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Non-distributed
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along column
\ c = A X B
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KEF)  FEERRELEAFBEHE BERNEF
All-gather B HERI SR D R G BIHTE FNNHERBEEEEN—2ED. HTAll-gatheris, 8N EEHEEEREHE
BB HISEEEEIESE
Scatter B— 1 HZRIEUE D S EIFr B HAHTE —MHERBHEEUER D EIREZ D, B0 RIEEIAEHE
All-to-All FMHERFERMMEAEEE, FRMRE FAl-to-allifFh, SMHEEREIRDEFHAXEIFFERAME, FMEM
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XCCL: A Survey of Industry-Led Collective Communication Libraries for Deep Learning
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Timestep 0 1 2 3 4 5 6 7

GPU3 FWD BWD
GPU2 FWD BWD _ o
}: XHLNSSHAKERT
GPU1 FWD BWD
GPUO  FWD BWD

Timestep 0 1 2 3 4 5 6 7 8 9 10 11 12 13

GPU3 FI F2 F3 F4 B4 B3 B2 Bl GpipeigitiEg M batch
GPU2 FI F2 F3 F4 B4 B3 B2 Bl Bk /amicro batch
GPU1 FI F2 F3 F4 B4 B3 B2 Bl

GPUO F1 F2 F3 F4 B4 B3 B2 BI

https://siboehm.com/articles/22/pipeline-parallel-training 14



Fao | Fs1 | Faz | Fas| Bas | Baz | Bat | Bao Update
Fzo | F21 | F22 | Fz2a Bza | B2z | Bas | Bzo Update
Fio | F1a | Fi2 | Fis Bis | Biz @ B Bio Update
‘ Foo ‘ Foi1 | Foz | Foa | BUbble ‘ Bos Bo2 Bo.s Boo | Update
. 2nm
TR 1 - -

2n(m+n —1) a

m-+n—1

HepmEmicrobatchRY#4 &, nEFVKEMERRVEE. TLIELER, EAmIE BRI LR =8

https://siboehm.com/articles/22/pipeline-parallel-traininip
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@ Forward ¢ Backward Optimizer Step

GPU 3
GPU 2

GPU 1
GPU 0

Time

PipeDreama] LATEMIR/>— L AR A& B cachefSEIEIRS, RERIBARNRKEHITHE
TKEFHTNBENERBRSKEFTE—L, (BSFUKESHSRIE, =RSEENZRMEE

GLM-130B: AN OPEN BILINGUAL PRE-TRAINED MODEL
PipeDream: Fast and Efficient Pipeline Parallel DNN Training 16
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BaAliR: FREEREAR

Sign Exponent Fraction
8 bits 23 bits
float32
Sign Exponent Fraction
1 bit 8 bits 7 bits
bfloatls  |S|E|E|E|E|E EEE
Exponent Fraction
5 bits 10 bits
float16

torch.FloatTensor([1, 1, 10000])
torch.FloatTensor([0.001, 0.01, 2])

>>> (a + b).tolist()
(1.0010000467300415, 1.0099999904632568, 10002.0]

>0
>>> (a.bfloat16() + b.bfloat16()).tolist()

(1.0, 1.0078125, 0984.0] '
>>> (a.half() + b.half()).tolist()
[1.0009765625, 1.009765625, 10000.0]

|

Sl
7
gH “||

1 bit
s|e e[ e[e[e[e|e|F[F[F|F|F[F[F| ~ Float32kiBES, SumA, EELM byte

Bfloat163R~EE(K, BHFERXACEFfloat32—£EX

BRI XIEEI)ISE A {ERbfloat16

Float16HIRTEET, BHFRILBEE/N

TP ARTEEE, HHERF—K
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Adam{iftsBEi%
vy = Pr*vp—1 — (1 — B1) * g
st = PBa* 51 — (1 — fBa) x g7
Vi

Awt — —'7\/m * gt

Wi4+1 — Wy —+ Awt

n : Initial Learning rate
g: : Gradient at time t along w’
vy : Exponential Average of gradients along w;

sy : Exponential Average of squares of gradients along w;

51, B2 : Hyperparameters

FEINGEZEZEE: 40 + 40 + 40 + 40 = 160
HpoE2sHBINE, EARSRKORZE—M. Z—MaE.
RESE BE

BRI GRBEEF: 40 + 460 + 40 + 20 + 20 = 160
HpoE228INME, EASRBRRORE—M. —MhE.
SHIRERp32841. EEfp168#. 1&EEMpl16IHEE

4. Apply 5

FP32 Master FP32 Master A
We‘ghts _ Gradients %

5. Co FP16
pyl Gradients
FP16 ) FP16 Loss /\{Q@Q

Weights

1. Forward Pass
18
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BRIt —Zero1

Neuron, Neuron; Neurony;

w/o ZeRo-1

w ZeRo-1
Optimizer States

Parameters Gradients
Assume we use mixed precision training with Adam optimizer. Comparing the total memory usage

with and with out ZeRO-1. i denotes model size (number of parameters), and N; denotes DP
degree. Then, without ZeRO-1 memory consumptionis (2 + 2 + 3 * 4) * ) = 161, with ZeRO-1 is

