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FlashAttention: Fast and Memory-Efficient Extract Attention with |I0-Awareness

FlashAttention is a new algorithm to speed up attention and reduce its memory footprint wo any approximation.
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1. Attention : https://codingopera.tistory.com/41

2.  Self-Attention : https://wikidocs.net/31379
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Outer Loop
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FlashAttention

1) We restructure the attention computation to split the input into blocks and make several passes over
input blocks, thus incrementally performing the softmax reduction (also known as tiling).

i) We store the softmax normalization factor from the forward pass to quickly recompute attention on-chip
in the backward pass, which is faster than the standard approach of reading the intermediate attention
matrix from HBM.
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FlashAttention: Fast and Memory-Efficient Extract Attention with 10-Awareness

Softmax reduction

Ai
7|2 Softmax: o(x) = — m(z) := max; z;, f(z):= [e® ™) e ™) |(z):= Y, f(x):, softmax := {((Jf)
Xl' — -
ijl Lﬁ,tOI 2 HRMZ W overflowE & X|517| IsiA maxif2 W&

BIX|2t TilingOllA 2274 SIAS 517| w20l 22 o) Y e RES AR & gl

For vectors :c(l), z2) ¢ RB, we can decompose the softmax of the concatenated x

[z, 22)] € R?E as

m(x) = m(l[:z:(l), 33(2)]) — max(m(az(l)),m(m(z))),

f((L') — [e:r' -‘ m(.r)f(m(l)) el.(2> m(:z:)f(m(Q)) ’

l(w) — l([iB(l),(E(z)]) — 61":1:' m(l‘)l(m(l)) + 61’{2) m(l')l(m(Q)),

softmax(z) = 7. 2 2702 BlockO| Bt=510] S0{71HA| Softmax Q14t

Therefore if we keep track of some extra statistics (m(x), {(x)), we can compute softmax one
block at a time.

I

i

exp(ﬂ3 exp(ﬂ) Z(ﬂ) exp(ﬂ) Z(ﬂ)
~(ff @ Z(ﬂHE(ﬂ) @@ =+ =

>(fff)

= exp(' ) + exp(@) + eXP(@)
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FlashAttention: Fast and Memory-Efficient Extract Attention with 10-Awareness

Matrices O, K,V € [RNXd, SRAME| 37| M, block 27| B, =
HBMOI| O = (0) g € IRNXd,l =)y € RN, m

] N N
0% Q=T, = [E]Ql 37|10t 2(B., X d), K, V=T, = [—]nra

r C

O,[,m= Q 2 &2 block 37| L=},

1 to T, (j) g5 -ZIZl k, vol| CisiM 2E g HE iteration

HBMOA K., V. i SRAM=2= 0|3

1l to T, (i) Bt=

0., 0, ., m; SRAM2Z 0|=

1° “1°

Sz] — Qi I<jT c RB,,XBC

~)

m,;. = rowmax(Sl-j), Pij = exp(S — m; ) (pointwise), l

i = rowsum(P;;)

new ~

~ —mNEW .—m)
m"*W = max(m;, m;) € RE: [NOW = emi=mi ™ 4 My l;;

e R5

new ~ new -
O; < diag(Il"®")~!(diag(l)e™ ™ =" O, + ™™™

diag(s)a: vector sE &E a2l elementwisestA 5& &= US

PyVy)

= O,y

return O

1.8, = min([ 1, d) 42

., X d) block@= L}=C}.

Algorithm 1 FLASHATTENTION

Require: Matrices Q, K,V € RV*4 in HBM, on-chip SRAM of size M.
1:

2:
3:

Set block sizes B, —[ ] B, —mm([ﬁ] d).

Initialize O = (0)yxq € RNX‘I £=(0)y € RV, m
Divide Q into 7, = Bi.‘ blocks Qi,...,Qyr, of size B, X d each, and divide K,V in to 7, = [Bi.‘ blocks

Ki,...,Kr. and Vy,..., V7, of size B. X d each.
Divide O into 7, blocks O;,...,Or, of size B, X d each, divide ¢ into 7, blocks ¢;, ...
divide m into 7, blocks m1,...,mr, of size B, each.

