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Reminders

* Homework 4: Visual Language Models

— Out: Thu, Oct 23

— Due: Mon, Nov 3 at 11:59pm
 HW®623: only for students in 10-623 and 10-723
* Exam

— Date: In-clzss, Monday, Nov 10

— Time: 80 minutes

— Covered Material: Lectures 1 - 15 (same as Quiz 1 - Quiz 4)
— You may bring one sheet of notes (front and back)

— Format of questions: Unlike the Quiz questions, which were all multiple
choice, Exam questions will include open-ended questions as well

— Check Piazza for seat assignment




Why do we care about FlashAttention?

* The algorithm is performing exact attention, so we see no
reduction in perplexity or quality of the model

* The key metric is runtime

Model implementations

OpenWebText (ppl)

Training time (speedup)

GPT-2 small - Huggingface [87] 18.2 9.5 days (1.0x)
GPT-2 small - Megatron-LM |[77] 18.2 4.7 days (2.0x)
GPT-2 small - FLASHATTENTION 18.2 2.7 days (3.5%)
GPT-2 medium - Huggingface [87] 14.2 21.0 days (1.0x)

GPT-2 medium - Megatron-LM [77] 14.3 11.5 days (1.8%)
GPT-2 medium - FLASHATTENTION 14.3 6.9 days (3.0x)



TILING FOR MATRIX MULTIPLICATION



Tiling for Matrix Multiplication

A B C

* Matrix multiplication
computes each output
value as a dot-product of a
row/column pair from the

M N
input matrices Cij = Z Z Aim B




Tiling for Matrix Multiplication

A B C

 We can view the
computation as
decomposing if we
consider subsets of
rows/columns

0(1,1):(3,3) = A(1,1):(3,9) X B(1,1):(9,3)



* Tiling capitalizes

on this
decomposition

* Each output tileis

computed by
multiplying a pai
of input tiles an
adding it to the
appropriate
output tile

A=

Tiling for Matrix Multiplication

00

Aio

01
(A1

A
Ajg

with each 4;; € R**?

B
X
' Boo  Bo1
B = |Bio B
| Bog B2

with each B;; € R**?

Cio Cur
with each C;; € R%*?

O — [COO COl]

@: Ao Boo + Ao1 B1o + Ao2 Bag

Cor = AooBo1 + A1 Bi1 + Ag2Bai
Cro = A10Boo + A11B1o + A12 B2
Ci1 = A10Bo1 + A11B11 + A12 B9
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Tiling for Matrix Multiplication ..., e

Tiling enables

matrix

multiplication of

two very large

matrices to

capitalize on the |

small amount of
fast memoryona
device (e.g. GPU) |
Start by putting !

storage for the

output matrix |

into large/slow X

memory e |

Do the primary
computation in
slow/fast memory

small/fast memory

Coo = AgoBoo + Ao1Bio + Ag2Bao

X = Aoo
Y = By
/Z =XY
X =Ap
Y = Bjo
Z =7+ XY

the input TN LT T T T
matrices and N =1

X =Apz
Y = By
/=74 XY

COO — Z 12



Tiling for Self-Attention?

* |t would be great if we could directly use tiling for self-
attention

* Unfortunately, whereas the addition in matrix multiplication
is associative, the softmax in self-attention is not!

X' = softmax(QK” /+/di)V
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Regular Softmax

* The standard Ao é\/
softmax I
computation is /M
used heavily /ex. ‘ €XL exa/ L. M
throughout deep . L J J
learnin €= . .

. Yet, offen we Y= Algorithm 1 Naive softmax
need to compute Z eZ; dO — 0 »
softmax on very —1 . f . 1.Vd
large logits J= L Ior 3 < 1, 0

1:
2
* To avoid issues of 3: dj — dj—l + e%i
overflow when K 4: end for
raising e to some C& |
large power, we 5
can use the safe 6
softmax instead 7

* Everydeep

: fori <+ 1,V do

1

Yi & oo

. end for

learning library
implements this

Figure from https://arxiv.org/pdf/1805.02867



Safe Softmax

e The standard

softmax

computation is .

used heavily Algorithm 2 Safe softmax

throughout deep Vv 1: Mo &— —00

learning R e g e 7!/\4 = W
. Yet, often we € = 2: fork <+ 1,V do Y7 ke g Wk

need to compute Yi = V v 3: —

p T ; —max Ty : mi max\mieg—1,Tk
fa"rgg“li’; l‘;g very Y.~ = 4: end for _
=1 .