2 + 21 + 12 /N,.
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Data,
GPU,

Data, <
GPU,

ZeRO Stage 1
Partitions optimizer states across GPUs
Run Forward across the transformer blocks
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Memory Consumption Comm
gpu Formulation Specific Example Volume
N-1 K=12 W=7.58 N,=64
Baseline Sk - 2+2+K)+W 120GB ix
p ooy Ko ¥ 31.4GB 25
os “es N,
(2+K)- ¥
Poseg B I 2W + = 16.6GB yic

mu Parameters

= Gradients
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BRI —Zero3

param.data

—

sharding _tensor 1

sharding_tensor_3

_H “IIIx,

LR ERYZero3 2iRREE M Parameterdf
IRPHAT, MARIRIEEParameteriks,

gatherig{E

overlap.,

HX A\
ReEs

sharding tensor 2 7EitEUFIER, ERiftA T—E9AI-

&, TITRMEEN
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iSﬂl’IﬂS—Ze ro+ +

[ Machine 0

All-gather on secondary weight partitions
(hpZ in ZeRO++)

All-gather on primary weight partitions
(ZeRO-3)

ETRREITIR, "iRlgathergE iR

Machine 1 J

(a) Baseline vs. Blocked Quantization
0.631 -6.529 -9.220| |0.631|-6.529|-9.220]

-3.044 -2.475 4.690| (-3.044]-2.475| 4.690
-8.441 2.901 -5.707| |(-8.441] 2.901|-5.707

! Quantizg ’ r
9 90 -127 127 | -128 | -128
42 34 65 24 -18 | 127
2116 40 @ -79 -128 | 127 | -64

! Dequantize‘r 'v .

0.653 -6.534 -9.220] |0.631| -6.53|-9.220}
3.049 -2.468 4.719| |-3.033]-2.461] 4.690
-8.421 2,904 -5.735| |-8.44]2.901]5.729

Quantization
Error: 9.005E-05

Quantization
Error: 2.937E-04

BRI SEHTRIL,

Euclidean Distance

|

g |
& =

g

#
=
m
5%
b
o

(b) Quantization Error

500 {®@Baseline
®
4009 @
300 A
200 A
1 16 64 5122048

Nubmer of Blocks

DB

ZeRO+ +: Extremely Efficient Collective Communication for Giant Model Training
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FIaShAttent|on1 Eﬁﬂ]*"’ FLASHATTENTION: Fast and Memory-Efficient Exact Attention

with [O-Awareness

Tri Dao’, Daniel Y. Fu®, Stefano Ermon’, Atri Rudra*, and Christopher Ré’

2\
BHEX - e St Bl A e o C
154 - atmu ‘ Department of Computer Science, Stanford University
. — *Department of Computer Science and Engineering, University at Buffalo, SUNY
Fa St: *%HT.]-E%EL Dropout ‘l ‘ : - o
= {trid,danfu}@cs.stanford.edu, ermon@stanford.edu, atri@uffalo.edu,
PAS PAN = AN £104 ' ) .
° E | %?DEJZ | £ Softman chrismre@cs.stanford.edu
£ ;
= i Attention Memory Usage
s e - Fused )
Memory-efficient 5- Mask  Kemel O pyTorch Attention
1: k &1EET1\% %\E, b M | § we Megatron Attention
[ J
& BEF 3 ¥1 a:l: 0 ] atmu % Linformer Attention
. A PyTorch FlashAttention £ - OpenAl Sparse Attention
« SCHERFFIHIAN = |
g """ FlashAttention
. — N ! \ \ O . . = == = Block-Sparse FlashAttention
Exact: Z:E:H?éﬁfi If: Iﬂﬁ'fE{—_[ﬁﬂ’)\ = 25 8K 16K 32K 64K
Sequence Length
. N \ ;:I—I
IO aware. EE1¢%§7JDJ;E /)_JZ/I =X lﬁ) Model implementations OpenWebText (ppl) Training time (speedup)
GPT-2 small - Huggingface |87] 18.2 9.5 days (1.0x)
s e gy ¥ys {
=EEI1’E 1§ﬁl$ bnugﬁﬂ}% GPT-2 small - Megatron-LM [77] 18.2 4.7 days (2.0x)
GPT-2 small - FLASHATTENTION 18.2 2.7 days (3.5x%)
g Ny GPT-2 medium - Huggingface [87] 14.2 21.0 days (1.0x)
[ J - A
i3k SparseTranformer ...... GPT-2 medium - Megatron-LM [77] 14.3 11.5 days (1.8x)
GPT-2 medium - FLASHATTENTION 14.3 6.9 days (3.0x)