= (—o0)y € RN in HBM.

, &y, of size B, each,

5. for1 < j <T. do

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

7. for1<i<T7T, do

8: Load Q;, O;, {;, m; from HBM to on-chip SRAM.

9: On chip, compute §;; = Q,-KJT. € RBrxBc,

10: On chip, compute m;; = rowmax(S;;) € RBr 13,-1- = exp(S;j — m;;) € RBrxBc (pointwise), fij =
rowsum(P; ;) € RB-.

11: On chip, compute m!**" = max(m,,mu) e R&r, , E1CV = e M @M €,J e R&".

12: Write O; « diag(£*°")~ L(diag(&)e™ ™" Q; + e™ii—™" “P”V ) to HBM.

13: Write €; « 7%, m; « m?*" to HBM.

14: end for

15: end for

16: Return O.

(block £l softmax 141)
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Softmax

S(fff] = exo(ff) +expiff)) +exp(()

m exp(m) Z(ﬂ) exp(m; Z(ﬂ)
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FlashAttention: Fast and Memory-Efficient Extract Attention with 10-Awareness

Algorithm 1 FLASHATTENTION

1 NXd S
Matrices Qa Ka V = R ) SRAMQ" 37| M, block ﬂjl B [_] B — mln( [_] d) 2 I-I Require: Matrices Q, K,V € RV*4 in HBM, on-chip SRAM of size M.

1: Set block sizes B, —[ ] B, —mln([ﬁ] d).

2: Initialize O = (0)yxq € RN"d £=(0)y € RV, m = (-c0)y € RN in HBM.

— Nxd 71 _ N _ . =I5
HBMO” O = (O)NXd eER ’ l — (O)N SHIN , N = ( _ lnf)N S _7F_7|2 3: Divide Q into 7, = [Bi,] blocks Q,,..., Qg of size B, X d each, and divide K,V in to 7, = [Bi.l blocks
N N K,,..., Kr and Vy,..., Vr_, of size B. X d each.
= A= _ o = (i O 5_ o [ 4: Divide O into 7, blocks O;,, ..., O7, of size B, X d each, divide ¢ into 7, blocks ¢, ..., ¢y, of size B, each,
Ol_c')_ Q'— Tr - [ ] _l ﬂjl (B X d) K V T - [ ] l- = Ll-'—l:l-' divide m into 7, blocks mq,..., mr, of size B, each.
Br C 5. for 1< j <T. do
6: Load K;,V; from HBM to on-chip SRAM.
0, l, mc Q 9" Z2 block ﬂ7|§ Ll'—l.I—L_—l'. 7. for1<i<T, do
8: Load Q;, O;, {;, m; from HBM to on-chip SRAM.
. = . . 9: On chip, compute S;; = Q;K? € RB*Be,
HE — XX7§X| CHSHA = A HIE . d J . .
1 lo Tc (]) - —= H'— k’ VO“ H H -I E'— q= -I Ilteration 10: On chip, compute m;; = rowmax(S;;) € RBr P;; = exp(S;j — m;j) € RB-xBe (pointwise), lij =
rowsum(Pij) € RBr,
HBMO‘”A" K , SRAMOE OlE 11: On chip, compute m?*" = max(m;, m;;) € RBr t’“c“ = e'" My p 4 @™ My 6’,1 € RB-,
12: Write O; « diag(f}‘ew)"l(diag(t’,-)e""'"'" Q; + e™ii~mi P,JVJ) to HBM.
13: Write ; « €7°V, m; « m*% to HBM.

14: end for
15: end for
16: Return O.

