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Is Attention All You Need?

Current Status: Yes
Time Remaining: 656d 19h 39m 37s

https://www.isattentionallyouneed.com/



Proposition:

On January 1, 2027, a Transformer-like model will continue to hold the state-of-the-art position in most benchmarked
tasks in natural language processing.

For the Motion Against the Motion
Jonathan Frankle Sasha Rush
@jefrankle @srush_nlp
Harvard Professor Cornell Professor
Chief Scientist Mosaic ML Research Scientist Hugging Face &
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Fully Connected Layer > Jack of all trades,
master of none

Receptive Field

Parameter Sharing

Convolutional Layer » Larger model bias

(for image)

REZENRE - BOFENSE - #% Overfitting
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« CNN FHRERVERZETE ?

https://youtu.be/OP5HcXJg2Aw?si
=RPfmHhsrMtuN0QS6
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Benefit of Convolutional Layer

Fully Connected Layer —— Jack of all trades,
master of none

Receptive Field

Parameter Sharing

Convolutional Layer ——  Larger model bias
_ : (for image)

S ——

* Some patterns are much smaller than the whole image.
—_* Thesame patterns a_pﬁe_aﬁp different regions.
— it b b St e

— ——

[ (22252021 ] EEWELHEE (Convolutional
Neural Networks, CNN)
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« Residual Connection ZTEHIEHIETEE ?

20p
56-layer

Optimization issue

20p

S
X S
E o 20-layer E}m
2 §= S6-layer
g Over «ing? 5
+ 20-layer
% ! 3 : 5 6 % | 2 3 r 5 6
iter. (1e4) iter. (1e4)
Testing Data Training Data

Source of image: http://arxiv.org/abs/1512.03385
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. Re;idual Connection FHEHREHRZTE ? & 7 & Optimization o] LUHIS
B

(a) without skip connections (b) with skip connections
https://arxiv.org/abs/1712.09913
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RNN-Style
Jﬁ
fc
B
Y i
Vector,
Matrix, ... I
X1

Hy = fa(He—q) + fp(xy)

Ve = fc(Hy)
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fc fc
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RNN-Style
Y1

Vector,
Matrix, ...

Hy = fA,t(Ht—l) + fB,t(xt)
Ve = fce(Hp)




far(Heop) + fpe(xy)

RNN-Style




RNN-Style vs. Al Agent’s Memory
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RNN-Style vs. Al Agent’s Memory

Vector,
Matrix, ...
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Self-Attention Style

Vi

n<—“£,1 n‘—aé,z n'—“t’:,?, Mé,z}
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Soft-max
I
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Self-Attention Style
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Attention BYE =

External Input External Output

NS

l Controller

N

Read Heads Write Heads

l Memory

Neural Turing Machine
https://arxiv.org/abs/1410.5401

REMAE 1

Joe went to the garden then Fred picked up the milk; Joe moved to the bathroom and Fred dropped the
milk, and then Dan moved to the living_room.

Where 1s Dan? A: living room [ believe

Where 15 Joe? A: the bathroom

Fred moved to the bedroom and Joe went to the kitchen then Joe took the milk there and Dan journeyed
to the bedroom; Joe discarded the mulk.

Where 1s the milk now 7 A: the milk 1s in the kitchen

Where 15 Dan now? A: I think he 15 in the bedroom

Joe took the milk there, after that Mike travelled to the office, then Joe went to the living_room, next Dan
went back to the kitchen and Joe travelled to the office.

Where 15 Joe now? A: [ think Joe 15 1n the office

Memory Networks
https://arxiv.org/pdf/1410.3916




Attention L2 EE L E

Da-Rong Liu

Attention-based Memory
Selection Recurrent Network
for Language Modeling

https://arxiv.org/abs/1611.08656
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Exponential Growth of Context Length in Language Models

Tracking the growth in input context length over time
Created by: artfish.ai

Gemini 1.5 Pro 2M

Gemini 1.5
1M
® OpenAl
® Google 2M tokens
~ ® Anthropic EFande H.1
GCJ GPT-4 Turbo
%g Claude 1.2
+ 100K
5
E? GPT-4-32K Gemini 1.0
4 @
GPT-3.5 Turbo
o]
o
+ 10K GPT-4
G ®
o
)
=
E- 512 tokens GPT-3 .
® Source of image:
GPT-2 . .
1K e https://www.artfish.ai/p/lon
GPT-1 BERT V T5
o o ® g-context-llms
2018 2019 2020 2021 2022 2023 2024