- {KFG%: Linformer, Performer ... o
Training time reported on 8xA100s GPUs

- iR BEKflops, HARERA "HIEARE" 32



F I a S hAtte n ti O n 1 Hgﬂ]* Algorithm 0 Standard Attention Implementation

Require: Matrices Q. K.V € RV*! in HBM.
1: Load Q,K by blocks from HBM, compute S = QK', write S to HBM.
2: Read S from HBM, compute P = softmax(S). write P to HBM:
o1 M. .
E%*[hvn\ . Gpuﬁﬁ%gﬁw 3: Load P and V by blocks from HBM, |(~0mpute O =PV, write O to HBM.
4: Return O. L e

* SRAM: ESHEHLF i RR |
- B, BISH. HUEEERT S T

* HBM: STEafritas
- 55, G518 EUNE

ZIOEE: MEEEFF

« BB flo s, O FIFHASRAMAER U "~ GPU#N Bandwidth & Memory Size |
. = N . \§|:l|—| N 4
Ew 10 / ’)EJZ&\ Z:M\gﬁljl*’_ﬁ / %ﬁ Attention Standard FlashAttention
TSRS : RS EMABAS Giops 66.6 2 —
HBM R/W (GB) 40.3 4.4 —_

« 2% : on-line softmax
« FsoftmaxBFMNBEITEZMIEITE
- 73k iR tiling (RIE+/RFA) . EitH recomputation (X, B) .

Runtims (ms) 41.7 7.3




FI hAtt t. 1 MH:£ Algorithm 1 FLASHATTENTION
a S en Ion . ' Require: Matrices Q. K.V € © Nxd in HBM. on-chip SRAM of size M.

1: Set block sizes B, = [-‘—I;Tl)’, = min (I'%-“/"‘

2: Initialize O = (Mnxd € :\ Xd = () € BN . m = (—0)y € BN in HBM. )
3: Divide Q into 7, = % blocks Qq.,.... Q7. of size B, x d each, and divide K,V into 7, = [/,L blocks
fg%g’gz"'é K,.....Kz. and Vy,..., V., of size B, x d each.
4: Divide O into 7, blocks O;.. ... 07, of size B, x d each, divide ( into 7, blocks (;...., {r, of size B, each,
K divide m into 7, blocks m,,.... my, of size B, each.
5: for 1 < 7 <7, do

6: Load K;,V; from HBM to on-chip SRAM.

T: for1 </ <7, do
S Load Q;.0;.{;.m; from HBM to on-chip SRAM.

9: On chip, compute S;; = Q;K! e mF*bc,
On chip, compute m;; = rowmax(S;;) b P = exp(S ij) € BE>Be (pointwise), (V,‘, =
rowsum(P;;) € R,
On chip, compute m™™ = max(m;.m;;) , G =™ g M= e BB
Write O; «— diag( () (dhag({;)e" ™" L efmii—m " P,;;V [BM.
Write €; « £V, m; « m"™ to HBM.

end for
ind for

Q Return O,




FI hAtt t. 1 HﬁH:£ Algprit-hm 1 l"li.\.\'li.-\'l'x1:,\'11(»}\‘
" R Oon - ! Require: Matrices Q. K,V € V%4 in HBM, on-chip SRAM of size M.

1: Set block sizes B, = {lzl-,-:[)', = lllili(l"—?'!;-.t/).

2: Initialize O = (0)yxg € \ d = (DMn € BN m o= s L N in HBM. i
. ) 3: Divide Q into 7, = I\f_, blocks Qq, ..., Qy, of size B, x d each, and divide K,V into 7,. = [I»L blocks
ﬁt*nuﬁ M K,..... Ky and Vy, ..., V., of size B, X d each.
«— 4: Divide O into 7, blocks O;, ..., 0y, of size B, x d each, divide ( into 7, blocks ¢, ..., {r. of size B, each,

—| -
4d K Q divide m into 7, blocks m,..... my. of size B, each.

-

NS (_[

e Sl Sl

— e = = = = = == ==y
— e e = = = = = ===y

- e o e e %W e e e s %W O s o s

- e o e e %W o e e s %W O s o s
- e o e e W o e e e %W o e e

- e e e e W o e e e W o o o e
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FlashAttention189553& ... oiy
a S en Io n ‘ ' Re‘qllil-p: Matrices Q. K.Ver& N xd in HBM, nu-(‘hip SRANM of size M.