* To avoid issues of d ™ ~) dO <0

overflow when — [ - é\MV 6: for 7 + 1,V do

:‘aisingeto some - _\7/XJ—\ ' o 7 dj «— dj—l 4 eTi—mv

arge power, we e e

can use the safe — 8: end for

softmax instead J 9: for: <+ 1,V do
* Everydeep eIz —my

learning library 10: Yi < dv

implements this 11: end for

16
Figure from https://arxiv.org/pdf/1805.02867



* The problem with the usual
safe softmax is that it requires
three iterations, with each
one accessing memory

* Online softmax reduces this
to only two iterations through
the data!

* Thisresultsin not only a 1.33x
apparent speedup, but also a
1.3x speedup in practice
because of reduced memory
bandwidth requirements

Figure from https://arxiv.org/pdf/1805.02867

Online Softmax

Algorithm 3 Safe softmax with online normalizer calculation

o, 20 el e S el e

mp < —0O0
do < 0
for j — 1,V do

—|
fori — 1,V do Lg_b Ki -y
. e Ty —Mmy -
Yi < 7 I &1

end for
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The problem with the usual
safe softmax is that it requires
three iterations, with each
one accessing memory

Online softmax reduces this
to only two iterations through
the data!

This results in not only a 1.33x
apparent speedup, but also a
1.3x speedup in practice
because of reduced memory
bandwidth requirements

Figure from https://arxiv.org/pdf/1805.02867

Online Softmax
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Figure 1: Benchmarking softmax, Tesla V100, fp32, batch size 4000 vectors
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Online Softmax

v j—my

Theorem 1. The lines 1-6 of the algorithm 3 compute my = m‘z;x xp anddy = ) i=1 e’

k=1
Proof. We will use a proof by induction.

O Base case: V =1
mq <1
1
=max T

k=1
dl et

1
— E 6Ij—m1
J=1

The theorem holds for V = 1.
—

Figure from https://arxiv.org/pdf/1805.02867

by line 4 of the algorithm 3

by line 5 of the algorithm 3
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Online Softmax

Theorem 1. The lines 1-6 of the algorithm 3 compute my = rg‘éic xp anddy = ) i=1 e’

L\—J

Proof. We will use a proof by induction.

QO Inductive step: We assume the th

em statement holgs for V =S — 1, that is the lines 1-6
o d/ds—l - 25;11 exi_ms—‘l/ Let’s see

of the algorithm 3 compute/ mg_1 = I]Iclil.i(m‘k

what the algorithm computes for

mg < max (mg_1,Zg) j by line 4 of the algorithm 3
= max(fZli_zl%c Tp,Tg) by the inductive hypothesis
o |
k=1 kj

Eis —dg_q X eMS-17™MS 4 e¥sTMms by line 5 of the algorithm 3
5-1
= (Z ) e“’j_ms—1> X eMS—17MS 4 e¥STMmS by the inductive hypothesis
J:

J:

S
— e:z:j —-mg
Zy‘:l

The inductive step holds as well. O

Figure from https://arxiv.org/pdf/1805.02867
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FLASHATTENTION



Figure from https://slideslive.com/38988230/flashattention-fast-and-memoryefficient-exact-attention-with-ioawareness

FlashAttention

* One of the most impactful ideas in ML recently

* Even though many people probably don’t even know they are using it!

* Introduced at HAET Workshop @ ICML July 2022
* Published @ NeurlPS Dec 2022

FlashAttention: Fast and Memory-Efficient
Exact Attention with 10-Awareness

Tri Dao, Dan Fu ({trid, danfu}@cs.stanford.edu)
7/23/22 HAET Workshop @ ICML 2022

Tri Dao, Daniel Y. Fu, Stefano Ermon, Atri Ruda, Christopher Ré. Flash Attention: Fast and
Memory-Efficient Exact Attention with |0-Awareness. arXiv preprint arXiv:2205.14135.
https://github.com/HazyResearch/flash-attention.