Model Release Date

Note: Bubble size corresponds with input context length.

artfish.ai



Google’'s Gemini 1.5 can (almost) fit the entire
Harxy Potter + Loxd of the Ring serxries in its 2
million context window

- - B oo T DO NEEGT  * T omarn
R ETH PR LS y L€ THE 3
RIS THEEUQWRIP . 1o Towers SHE
JR.R.Tolkien Tolkien  JRR T
il ) - 30
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Claude 2.1)}5
(July 2623) A
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Source of image:
GPT-3.5 Turbo |} . .
(March 2022) | https://www.artfish.ai/p/long-context-llms



Attention Is All You Need

Ashish Vaswani* Noam Shazeer* Niki Parmar” Jakob UszKkoreit*
Google Brain Google Brain Google Research Google Research
avaswani@google.com noam@google.com nikip@google.com usz@google.com

Llion Jones® Aidan N. Gomez" ' Lukasz Kaiser”
Google Research University of Toronto Google Brain
1lion@google.com aidan@cs.toronto.edu lukaszkaiser@google.com

Illia Polosukhin® *
illia.polosukhin@gmail.com

In this work we propose the Transformer, a model architecture eschewing recurrence and instead
relying entirely on an attention mechanism to draw global dependencies between input and output.

The Transformer allows for significantly more parallelization and can reach a new state of the art in
translation quality after being trained for as little as twelve hours on eight P100 GPUs.

https://arxiv.org/abs/1706.03762
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Backpropagation — Backward pass Computational Graph

Compute dC/0z for all activation function inputs z * Example: e = (a+b) * (b+1) What is the benefit?

Oe Oe < e ;
Compute — and — =) . ) Start with 1
Ca ob

ML Lecture 7: Backpropagation

Backpropagation
https://youtu.be/ibJpTrp5mcE

Computational Graph & Backpropagation

Computational Graph

https://youtu.be/-yhm3WdGFok?si=2cZOANbtmOM;jdSIT
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RNN B2 Bl 1T ol getE
£ (Hy) = 0 Hy = far(He—q) + fpe(xy)

~ Yt = fC,t(Ht)
Hy = fu1(Hp) + fe1(x1) = fp1(x1)

Hy = fa2(Hy) + fpa(x2) fa- (fle(xl)) + fp2(x2)

Hs = fasz(Hz) + fpa(x3) = fa3 (fA,z (fB,l(xl)) + fB,Z(xZ)) + f53(x3)

\Ht = facMe) + fpe(x) = fai(fae-1 - fa3(faz(Fp1(x1) ...) ot [pe(Xe)
\ ]

Y




\Ht = H—q + fpe(xy)

Al AR IF 1 TRY Ol BE A

= fB,l(xl)

= fp,1(x1) + fp2(x2)

Hy = Heq + fB,:(xp)
— fC,t(Ht)

H; isa d X d matric
fB,t(xt) = D,

= fp1(x1) + fp2(x2) + fp3(x3)

— fB,l(xl) + fB,Z(xZ) + fB,3(x3) ------ + fB,t(xt)



RNN 7385 34 AT R T s 14

fa1(Hg) =0
~
Hl — Dl
<

-

H =Dy + D, + -+ D;

He = Heq + fpe(x0)

Yt = fC,t(Ht)
Y1 = Di1q4
H; isa d X d matric
Y2 = D192 + D;q; fze(xp) = D,

y3 = D1q3 + D,q3 + Dsq;  fce(Hy) = Heqy

q: = Wth
y: =Diq; + D,qs + -+ Dsq;



RNN ESR = JHI\;RH_I

H.

fA,1 (Ho) =0

~

Y1 =Di1q4
y2 = Di1q, + D,q,

y3 = D1q3 + D,q3 + D3q3

\J’t =D1q; + D,q; + -+ D, q;

TR Ol BEE
He = Hiog + fpe(xe)
— fC,t(Ht)

H; isa d X d matric
f8,:(x¢) = Dy

vy = Wyx,
ky = Wix,

fC,t(Ht) = H.q,
q: = Wox

Dt —_ ‘UtktT



RNN 7385 34 AT R T s 14

fA,l(Ho) =0
g T
Y1 =v1k1 q4

Y, = v1ky' qz + v2k;" q2

y3 = vlleq?, + vzszq3 + v3k3Tq3

\yt — V1k1th + vzszqt 4+ ...+ vtktht

He = Heq + fB,t(xt)
Yt = fC,t(Ht)