1: Set block sizes B, = Pl,‘j By = min 1[—?7'7 Ld).
2: Initialize O = (0)5 xd € ,\ *d £ =(0)y € BN .m = (—o0)y € BV in HBM. )
. ] 3: Divide Q into 7, = I\f_, blocks Qq, ..., Qy. of size B, x d each, and divide K.V into 7. = [I»L blocks
ﬁt*,]uﬁ M K,..... Ky and Vy, ..., V., of size B, X d each.
— |—] = 4: Divide O into 7, blocks O;. ..., 0y, of size B, x d each, divide ( into 7, blocks ¢, ..., {r. of size B, each,
4-d K divide m into 7, blocks m,..... my. of size B, each.
L] M d
min —1,
4d ~
S P
hN
=
<
J, 2
( 1 ( I ( |
I I I I . I
Q | [ = = — — | | | I
| | ! ! l I
\ ) | J \ J
0 l m

—T T 2 Sy L ?
B SR RIEHAVER:
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5 for 1 <7 <7. do

FlashAttention1 Eg]‘iiﬁ . Load }f(i.f,l;fr(;n: HBM to on-chip SRAM.

for | <
8: Load Q;.0;.{;,m; from HBM to on-chip SRAM.
0: On chip, compute S;; = Q,Kf € RBXBe
=Ty 10: On chip, compute n;; = rowmax(S;;) € B8 P;; = exp(S;; = m;;) € BE*Be (pointwise), (;; =
SOftmaXﬁ .:“-I: rowsum(P;;) € Rbr
11: On chip, compute m™™ = max(m;, m;;) € = By £ = ™ LR NPT {;; € BB,
K 12: Write O; « diag({"V) " (diag({;)e™i """ O; + ™" P;; V) to HBM.
13: Write ; « ("%, m; = m!™™ to HBM.

end for
. end for
S 16: Return O.

- —— ==
- —— =

- e e - -
\_--
‘_—_—

V 37



S a 5. for 1 <5 <7, do
Fla ShAttentl on 1 Hg7‘5~£ 6 Load K;.V; from HBM to on-chip SRAM.
/] 7. for | < I do
8: Lmul Q,.O,.(,.m, from HBM to on- thip SRAM.
9: On chip, compute S;; = Q; l\’ : BB
ey N . ey 10: On chip. compute m;; = xu\nxm.\(b,,, e BBr P;; = oxp(S;; = ;) € RB-*Be (pointwise), (;;
SOftmaXﬁ :"'l; (&1‘tﬁ :"'l:) rowsam(P;;) € B8,
l l 11: On chip, compute m!™ = max(m;. m;;) € RBr (new = MmN () 4 @i " 6 € BB
K K 12: Write O; «— diag(£" )= (diag(£; )e™i="M T Q; + e P;;V;) to HBNL.
J 13: Write €; « ("%, m; e m!™™ to HBM.
end for
. end for
S 16: Return O.
T T
eQiKl . Vl eQLKN . VN
YN eQik{ YN eQikS
Q;
Q 0 l m
KT KT HEsoftmax3ZEpk— A
QiK1 . J- Qi Ks Qi - V.
_ e 4 2 i Le e~y - V; ol
online softmax 0, = 0; =0j_1 - . = LUERTERHNITTE

S= 1eQ Ks ] eQK Zé=1eQiKs

softmax+&tEBE
TR — MR EF
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° ' 5. for 1 <5 <7, do
FlaShAttentI0n1 HgHs£ 6 Load K;.V; from HBM to on-chip SRAM.
1 7. for | < I do
8: L(m«l Q,.(),.(,.m, from HBM to on- ‘hip SRAM.
9: On chip, compute S;; = Q; }\’ : BB
- 10: On chip. compute m;; = umnm.\.(b,,, e BB P;; = oxp(S;; —m;;) € BB>Be (pointwise), (;;
SOftmaXﬁ .:“l-' (ﬁit%‘t) rowsam(P;;) € B8,
11: On chip, compute m!™ = max(m;. m;;) € BB £V = e M e @M {;; € RO,
K K. 12: Write O; « diag({" )= (diag(£; )e™i="M T Q; + e P;;V;) to HBM.
J 13: Write €; « ("%, m; e m!™™ to HBM.
end for
. end for
S 16: Return O,
kT kT kT KT kT T
_ teKl . Vl N eQLKN . VN _ teKl . Vl ZS 1€Q Ks teK] . V] ] eQ Ks teKN . VN o= 1teKS
l >N eQiKs >N e QK > eQiK{ ZN eQiKd J te ZN e QiKY v eQiK] ¥y eQiK]

