illustration simplicity, only Fprop is illustrated. (b) In conjunction
with our quantization strategy, we improve the FP8 GEMM precision by promoting to CUDA
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(b) Increasing accumulation precision

128 elements MMA for the high-precision accumulation.
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with our quantization strategy, we improve the FP8 GEMM precision by promoting to CUDA
Cores at an interval of No = 128 elements MMA for the high-precision accumulation.
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It is worth noting that this modification reduces the WGMMA (Warpgroup-level Matrix
II Multiply-Accumulate) instruction issue rate for a single warpgroup. However, on the H800
architecture, it is typical for two WGMMA to persist concurrently: while one warpgroup

Scaling Factor |fp32 performs the promotion operation, the other is able to execute the MMA operation. This design
enables overlapping of the two operations, maintaining high utilization of Tensor Cores. Based

x on our experiments, setting Nc = 128 elements, equivalent to 4 WGMMAs, represents the
minimal accumulation interval that can significantly improve precision without introducing
fp8 substantial overhead.
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It is worth noting that this modification reduces the WGMMA (Warpgroup-level Matrix
II Multiply-Accumulate) instruction issue rate for a single warpgroup. However, on the H800
architecture, it is typical for two WGMMA to persist concurrently: while one warpgroup

Scaling Factor |fp32 performs the promotion operation, the other is able to execute the MMA operation. This design
enables overlapping of the two operations, maintaining high utilization of Tensor Cores. Based

x on our experiments, setting Nc = 128 elements, equivalent to 4 WGMMAs, represents the
minimal accumulation interval that can significantly improve precision without introducing
fp8 substantial overhead.

He 3Hato novyemy HyxHo genate 4xXxWGMMA + PROMOTION
BmecTo 4X(WGMMA + PROMOTION)
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Penoautopun - hitps://github.com/deepseek-ai/DeepGEMM (GEMM - General Matrix Multiplications)

Fast Matrix-Multiplication with WGMMA on NVIDIA® Hopper™ GPUs

https://docs.nvidia.com/deeplearning/transformer-engine/user-quide/examples/fp8 primer.html

141


https://arxiv.org/abs/2412.19437
https://github.com/deepseek-ai/DeepGEMM
https://research.colfax-intl.com/cutlass-tutorial-wgmma-hopper/
https://docs.nvidia.com/deeplearning/transformer-engine/user-guide/examples/fp8_primer.html

I'naBa 5 YMHO>|<eH|/|e MaTpuL
| MeTon LLITpacceHa *



YMHOXeHune matpuy - Metop LLUtpacceHa

a b e f ae + bg| af + bh

>
I

C d g h ce +dg| cf + dh

A B C

143



YMHOXeHune matpuy - Metop LLUtpacceHa

X><
| h
B
2 f
X
g h
B

g/ af + bh
+dg| cf + dh
€

p5 + p4 - p2 + pb

p3 + p4d

pl=a(f-h)

p3 =(c+d)e

p5 = (a + d)(e + h)
p7 =(a-c)(e +f)

pl + p2

pl+p5-p3-p/

p2 = (a +b)h
pd=d(g-e)

p6 = (b - d)(g + h)

144



YMHOXeHune matpuy - Metop LLUtpacceHa

\ I ] M pl = al(f - h)
il ?f>f<{ i i p3 = (c+d)e
T — p5=(a+d)(e+h)
C/d/ h _ w p7 = (a-c)(e +1)
A B C

a b e f p5 + p4 - p2 + pb pl + p2

>
|

c d g h p3 + pd pl + p5-p3-p7

A 5 e -
[Monyunnun pekyppeHTHyto acumnToTuky T(N)=7T(N/2)+80(N*2) =>
T(N)=O(N*og7)=0O(N~2.8)

p2 =(a + b)h
pd=d(g-e)
p6 = (b -d)(g +h)

145



YMHOXeHune matpuy - Metop LLUtpacceHa

g/ af + bh

[Monyunnun pekyppeHTHyto acumnToTuky T(N)=7T(N/2)+80(N*2) =>
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Meton BuHorpagosa - Toxxe O(N*2.8)
https://www.qgeeksforgeeks.org/strassens-matrix-multiplication/
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