H; isa d X d matric

v, = W.x
Dt — vtktT t vt

qd: = Wth



RNN B2 Bl 1T ol getE
He = Hiog + fpe(xe)
Yt = fC,t(Ht)

fA,l (Ho) =0

Ve = viky q¢ + V2K @ + - + vk, qy

H; isa d X d matric
= V101 T V20:5 + -+ VAt

fB,t(xt) — Dt
= Qg,1V1 T Qg 2Vp T 0+ Qg Vg v= W,
Dt —_ ‘Utkt k W
o . _ y
= A G2 Self-attention! (27 softmax) ( Xt

. . H — H
U5 Linear Attention fer(He) tqe
di¢ = Wth



Linear Vi
Attention D fc:(He) = Heqy

q: = Wox;

RNN

fB,t(xt) = vtktT

vy = W,x,
k, = Wix,

* Linear Attention #2258 "Reflection” f,, B9 RNN
» RNN #i:2 Linear Attention 1t "Reflection” f,;



Training BIIS1%1%& Self-attention
Inference BIIF{1E%& RNN

Training Inference

Linear Attention

Vi




Linear
Attention

H = Hioq + fe(xe)  fre(xy) = vtktT
Yt = fC,t(Ht) fc,t(Ht) = H.q,

£ v, EA HHW 2nd column

) )

(] EBARL
~ 0 1 0 | - BHE:
ddim gt = Wth kt1vt kt,z Ve | ... kf’d Uy
A A

=5 22 7 e



Linear. Ht Ht 1 —+ fB t(xt) fB,t(xt) — vtktT
Attention
= fc,:(He) fei(He) = Heqy
ABEFHZFEAR Column
Hi o |— %
4 \

Vi = Ht
ddim qr = Wox, *t
v
ddim k;, = W, x; EM—1& column EXZ/DEH

d' dim v, = W,x,
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Transformers are RNNs: Fast Autoregressive
Transformers with Linear Attention

https://arxiv.org/abs/2006.16236

SIS Attention

Hung-yi Lee &%

Linear Attention &2 O]
PUA L Softmax

https://youtu.be/yHoAqlIT_og?si=pS )
ymySFnZqQj51lk [#2323 2022] SXSHEBFHNETENES
(Self-attention) ££%!




RNN (Linear Attention) & -~38 Transformer
(Self-attention with Softmax) ?

Transformer (Self-attention
with softmax)

RNN (Linear Attention)




RNN (Linear Attention) & -~38 Transformer
(Self-attention with Softmax) ?

RNN (Linear Attention)

d
] H + m ]

ki'=[1 0 .] k') =[0 1 ..] k' =[0 0 1..]




Transformer (Self-attention with softmax)

at,l =0 at,Z =1 aft’g = ()
17 0 -0
0 1 0
0 0 1
0 0 0
V1 ki q1 V2 k, q2 Vi ks qs3
1 | 1 | t ]

oooooo

-oo»—xc:a

D t<d



Transformer (Self-attention with softmax)

> Uy + ‘Ut/

a1 =0 e, =1 a0 >0 sl BERL
1 0 N o
0 1 ? 1
0 0 ? 0
0 0 ), 0
N
Y1 ki 01 Y2 k; 92 Ve k. qp Ve ke @& >d
1 1 1 1 : i 1 t

X1 X2 Xl Xt



RNN (Linear Attention) & -~38 Transformer
(Self-attention with Softmax) ?

Hy = Hyoq + fe(xy)
| _f S 2
Linear Attention X-RE% EBY

<
0.30 0.45 0.25 0.10 0.17 0.10 0.46 0.17
A A A
| | 1 1
Soft-lmax ‘ Soft-‘max ‘ |
0.6 1 0.4 0.5 1 0.5 2 1

1 L) 1

REEKN= REZMNE FEENS



N1_E Reflection: X #iE

Linear Attention Retention Network (RetNet)
H; = H;_; + vtkt H; = yHi_; + vtktT
Y: = Heqy Y: = Heqy
— Vl/vxt vt — vat
k. = W,x, k, = Wyx,
q: = Wox, q: = Wox,

https://arxiv.org/abs/2307.08621



N1_E Reflection: &FEiE

Training Inference
“t,ﬂ’t_l ap;yt g ¢
+ + + - He
V1 ki q4 v; k; gq; v: ky qq
I Lt 1 |