0 Q;

0,=1-V; 0;=0;_,
online softmax T J J
lil = te 1

l'jzll] 1+e

ICRET

Lija 7Y 2 B R

= AT

]
_ Z o QKT

s=1
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5 5 5. for 1 <5 <7, do
FIaShAttentlon'l Hg7‘5~£ 6 Load K;.V; from HBM to on-chip SRAM.
/] 7. for | < I do
8: Lmul Q .O,.( .m; from HBM to on- 1hlp SRAM.
9: On chip, compute S;; = Q; l\’ : BB
oy - 10 On chip, compute m;; = umnu.\(b,,, e BB P;; = oxp(S;; = ;) € RB-*Be (pointwise), (;;
SOftmaXﬁﬁg (ﬁ:t:rﬂ{t) rowsam(P;;) € B8, |
11: On chip, compute m™™" = max(m;. ;) € BB 1V = oM g 4 i (;j e BB
K 12: Write O; «— diag(£7V) = (diag(£;)e™ =" O + ¢™i=""" P,V ;) to HBM.
K] 13: Write €; « ("%, m; e m!™™ to HBM. <€
end for
. end for
S 16: Return O.
T T 0 xT AT T
eQLKl . Vl eQLKN . VN teKl . Vl ZS 1 eQ Ks te j . V] ] eQ Ks teKN . VN ZISV=1 teKS
= — ~ . _ T KT KT KT
N QK N okl T 1 o0kl YN o0 I eoir! Z” e QiK! N oQikI YN oM
Q;
Q 0 l m
old - s == s f=/—
0. v o _pod K €™ eSTMy, | BRET ICREHT
= . = . . oY —_ =
L CTEE T ey L, § ZIEmRY  BHRiRAR
. m, —_ . . N
online softmax i1 i1 _ old H—1% I attn score
_ _Si1—m; m; = max\(m; ", S
lil = e”i1 ™ Mi1 L [ I _
old J
. = lpld e —Mi 4 eSl m; T
L = E Sis—=mij m;; = max @;K
m *ij — e J lj 1<S<] Ql S
s=1
— T
V S] = QLK'] 40



FlashAttention18y/5%

softmax¥ fit

SFEZS

Q;

I8 2R

v

5. for 1 <5 <7. do
6: Load K.V, from HBM to on-chip SRAM.
forl <i<T, do

i

~
9

: anlF),T),. {;,m; from HBM to on-chip SRAM. —

¢ On clyip, compute S;; = Q e T e i —

l‘_ L : lOld m?ld.l I Si—-m; . V]
10: On chip, compute m;; = = old i e e

I‘n\’\slIleP”) e Rbr, Ui §I01 ) I ) e™Mi |-I_I I
11: (\in cl 1(1; compute m" ‘: PR —Oldr|=|_l —
12: it 0; — ding(£7)"! - ! . _——
’ it ding(£7%)"[( m; = max(ml S;
13: Write €; « (7%, m; |} —
end for l. = l(_)ld . em?ld—mi +I eSi—mi-Ie —
. end for l L —_—

16: Return O,

N

=1
v
)

=

O3 &

~

l

I__I

]

A

WWRAFT |

2 EATe L

)2 — 4L

~

m
—

)

1R EAT

I
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5. for 1 <5 <7, do

FIashAttention'] Egﬁiﬁ . :m.: }\I\,Indx: HBM to on-chip SRAM.

N l.l)kul Q,.(),. (,.Hl, fl‘()lll ““\l to I)!I--I‘hip ,\R\\[
0: On (‘]li.]). compute S,{- =Q lOld mold Si—m; v |
10: On chip. compute m;; = 1d i e e j vise), £;;
ﬁt*ﬁ?ﬁ 7]‘,?)% }Z: I'ow \HIIIIP,,) € .:I“' . l l m:
I hip. o v o i em™ l;
> 1L On chip, compute m™ = L L
K 12: Write O; « (':I;I‘:.(/,'""" ) m: = max mOId S
] M d K] 13: Write {; « ('Y, m; « m] L lg L l)
min| |— . end for — jold m®'%—_m; S;i—m;
4d ’ . end for li - li et ‘et l
/ S 16;: Return O,
\ T
=
L O)oEh 2
( I ( | ( I
I 1 Q; I | I |
Qi | 0 I 11 ! I m
I I I I l I
, \ ) \ J \ J
Iy
o
‘E 3 ~
[ m
¥ ( 1 ( I
I I, f= g I I . 2=y
l [T REAT | WWREAT
{ 1 2] B A7 49 : B AT 3R K A9
J

vV P2 — 4 attn score 4o



FlashAttention1875 %

PIREFh

()

/

(
|
Q
|
\
Ny
ey
<

S

S;;

J

Q;

M

4d

CESN
— .
K;

10

11:
12:

13:

- e oy - -

5. for 1 <5 <7, do
Load K;.V; from HBM to on-chip SRAM.
for | </ <7, do

Load Q;.0;.{;,m; from HBM to on-chip SRAM.

On chip, compute S;; = Q
On chip, compute m;; =
rowstn P,, ) € it Br |

On chip, compute m™ =

Write O; « (;I}l“_’.(/;“.". )~

Write {; « ('Y, m; « m]
end for

. end for

6: Return O.

o3 =

~

P

0; = 0014

m; = max(m°, rowmax(S;))

[, =19 . e™ ~™i 4 rowsum(eSiT™)

1d
llpld em? eSi—mi . l/} vise). &
. + |
l; e L;
old

old

VSR
softmax

- —— = =

( I
I I
I l
I I
| J
j
|
I, f= s =
| WL REAT

1 2] B A7 49
Ta —4k

- —— ==

’———\
- e e o -

~

m

I . o
I 1R BFAT

I B AT 3k K &9

J
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FlashAttention1875 %

IR EE;

()

/

(
|
Q
|
\
Ny
ey
<

i

S

S;;

J

Q;

- e e - -

4d

CESN
— .
K;

10

11:
12:

13:

O

rowsum(P;;) € &

end for
. end for
- Return O.