Figure from https://slideslive.com/38988230/flashattention-fast-and-memoryefficient-exact-attention-with-ioawareness

FlashAttention

* One of the most impactful ideas in ML recently

* Even though many people probably don’t even know they are using it!
* Introduced at HAET Workshop @ ICML July 2022

* Published @ NeurlPS Dec 2022

Massive adoption (4 months)

O PyTorch
@OpenAI

¥ OO Meta

HUGGING FACE

t. |
A stabiltv.o \

~=+/ [N mosaic™

Figure from https://awaisrauf.github.io/deepCuriosity/Attending-NeurlPS2023 Figure from https://neurips.cc/virtual/2022/poster/54008
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GPU Memory

Memory is arranged
hierarchicaly

 GPU SRAM is small, and
supports the fastest access

* GPU HBM is larger but with
much slower access

* CPU DRAM is huge, but the
slowest of all

Figure from https://arxiv.org/pdf/2205.14135

S\ SRAM: 19TB/s (20 MB)
SRAM —

GPU
HBM

HBM: 1.5 TB/s (40 GB)

WETLE Y TSV DRAM: 12.8 GB/s

(CPU DRAM) (>1TB)
=

Memory Hierarchy with
Bandwidth & Memory Size
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GPU Memory and Transformers

Transformer training is
usually memory-bound

* Matrix multiplication
takes up 99% of the
FLOPS

* But only takes up 61%
of the runtime

e Lots of time is wasted
moving data around
on the GPU

* Instead of doing
computation

Figure from https://arxiv.org/pdf/2007.00072

Table 1. Proportions for operator classes in PyTorch.

Operator class % flop % Runtime

A Tensor contraction  99.80 61.0
Stat. normalization 0.17 255
O Element-wise 0.03 13.5

Attention on GPT-2

15 ;IMatmuI

Dropout

—
o
1
)l

Softmax

Time (ms)

Fused

Mask Kernel
1 —

TMatmul -_
0 - e

PyTorch FlashAttention
Figure from https://arxiv.org/pdf/2205.14135

W
1
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Operator Fusion

Version A: Usually, we compute a neural
network one layer one at a time by moving
the layer input to GPU SRAM (fast/small),
doing some computation, then returning

the output to GPU HBM (slow/large)

X, = Yn‘(\’) Herrd

EUCH R

YA :%GQ aAE
Q0 QQ

y fqu(D OO0 OO0
T TR

KOM

Figure from https://horace.io/brrr_intro.html

><(1'-’-$q

Version B: Operator fusion instead moves
the original input to GPU SRAM (fast/small),

does a whole sequence of layer

computations without ever touching HBM,
and then returns the final layer output to

GPU HBM (slow/large)

(

35 (

J

5
S
)

)

Mevmor y
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O
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s
O N

A

Compile
2

SO Tt

SRAM
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Operator Fusion

Version A: Usually, we compute a neural Version B: Operator fusion instead moves
network one layer one at a time by moving the original input to GPU SRAM (fast/small),
the layer input to GPU SRAM (fast/small), does a whole sequence of layer

doing some computation, then returning computations without ever touching HBM,
the output to GPU HBM (slow/large) and then returns the final layer output to

GPU HBM (slow/large)

Version A is exactly how standard attention is implemented

S=QK" e RV*N P =softmax(S) e RV, 0 =PV e RV*9,

Algorithm 0 Standard Attention Implementation T
. | . Nxd : 4 O:SQ§¥M(Q\< >\/
Require: Matrices Q, K,V € R™"“ 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.

3: Load P and V by blocks from HBM, compute O = PV, write O to HBM.
4: Return O.

28
Figure from https://arxiv.org/pdf/2205.14135



gt . Standard Attention

ﬁKQ—ks P o)

Version A is exactly how standard attention is implemented

S=QK" e RVN = P =softmax(S) e RV, 0 =PV e RV*9,

Algorithm 0 Standard Attention Implementation

Require: Matrices Q, K,V € RV*4 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.
3: Load P and V by blocks from HBM, compute O = PV, write O to HBM.
4: Return O.

Figure from https://arxiv.org/pdf/2205.14135
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FlashAttention

* Two key ideas are combined to obtain FlashAttention

* Both are well-established ideas, so the interesting part is
how they are put together for attention

1. Tiling: compute the attention weights block by block so that we
don’t have to load everything into SRAM at once

2. Recomputation: don’t ever store the full attention matrix, but
just recompute the parts of it you need during the backward pass



Figure from https://arxiv.org/pdf/2205.14135

FlashAttention: Tiling

Outer Loop

Copy Block to SRAM

QOuter Loo
A N+ v:nvxd

| Copy
I

on SRAM
QL{ Kf’:}b’: Sq,z:

Compute Block

Inner Loop
doo1 13In0

doo J2uuj

sm(QK")V: Nxd

L— fAner Loop ~_ O :C\/\ec\
4

FlashAttention

g soFon(Q K2 )V,

31



FlashAttention

Algorithm 1 FLASHATTENTION

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

2: Initialize O = (0)yxa € RV*, 0 = (0)xy € RN, m = (—o0)ny € RN in HBM.
3: Divide Q into 7, = [Bl'} blocks Qq,...,Qz of size B, X d each, and divide K,V in to 7, = [Bﬁw blocks

Ki,...,K; and Vy,..., Vs, of size B. X d each.
4: Divide O into T, blocks Oy, ..., 0Oz of size B, X d each, divide ¢ into T, blocks ¢;, ..., ¢y, of size B, each,
divide m into T, blocks m,...,mr,. of size B, each.

5. for 1 < j <T. do

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

7. for1<i<T, do

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

9: On chip, compute S;; = Q,,-K? € RBrxBe,

10: On chip, compute n1;; = rowmax(S;;) € RBr, f’,-j = exp(S;; — m;j) € RBr*Be (pointwise), f,, =
rowsum(P; ;) € RBr,

11: On chip, compute m " = max(m;,m;;) € RB", e = oMM 4 M f,, e RBr.

12: Write| Q; «— diag(¢2")~ ! (diag(£;)e™ ™" Ol]+ e'"'i"”"w P;;V,) to HBM.

13: Write €; « £V, m; < m?*¥ to HBM.

14:  end for

15: end for

16: Return O.




FlashAttention: Tiling
N ("

—

(K(,l))T (K(ZZ)T &

Stored in HBM

Computed in SRAM

(not materialized in HBM)

@ ) = Z exp(S‘»”)i 1@ = (1) 4 Z exp(S"“)i

i

Figure from http://arxiv.org/abs/2307.08691

Rescaling to
correct
denominator
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FlashAttention: Tiling

One of the key challenges is how to compute the softmax since it is inherently going to
require working with multiple blocks

For numerical stability, the softmax of vector x € R? is computed as:

J(x)

m(x) :=max x;, f(x):= [e‘“_"”(“‘) e"'B_’"(x)] , L(x):= Zf(x),, softmax(x) := g( 3

For vectors x'V), x(? € R®, we can decompose the softmax of the concatenated x = [x(l) x(z)] e R?? as:

m(x) = m( [x(” x(z)]) = max(m(x),m(x?)), f(x)= [e’"("‘(1'))_”"("‘)f(x(l)) e""(“'m)_’"("")f(x(z))‘ :

J(x)
£(x)

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

C(x) ={( [x(” x(z)]) = em(x'V)-m( e(xWVy 4 M (x)~ M) p(x2) softmax(x) =

36
Figure from https://arxiv.org/pdf/2205.14135



2

g
2 o 5. Recomputation for a Feed-Forward MLP
% 6

/X

OO O

Standard (No Reconstruction)

Forward: /

Z = O'(Wlill’—l—bl)

Vsl

y = softmax(Wsz + by)

Backward:
0J
8—y =V,J

oJ 9J Oy

8z Oy 02

oJ 0J 0z

Or 0z Ox

where %

Ox

= z(1 - 2)W;

With Reconstruction
Forward:

z = O'(Wlilﬁ -+ bl)
y = softmax(Wsz + by)

Backward:

delete z
0J
(9—y — VyJ Reconstruction
y ~dJ 0y
0z Oy Oz

Z = O'(W1ZE+[)1)
o] dJ oy

dx  dy Ox



FlashAttention: Recom utaticg(n‘/
AT

* we recompute each %Q

Key idea:

attention weight
matrix %

block when it is q
needed for 7
backpropagation 7 qj
e don’t bother
storing the entire / N
|
/
|
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FlashAttention

Algorithm 1 FLASHATTENTION

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

1:
2:
3:

10:

11:

12:
13:
14:
15:
16:

Set block sizes B, = [M] B, = min ([££].4).
Initialize O = (0)yxq € RY*4 £ = (0)y € RNV, m = (-0)y € RN in HBM.
Divide Q into 7, = [Bﬁ} blocks Qq,...,Qr of size B, X d each, and divide K,V in to T, = [Biw blocks