1l to T, (i) Bt=

0., 0, I, m; SRAMSE 0|

= 0.KT € REXE. |(M/4d)] 2! 0I]: Q, K, V vector 7t d-dimension HIE{0|11, ESHXIRZ dE
Y ZAstsl7| 2ol g, k, v, o (47H)2 SRAME E|Ci5H AFREH 2= QIC}.

m;; = rowmax(S;), Pij = exp($;; — 1) (pointwise), l = rowsum(Pl])

~ —mNEeW —m]
m; =" = max(my, ;) € RE: [NOW = emi=mi ™ 4 My l; € R5:

0U*Y) = diag(¢U*™) ! (diag()e™ ™" 0D + &™ "™ exp(8;.js1 — M)V j.js1)
. new~ AN ¢ 4t () D 1
0 — d|ag(lnew) 1(d|ag(l)em m 0 +e ij —m,; l] ]) / =dlag(f(’+1)) 1(dlag(f(’))e @ =m )P:,:jvzj‘*‘e v )exp(sj:j+1)vj:j+1)
= diag(£V*V) " (diag(¢D)e™” "™ diag(6) exp(S..; —m )V, + e

S exp(S H )V f27 )
diag(s)a: vector s& dH a2} elementwisestAl & = AS (block T2l softmax 214 | o o jij+1) ¥ jij
= diag(¢V*)) (e™ " exp(S..;)V.j+e ™

exp(S;.j+1)Vj.j+1)

[ New . .Nnew = diag(£*) 7 (exp(S.,.; = m™)V,; +exp(S;iju1 —m )V i)
l ' > ] . o . V.
=00 (e (5183 [y}
return O

= softmax(S.;41)V.js1.
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Complexity

Standard Attention Q(Nd + N?) 2! 0|%: Attention D1I91L|§§ si5t=m| L3t HBM access (/0 2&E)E LIEFH 7
(‘Q' (8! 2|7}, Big Omega) E7|%: ofid ¢ na|=0| EF l2d 37|of chal stat(EA))

2
Q(Nd + N*) ONd)= O, K,V € RV xt20017| mh20) 2k 21212 941 27| IsiA= Nd 42| BI0JE{7 T
OV N7Hel Q, K= Li=isto] MaEl a2 § € RVN xtelol7| ool 2t NN 7He| HolEf7t 2

FIaSh Attenthn T FIaShAttentlon01|*1E SZ !

O(N 2d2M _1) y d head dlmenS|On, M SIZG Of SRAM Model implementations OpenWebText (ppl) Training time (speedup)

. GPT-2 small - Huggingface [87] 18.2 9.5 days (1.0x)

Attention on GPT-2 GPT-2 small - Megatron-LM [77] 18.2 4.7 days (2.0x)

[ = = oa|L yQO GPT-2 small - FLASHATTENTION 18.2 2.7 days (3.5x%)

K;, V; blocke| 37|= B, X CZZ\Z 7l =0 B.& 28l= 82 15 - ] Matmul GPT-2 medium - Huggingface [87] 14.2 21.0 days (1.0x)

. . GPT-2 medium - Megatron-LM [77] 14.3 11.5 days (1.8x%)

BCd o O(M) < BC o 0(7) ) — ]Dropout GPT-2 medium - FLASHATTENTION 14.3 6.9 days (3.0x)

£10-
g ]SOftmax ' Ct =M O =2 £ 5 Hol=
Q; blocke| 37|= B, X dOJ7| W20l B,E === HIE2 E ] ced Huggingface, Megatron(Parallel) GPT-2ECH &M O HE £ E H0{E
M ]Mask Kernel
Brd= O(M) <=>Br: 0(7) —
Matmul .
v VM Iy 0- ] Matme - = Effect of Block Size
Bc _ @(7), Br _ ®(mi”(gabf)) _ @(min(g,d) PyTorch FlashAttention @ | ;
N N ‘ Attention Standard FLASHATTENTION & L6 =
T =— =0(—) GFLOPs 66.6 75.2 i i 5
B. M HBM R/W (GB) | 40.3 4.4 224 4. en~___ 3
Runtime (ms) 41.7 7.3 = ‘Cs5q I )
N?d? o0 — 3
O(NdT,) = O( ). FlashAttention2 Standard Attention0l| |3 &, 2 A|Zt 25 Hef — 64 128 256 512 =
Q K ©AL —3—8|7| T|||ng Bc—ql i7|0ﬂ [[|'E-|' i7'” 7|:||'_J|K_8|'I-_-|'7|' 2567H I?IE'I = I:lo:| %n_:lél' I:él-)él;l Block Size Machine Learning Club ﬁ;l
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Implementation




Algorithm 1 FLASHATTENTION

Require: Matrices Q, K,V € RV*4 in HBM, on-chip SRAM of size M.
1: Set block sizes B, = [4% ] B, = min ([4%]. d).