Ofy 3y

5. for 1 <5 <7, do
Load K;.V; from HBM to on-chip SRAM.
for | </ <7, do
Load Q;.0;.{;,m; from HBM to on-chip SRAM.
On chip, compute S;; = Q

On chip. compute m;; =

On chip, compute m™ =
Write O; « (il}l“_’l((:".". )~
Write €; « 7%, m; « m]|

\=4

A

1d -
0. = 0°. iy e STV b 4
l l li emi li
m; = max(m?ld, rowmax(Si))
1d
[, = 191d. e™i M 4 rowsum/(eSi~™)
( | ( |
I | | I
— — =3 —
I I I I
| J \ )
l m
l i
D ( 1 ( I
P I I > = )= I l N S )=
BEey | 1T RAEFAT | | TCRAEAT
softmax { | 3] B AT 89 { JEI AT 3 K 99

Ta —4k

attn score 44



L' L —

RiEB4E: oRIiE. &Esoftmax; EZE: 0(Nd - Nd/M) = O(N?d?*/M)
- BAETE: WERTOMONINEREESEE, MHE = QROMIA/N * KFIVAIRE

Algorithm 1 FLASHATTENTION Outer Loop

Require: Matrices Q, K,V € BEV* in HBM, on-chip SRAM of size M.
1: Set block sizes B, = [-‘;‘;’7] . B, = min ([-‘%;’;].:I).

K:dxN

2: Initialize O = (0)yxg € RV £ = (0)y € BN, m = (=o0)y € BN in HBM. Copy Block to SRAM
3: Divide Q into 7, = [HL,] blocks Q.. ... Qy, of size B, x d each, and divide K,V into 7. = [%] blocks Outer Loop
Kigsaoin Ky, and Vy,..., Vy, of size B, x d each. Q:Nxd ! 5 V:NXd
4: Divide O into 7, blocks O, ..., 0y, of size B, x d each, divide ( into T, blocks (;.. .., {y, of size B, each, : ______ g
divide m into T, blocks my, ..., my, of size B, each. : '
5 for 1 < /<7, do oot 4 |
6:  Load K;,V, from HBM to on-chip SRAM. 8 : | Copy O
7. forl1<i<T, do = Compute Block | %
8: Load Q;.0;.(;,m; from HBM to on-chip SRAM. ; on SRAM | 5 o
9: On chip, compute §;; = Q,Kf € RB-xBc, £ 2 2
10: On chip, compute m;; = rowmax(S;;) € RBr 15,, = exp(S;; = m;;) € RBxBe (pointwise), (-,-,- = \ % e
l‘()\\’.\lllll(p,'l') e R, ' _8
11 On chip, compute m!"" = max(m;, m;;) € RBr g MM (i 4 @M (,-,- € R8- & $ ;
12: Write O; — diag(£"%)~" (diag(£;)e™ ™" O; + ¢"i~""" P,V ;) to HBM. I
13 Write 6 — (™" m; — m™ to HBM. - Outputto kNI
14:  end for sm(QK")V: Nxd
15: end for >
16: Return O, Inner Loop
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ashAttention 29z iz

El

g <

- BiEARE: OXLPr ERAFENBHEEN; softmaxfy3—HREZATLA—EIREY
+ LAQASMEIR, ORBE—RH; GPUSIIERRAINE, HMtEEEIERERS

Algorithm 1 FLASHATTENTION Outer Loop
Require: Matrices Q, K,V € EVN* in HBM, on-chip SRAM of size M.
, N ot A K:dxN
1: Set block sizes B, = [-;;7] . B, = min ([-m].(l).
2. Initialize O = (0)yxg € BV £ = (0)y € BN .m = (=o0)y € BV in HBM. Copy Block to SRAM
3: Divide Q into 7, = [%] blocks Q,...., Qy, of size B, x d each, and divide K,V into 7. = [”l] blocks Outer Loop
Kigsovan K, and Vy,..., V., of size B, x d each. 5
1: Divide O into 7, blocks O;.. ... 0y, of size B, x d each, divide ( into T, blocks (;.. .., (y, of size B, each, (M <" T~ T 2
divide m into 7, blocks m, ..., my, of size B, each. l
s forl<j<T.do . IE 2| g TTTTEEETET T
6:  Load K;,V; from HBM to on-chip SRAM. g Copy 8
7 for1<i<T, do S Compute Block =
8: Load Q;,0;. (;,m; from HBM to on-chip SRAM. 5 on SRAM =3 e
9: On chip, compute §;; = Q,K: € REB-xBe £ 2 2
10: On chip, compute r;; = rowmax(S;;) € R P, = exp(8;; = m;;) € RE*Be (pointwise), {;; = % -
rowsum(P;;) € R, S
11 On chip, compute m}"™" = max(m;, m;;) € RE- (v = MM (1 4 @My £;j € R8- &
12: Write O; « diag({"V)~" (diag(£; )e™ """ O; + ¢™="""P;;V ;) to HBM.
13; Write £ « £V, m’; — m!* to HBM. Output to HEM
14:  end for sm(QK")V: N xd
15: end for &
16: Return O, Inner Loop