Ki,....,Ky. and Vy,..., V., of size B, X d each.
Divide O into 7, blocks Oy,...,Or. of size B, X d each, divide ¢ into 7, blocks ¢;,...,{r, of size B, each,
divide m into T, blocks m,...,mr,. of size B, each.

for 1 <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,,-K? € RBrxBe,
On chip, compute 7m;; = rowmax(S;;) € R, f’,-j = exp(S;; — m;j) € RE*Be (pointwise), f,, =
rowsum(P; ;) € RBr,
On chip, compute m*" = max(m;,m;;) € RBr v = eMiTM Y g i m Y f,, € RB.
Write O; « diag(¢€2<%)~! (diag(¢;)e™ """ 0, + e™i~""""P; V) to HBM.
Write €; « £V, m; < m?*¥ to HBM.
end for
end for
Return O.
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FlashAttention: Results

* The algorithm is

performin g exact ;'\Ttt(?llti()ll St‘d.'ll‘d‘c.l.l‘(l FLASH;"\-'l"l-‘}::N'l"IO.\I
attention, so we see no HBI\(I’II;L(&,P?(,B) e ’i’f
rEdUCtI,On In perpIeXIty Runtime (ms) 41.7 .5
or quality of the model
* The key metricis
runtime B Effect of Block Size
; “:Ft"_\_..‘ L 6 ;
' e Runtime =
T 64 128 256 512

Block Size



FlashAttention: Results

* The algorithm is
performing exact
attention, so we see no
reduction in perplexity
or quality of the model

* The key metricis
runtime

Model implementations

OpenWebText (ppl)

Training time (speedup)

GPT-2 small - Huggingface |8%] 18.2 9.5 days (1.0x)
GPT-2 small - Megatron-LM [77] 18.2 4.7 days (2.0x)
GPT-2 small - FLASHATTENTION 18.2 2.7 days (3.5x%)
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%)
GPT-2 medium - FLASHATTENTION 14.3 6.9 days (3.0x)
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EFFICIENT DECODING STRATEGIES



Background: Virtual Memory

Page Table
* Each process sees VP1 & RAM
Its own contiguous Virtual Valid Physical Page PP1
\Sllljrgggl address Address VP2 Number -
2
. Space
* OS maps virtual to (Propcess 9 \ Yes PP4
physical via per- No - PP3
process page tables
« Pages can be PP4
- VPN Y PP
scattered in RAM or —> Yes 1
swapped to disk
* Enables isolation, , Page Table
Sharlng, and Virtual VP1
efficient use of Address Valid Physical Page
memory Space VP2 Number
« Handles protection  (Process?2) NG _ PPN
and reduces
fragmentation Yes PP2
VPN —» Yes PPN

Figure from CCBY 2.0-


https://www.flickr.com/photos/wwarby/11644419853

PagedAttention

PageAttention = virtual memory for
attention on the GPU

The Problem:

* When serving an LLM, we keep a KV
cache that grows with # of tokens

* Standard systems allocate a contiguous
block of memory

* Major inefficiencies internal
fragmentation (unused reserved space
within the block), external

fragmentation (unused gaps across
requests), and wasted capacity

* Poor memory utilization leads to poor
throughput (i.e. tokens per second)

Figure from https://arxiv.org/pdf/2309.06180

Existing systems —e— VLLM

N
o

- _
Parameter size

w
o

KV

Parameters Cac?e
(26GB, 65%) | (>30%)

emory usage (GB)

M
N
o

1.2k

0.8k 1

Others

0.4k A

NVIDIAA100 40GB

0

Throughput (token/s)

Batch size (# requests)
Figure 1. Left: Memory layout when serving an LLM with
13B parameters on NVIDIA A100. The parameters (gray)
persist in GPU memory throughout serving. The memory
for the KV cache (red) is (de)allocated per serving request.
A small amount of memory (yellow) is used ephemerally
for activation. Right: vLLM smooths out the rapid growth
curve of KV cache memory seen in existing systems [31, 60],
leading to a notable boost in serving throughput. 47



PagedAttention

PageAttention = virtual memory for
attention on the GPU

The Problem:

* When serving an LLM, we keep a KV
cache that grows with # of tokens

* Standard systems allocate a contiguous
block of memory

* Major inefficiencies internal
fragmentation (unused reserved space
within the block), external

fragmentation (unused gaps across
requests), and wasted capacity

* Poor memory utilization leads to poor
throughput (i.e. tokens per second)

Figure from https://arxiv.org/pdf/2309.06180

External frag.