2:
3:

© oS e

10:

11:

12:
13:
14:
15:
16:

ad
Initialize O = (0)yxq € RN"d £=(0)y € RY,m = (-c0)y € RN in HBM.

Divide Q into 7, = [Bi,} blocks Qg,...,Qr, of size B, X d each, and divide K,V in to 7, = [}BV—J blocks
Kiy,...,Kr. and Vy,..., V7, of size B, X d each.
Divide O into 7, blocks O;,...,Or, of size B, X d each, divide ¢ into 7, blocks ¢, ...
divide m into 7, blocks m,,...,mr of size B, each.
for1<j<T.do
Load K, V; from HBM to on-chip SRAM.
for1<i<T, do
Load Q;, O;, ¢;, m; from HBM to on-chip SRAM.
On chip, compute S;; = Q,-KZ.' € RBrxBe
On chip, compute m;; = rowmax(S;;) € R?r, f’ij = exp(Si; — m;;) € RE-*Be (pointwise), Z;j =
rowsum(ﬁij) € RBr,
On chip, compute m!*" = max(m;, m;;) € RB, eV = e'""' i € 4 eMiiTm
Write O; « djag(t’;‘ew)'l(diag(&)e'”' mi" Q) + eMii M P,JV ;) to HBM.
Write {; « £V, m; « m?*" to HBM.
end for

end for
Return O.

, fr, of size B, each,

T,

newf,‘j € RB’ N

Q=(N,d) K=(N,d) V=(N,d) O=(N,d)

Tr=[N/Br],Tc=[N/Bc]

Q=(Tr,Br,d) K=(Te,Bc,d) V=(Te,Bc,d) O=(Tr,Br,d)

Loop in Tc:
K,V =(Bc, d)each

Loop in Tr:
Q, O =(Br,d) each
S ij=(Br, Bc)
mhat_ij = Br,

Phat_ij = ( Br, Bc ), lhat_ij =Br

{Line 12 : O overwrite => new O whichis ( Br, d )}

Row-wise
— ( — - -

diag(£2°")~" (diag(6)e™ ™" O; + ™~ By V)



for j (T_c):

K_j, V_j = K_blocks[j], V_blocks[j]

Softmax

e(T_r):

ye

Qi, 0_i, 1.i, m_i = Q_blocks[i], O0_tiles[i], 1_tiles[i], m_tiles[il

_ij = np.dot(Q_1i, K_j.T)

f(z) = [e2™@ f(zM) =" -mE) f(2@)],

— () @) — o2 —m(2)7( (1) 22 (z) 1 (1(2)
@) = U, 2®)) = "N @D) + W), (655 axiect)
> softmax(z) = {((:)), - . ij .exp(S_ij —”mhat_.ij [:, .newaxis])
: N .sum(P_ij, axis=1)

Z(ﬂ) = exp(' )+ exp(@ )+ ex IW| 3 .maximum(m_i, mhat_ij)

.exp(m_i - mnew_i) *x 1_i + .exp(mhat_ij - mnew_i) * lhat_ij
exp(ﬂ) Z(ﬂ) exp(m) Z(ﬂ)

+ functionF = (1_i * np.exp(m_i — mnew_i))[:,np.newaxis] * 0_i + (np.exp(mhat_ij - mnew_i) [:,np.newaxis]) * P_ij @ V_j
Z(ﬂ) Z(ﬂ) Z(m) + Z(m) Z(ﬂ) Z(ﬂ) + Z(ﬂ) functionL = lnew_il:, .newaxis]

0_tiles[i] = functionF/functionL

1 tiles[i], m_tiles[i] = lnew_i, mnew_i

out = np.concatenate(0_tiles, axis=0)