46



5. for 1 < j <7, do

1 : 6: Load K;.V; from HBM to on-chip SRAM.
a S en Ion M4 ' 7: for |l </ <7, do

8: Load Q;.0;.f;,m; from HBM to on-chip SRAM.
0: On chip, compute S,; = Q old . .
10: On chip, compute m;; = ; J Vi vise), £;;
SHRETER - o1 57 Ny 0. = 0O . old em s eSimmi . |
M I 4 8 rowsum(rt;;) € =, 1 [ . m; .
«— ﬁ — > 1l On chip, compute m™ = ll et ll
K 12: Write O; « diag({™")~'( m: = max mOld rowmax(S:
. M K] 13: Write €; « 7%, m; « m]| L 15 L ( l))
] ond f old_m. M
T | 2al’ d  endfor [, =19 . e™ ~™i 4 rowsum(eSiT™)
/ S S 16: Return O.
]
\ T
=
L O ¥ =
(T L L
= O L1 ) -
Qi ! —> —Lls — — —
I I I I I I
\ ) \ ) \ )
N
& 0 l m
& 5 ~
l m
1 P ( I ( |
e e L L
| BiRey | TOREAT | WLREAT
< softmax | [ |2/ BATAY | [T 1E ATSR K &9
- = J

J
v V; : A 2 — 4k R i attn score 47
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SEREH (v |

—|—] -

4d K

(| M ] - K
min 4d,
S P—
/o

A

m; = max(m?ld, rowmax(Si))

old . )
;=101 o™i M 4 rowsum(eSiT™)

\ T
= =
| O3 &
( I ( | ( | ( I ( I
I 1 Q; I I I I : I I I
Qi | —>i > = — > —
[ I I | I | | I | I
o | ! ) \ ) \ ) \ ) \ )
o l m
l it
5 1 1

P ( (
o= o — e I I ~ S )= I I > f= )=
| BiRey | TOREAT | WLREAT
11 softmax | [ |'# B AT | Jﬁlﬁﬁﬂ‘%kéﬁ
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Algorithm 1 FrLAasHATTENTION-2 forward pass

Require: Matrices Q, K,V € RV*? in HBM, block sizes B, B,.
1: Divide Q into 7, = [ii‘ blocks Qq,...,Qr, of size ™ !

Ki,....Kz. and Vq,..., V7., of size B, x d each.
2: Diwdc the output O € RN"" into 7, blocks O;,
into T, blocks L;,.... . L7, of size B, each.

3: for1<i <7, do

4:  Load Q; from HBM to on-chip SRAM.

5:  On chip, initialize 0:.0" =(0)s,xda € RBrxd f;”) =(0)g, € REB-

6: forl<j<T.do

T: Load K;,V; from HBM to on-chip SRAM.

8: On chip, compute S:“ = Q,'K]T € RBrxBe,

9: On chip, compute mU ) = ma\(m:J ’1:’,1-0\\'111a1x('S,(.j ') € RE,
(pointwise), f:” =M M [“ + rowsnm(l.’:j)) € R,

10: On chip, compute O,m = dmg(e i "":")"IO:Lj']) + f’:j)Vj.

11:  end for »

12:  On chip, compute O; = diag(f;n))'lol(.r"].
13:  On chip, compute L; = m:.T‘" + log(f:r‘").
14:  Write O; to HBM as the i-th block of O.
15:  Write L; to HBM as the i-th block of L.
16: end for

17: Return the output O and the logsumexp L.

0
m,( ) = (—00)1;,_ € Iﬁi”’.

P = exp(S}) —m

o oo g] blocks H iﬁy‘jtb f%‘“)&
&yTO%mﬁ
T EQZHETR [ ﬁﬁi

rsumexp L

o MEh—: RIMEARIREEEE
BE1—: softmax|3—{¢RYERE
BEN=: logexpsumBTFEERIE

Uly e RBrxBe
i) €l

Algorithm 1 FLASHATTENTION

m; = max(m"ld rowmax(Si))

old —Ms
[, =191 e™ ™ 4 rowsum(eSiT™)

Oflnal

diag(l;,)"!- 0,

14:
15:
16:

Require: Matrices Q. K,V e BN ip HB\] on-chip SRAM of size M.
1:
2:
3:

Set block sizes B, = [—] B = min (f ] 1/)

Initialize O = (0)nxu EM_’;‘\ XA f = (0)y € BV . m = (=o0)y € 2N in HBM.
Divide Q into 7, = -‘,}’-] blocks Q..... Qy, of size B, x d each, and divide K.V into 7. = [7}-} blocks
Ki,.... Ky, and Vy,.... V7., of size B, x d each.