I Token states Reservation M Internal frag. & Others

100

8.9

80 -

60 -

40 4

KV cache usage (%)

20 A

Orca Orca Orca vLLM
(Max) (Pow?2) (Oracle)

Figure 2. Average percentage of memory wastes in different

LLM serving systems during the experiment in §6.2.
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PagedAttention

PageAttention = virtual memory for
attention on the GPU

Physical KV blocks

(on GPU DRAM)
The S OIUtion: Request Prompt: “Four score and seven years ago our” Block 0
. . A Outputs: “fathers” — “brought’ — ... Block 1 @ o ®a . ® o %thers

* Break KV cache into blocks (akin to il

virtual memory pages) for a fixed # of __ odeal KV blooks Slock Tabie P2 |

to kens Block 0 @Four @score @and @seven kphy:&c::)glrock " Block 3 | brought

. . Block 1 | years ago our | fathers \@\ oF; on Block 4

* Store blocks non-contiguously in ook 2 Bt I\ e v (R

memory and maintain a block-table (akin ..., L

Block 6

to page table) mapping logical to

Block 7 ®Four ®score ®and ®seven

physical addresses

Block 8

* Attention kernel performs computation
block-wise over scattered blocks Figure 6. Block table translation in vLLM.

* (Cleanup / reuse blocks as they become
unneeded and only allocate blocks when
they are in use

Figure from https://arxiv.org/pdf/2309.06180



Speculative Decoding

Algorithm:
1. Prefill the prompt to large target model .
Table 2. Empirical results for speeding up inference from a T5-
[ X1y Xp +evy Xp]
XXL 11B model.
2. Use a small draft model to propose n
next tokens quickl
ext tokens q y TASK M, TEMP 7 o SPEED
[Xp+17 Xp+2; *e Xp+n]
3. Prefill these draft tokens into large ENDE T5-sMALL% 0 7 0.75  3.4X
target model to verify or reject these ENDE T5-BASE o7 08 28X
roposals, keep up to k <= n ENDE TS5-LARGE 0 7 0.82 1.7X
FX SN ENDE  T5-sMALL*k 1 7 062  2.6X
P+ =+ 2p+k ENDE T5-BASE 1 5 0.68 24X
4. Letp =p+k, andrepeat steps 2and 3 ENDE TS-LARGE 1 3 071 14X
CNNDM T5-SMALL % 0 5 0.65 3.1X
Advantages: CNNDM  T5-BASE 0 5 073 3.0X
* Reduce large-model calls per output gﬁggﬁ %'EATL“E N (1) g 8-;‘3‘ %g;ﬁ
token to improve throughput -SM ' :
© . ,O pro oughp L . CNNDM T5-BASE 1 3  0.55 2.2X
* Maintain the same output distributionas cNNDM  T5-LARGE 1 3 056 1.7X

standard decoding

Figure from http://arxiv.org/abs/2307.08691



Speculative Decoding

Algorithm:

1. Prefill the prompt to large target model
[ X1y Xp +evy Xp]

2. Use a small draft model to propose n
next tokens quickly

[Xp+1r Kp+2s =+ Xp+n:|

Throughput (tokens/s) vs TAR Hellaswag

1 OPT-125M

S
o

35-
3. Prefill these draft tokens into large 30 'OPT-350M  OPT-1.3B
target model to verify or reject these VPT.2.7B
231 ‘OPT-6.7B

Froposals, keepuptok<=n
Xp+17 ceey Xp+k]

Throughput (tokens/s)
N
o

4. Let p = p+k, and repeat steps > and 3 15 feeerererenenennenn DL TOOR INIOUGNRUL LIOKENS/S)
101
Advantages: 5.
* Reduce large-model calls per output . , . . . .
token to improve throughput 45 46 47 TAR4-8 49 50

* Maintain the same output distribution as

standard decoding (b) OPT Series on Hellaswag
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Speculative Decoding
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Figure 1. Our technique illustrated in the case of unconditional language modeling. Each line represents one iteration of the algorithm.
The green tokens are the suggestions made by the approximation model (here, a GPT-like Transformer decoder with 6M parameters
trained on Im1b with 8k tokens) that the target model (here, a GPT-like Transformer decoder with 97M parameters in the same setting)
accepted, while the red and blue tokens are the rejected suggestions and their corrections, respectively. For example, in the first line the
target model was run only once, and 5 tokens were generated.
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