1_E Reflection: RIBEB RES

https://arxiv.org/abs/2405.05254

Retention Network (RetNet) Gated Retention
Hy =yHe 1 + VtktT Hy =y Heq + vtktT
ye = Heq, Y = Heq,
= W, x, vy = Wpx,
k; = W,x, ki = W,x;
q: = Wox, q: = Wox

Ve = Sigmoid(Wyxt)



N1_E Reflection: &FEiE

Training Inference

adt 1 AeiVit1Viv2 Ve Agt

+ 1 1 [

Vi1 ky q1 vy, vi ki q yv: Ve ke qq
Lttt .t t 1t ottt




¥ Reflection l—ELFE

@ Ht—l

T T
Ht — Gt @ Ht—l + vtkt St
4
St1 St2  St3 St,d
Gt — etStT
St,1 St2  St3 Std
G, = 1StT 1 ......
Stl S 2 S S
1 L t, t,3 t,d
1= 1 0 1 0.1



Model Parameterization Learnable parameters

Mamba (Gu & Dao, 2023) G :e:{p[—[1Tcxg}{:’;e:{p(A}}, a; =softplus(z, W, , W,,) AcR% >4 W, cR?~ f_I:: W, E[ng_i; xd
Mamba-2 (Dao & Gu, 2024) Gi=y 1’ 1, ¢ =exp(—softplus(z: W- Jexp(a)) W, R gcR

mLSTM (Beck et al., 2024: Peng etal,, 2021) Gi=v1'1, v =o(zW-) W, e R4}

Gated Retention (Sun et al., 2024) G =" 1 1, w=olx:W. ,}% W, e R4*!

DFW (Mao, 2022; Pramanik et al., 2023) Gi=a, B _crl[:ng L), Bi=o(xz,Wy) W, eR¥*de Wy eRo*de

GateLoop (Katsch, 2023) G :ﬂl— 1, a;=c(x:W,, Jexp(x:W,,i) W., R4 W, e R

HGRN-2 (Qin et al., 2024b) G, :ag 1, ay=y+(1—)o(xz,W,) W, eR™ % ~e (0, 1}“;“'

RWKV-6 (Peng et al.. 2024) Gi=oa; 1, o;=exp(—explxz:W,)) W, c Rd=dk

Gated Linear Attention (GLA) Gi=a;l, av=0(xW., Wa, }% W,, cR¥5 W, e RIG*d

https://arxiv.org/abs/2312.06635



Model Recurrence Memory read-out
Linear Attention [48, 47] 8, = 8:_1 + v, In:,T 0 = 5:qQ;

+ Kernel S, =8, | +volk) 0 = S.d(q;)

+ Normalization S:=8,_1+ -u!{,:rl[l:!]lT._ zZy =z + ¢lke) 0y = S;qf:{q;j,-’(z:q.:'nl[q,}]
DeltaMNet [101] S =8;,_41(I - _:E-’;k;k:} - _:?;ﬂ,kI o, = S8,q,
Gated RFA [81] St = giSe—1 + (1 — ge)veks, 2z = geze—1 + (1 — ge)ke 0r = Seqe/ (2 q)
S4 [32. 106] S, =81 @exp(—(al’) ®exp(A)) + B® (vel) o= (S:0C)1L+do v
ABC [82] g% — 8" . ki, B =5" 1+ vehe o: = S} softmax (SFq:)
DFW [63] St = Si_1 @ (Bra ) + veker 0t = Seqe
RetNet [108] St = 78i_1 + vik, ot = Seq
Mamba [31] St =813 E::-:p(—(.-:an} @explA)) + (o ® m}kI ot = Seqe +d 5 vy
GLA [124] S, =8, ®(la, ) + vk, =S,_Diag(ee,) + v.k, 0 = S.q,
RWKV-6 [79] S, = S,_Diag(ex,) + v.k, 0, = (Si—1 + (d @ v,)k{ g,
HGRN-2 [92] S, =8, _Diag{ex,) + v, (1 — ﬂ:,]lT o, = S.q,
mLSTM [9] S, = 18,1 +ivvek, . 2= fize_1 + ik, 0, = Siq./ max{1, |z q|}
Mamba-2 [19] S, = 1S,_1 + vk, 0, = S.q.
GSA [131] Sk = 8F | Diag(a,) + kipy, SP =SSP, Diag(au) + vy 0, = S? softmax (SFq,)

Gated DeltalNet [125]

Ne = ™1 (-!‘hli]: — _E?;kg k:—}) —+ .L'?J:“l_!:.‘i!;r oy = SII;'I

https://arxiv.org/abs/2406.06484



2x10'