. Divide O into 7, blocks O,..... Oy, of size B, x d each, divide { into 7, blocks #;...., {7, of size B, each,
divide m into 7, blocks m,..... my, of size B, each.

for 1 </ <7 do
Load K;.V; from HBM to on-chip SRAM.
for 1l <i<7, do
Load Q;.0,.{;,.m; from HBM to on- (hxp SRAML

VA4 R iE H

On chip, compute §;; = Q,K’ RBrxB,
On chip, compute ni;; = m\uu.l.\(S,-j) € BB Py = exp(Si; — my;) € REXBe (pointwise), {;; =
rowsum(P;;) € B8,

ew

N noew 20 e new > -
On chip, compute m™™ = max(m;.ii;;) € BB, (0 = MM 4 M (€ R

Write O; « diag(£™" )y (diag( £ )e™ ™ O, + (""""'?WP,,V,) to HBM.
Write 6; e 7%, m; < m!*" to HBM.
end for

end for
Return O. 49




Algorithm 1 FrLAasHATTENTION-2 forward pass

Require: Matrices Q, K,V € RV*? in HBM, block sizes B, B,.

1: Divide Q into 7, = [{}L
Ky and Vi, ..

Ki...

} blocks Qy. ...,
.» Vr., of size B. x d each.

Qy, of size ™ -

1 1 - 1 1+ ¥ Y Nr -+ “

BT O848 X

5

e o

92

2: Divide the output O € RN*d into T, blocks O;,.... rsumexp L
into 7, blocks L;,..., Ly, of size B, each. Z: FS_J Q.%;}_:”Z Z: FE] éi 7)1:%_ °
3: for1<i<T, do
4:  Load Q; from HBM to on-chip SRAM.
- P TIRT (0) _ B,xd p(0) _ B, ..(0) _ B, °
5. On chip, initialize O;" = (0)p,xa4 € K A =(0)g, € R?r om; " = (~0c0)p, € R"r.
6: forl<j<T.do
7: Load K;, V; from HBM to on-chip SRAM.
8: On chip, compute 8\’ = QK] e RPxBe. ¢
o: On chip, compute mU ) = max(m::j -b _.1'0\\*1113:((8:.1 ")) € RBr, f’:fj b = exp(S".j - m}j ") e RB-xBe
(pointwise), ['_U) = "" - ‘:”f‘.(j-” + rows*um(li"j)) € RBr, Attention forward speed (A100 BOGB SXM4)
iJ torch
10: On chip, compute OE’ ) = diag(e™’ ”’)‘10“ D PU )V s = Facnattetin & m
 xformers
11: end for % m— FlashAttention Triton
. . . . - FlashAttention 2
12:  On chip, compute O; = dlag(t".(r‘ ))'IOET‘ ). S 1501 :
13:  On chip, compute L; = m:T‘" + log(f}r“’). %m
14:  Write O; to HBM as the i-th block of O. g
. . w
15:  Write L; to HBM as the i-th block of L. 1
16: end for ;
17: Return the output O and the logsumexp L. I e
(a) Without causal mask, head dimension 64
Attention forward speed (A100 80GB SxM4)
- Pytocch
200 BN Flashattention
xfortmers m
B = FlashAttention Triton 13
ld g - lashAttention-2
(0) s |
m; = max(m rowmax(Si)) -
_ jold m°ld -m S;—m; E-’
Li=1"""-e i + rowsum/(e”i™ "

Oflnal

diag(l;,)"!- 0,

1k 2k Ak 153
Sequence length

(¢) With causal mask, head dimension 64

e BRI
i —: AIMBEARRIINFTEEE
')
WE=: logexpsumBAFHEEE

Speed (TFLOPs/s)

Speed (TFLOPs/s)

@

€ =
#

softmax|3—{¢AYiEE

Artention Iwafd speed (A100 80G8 SXM4)

- Pytorch : br g 77 234 7Y
- FashAmention

200 1 - xformers
- FlashArention Thton
m FlashAttention 2 %

150 4 i

100 4

504

512 1x ak ok
Sequence length

16k

(b) Without causal mask, head dimension 128

Attention forward speed {A100 80G8 SXM4)

m Pytorcn
00 E FlashAttention e 200
2 - sformers
N FlashAttention Trton
- Vashattenton-2
150 4
100
50 4

1c 2k ak Bk

Sequence length

(d) With causal mask, head dimension 128
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gt padding

length=2048

length=1024 | padding

length=1638 | padding

! | fiihflash attention3E ] Fpadding batch

length=1024

length=2048

length=1638
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Values

Keys

Queries .

Output

& qgf0kv cache
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Sharghai Assticial linelligeece Liboesicey

Queries

Output

Split 1/5 Split 2/5 Split 3/5 Split 4/5 split 5/5

XML TIHE
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AT AFEAIFZELLM "FHEEH" ?

B ESKHNEF?
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NVLINK GENERATIONS
Evolution In-step with GPUs
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