Scaling Laws on The Pile (Sequence Length 8192)

Perplexity (log scale)

6x10°

Hyena
RWKV
Transformer
RetNet

H3++
Transformer++
Mamba

AR

125M to 1.3B

-"]1"1

FLOPs (log scale)

1020

https://arxiv.org/abs/2312.00752



Inference throughput on A100 80GB (prompt length 2048)

= Mamba 1.4B .

e Transformer 1.3B
E 150“ = . Mﬂmhﬂ 51-95 TadE
0 B Transformer 6.7B
S
" 1088
o
~— 1000 —
g
s |
(=B
i -
oh
= 515
O 500-
N -
h v

1 2 4 8 16 32 64 128

Batch size

https://arxiv.org/abs/2312.00752



Bits per byte

1.30+

1.254

1.20+

1.15-

1.10+

1.05+

1.00+

0.95-

0.90

10K 20K 30K
Training step

== MegaByte-193M+177M (patch: 4)
== MegaByte-193M+177M (patch: 8)

40K 0 1

== Gated-S4D-368M
== MambaByte-353M

2 3 4 5 6
Training exa FLOPs

== Transformer-361M

https://arxiv.org/abs/2401.13660



Name Modality Affiliations Sizes Access Link
Mamba 1&2 Language Carnegie Mellon University & Princeton University = 130M-2.8B 1
Falcon Mamba 7B Language Technology Innovation Institute 7B 2
Mistral 7B Language Mistral Al & NVIDIA 7B 3
Jamba Language Al21 Lab 12B/52B 4
Vision Mamba Vision Huazhong University of Science and Technology TM-98M 5
VideoMamba Video OpenGVLab, Shanghai Al Laboratory 28M-392M 6
Codestral Mamba Code Mistral Al 7B, 22B 7

1
2
3
4
]
6
7

. https://
. https://
. https://
. https://
. https:/
. https://
. https://

github.com/state-spaces/mamba
huggingtace.co/tiinae/falcon-mamba-7b
huggingface.co/mistralai/Mistral- 7B-v0.1
huggingface.co/ai21labs/Jamba-v0.1

/huggingtace.co/hustvl/Vim-base-midclstok

huggingtace.co/OpenGVLab/VideoMamba
mistral.ai/news/codestral-mamba/

https://arxiv.org/abs/2408.01129

Minimax-01
https://arxiv.org/abs/2501.08313



https://arxiv.org/abs/2410.10629

<Comples Human Instruction> <Usor Prompt=

i p—3 Small LLM

Time Emb
Usu Proengt Alfl'jl'b;rpﬂﬂk cal with a : Pos Emb :- - X -
meon sign that says "SANA™ . i. ;
S
= c
= = =
Deep r T &
Compression - 3 = § - = -q
AutoEncoder (32x) s 5 =

Linear DIiT (N x Blocks)
(a). Architecture overview of our Sana.

Linear Attention

n xd

£
dxn

() (v

nxd

dxn

[
nxd

[ Linear ] [ Linear] [ Linear]

K

Cost: (Nn)

Mix-FFN

1

1 x 1 ConvLayer
[ ]

RelLU

[ 3 x 3 ConvLayer ]

£

1 x 1 ConvLayer
( )

I

(b). Linear DIiT Module.



MambaOut: Do We Really Need Mamba for Vision?

https://arxiv.org/abs/2405.07992
In memory of Kobe Bryvant

“What can I say, Mamba out.” — Kobe Bryant's NBA farewell speech in 2016.

/_L\ /—l—\ Accuracy vs. MACs vs. Model 5ize
Linear Linear

[ r]
=]

ﬁ MambaOut
N
o B4 O O O O VMamba
| -
SSM 3 a2 GD () PlainMamba
o O
© ® 3 !
1 B A
Conv Conv |E s
L A [ L I [ (g [Ny ————————— e ————
, | 4 " I ; % 181 > Model Size
Linear Linear Linear Linear %’ " . X : .
| | sion Mamba :
LS B : 20M  40M  8OM
Gated CNN block Mamba block 0 5 10 15 20 25

(e.g. Our MambaOut) (e.g. Vision Mamba) MACs (G)



Do not train from scratch

Low-rank Linear Conversion via Attention Transfer
(LoLCATS), https://arxiv.org/abs/2410.10254

The Mamba in the Llama,
https://arxiv.org/abs/2408.15237

Transformers to SSMs,
https://arxiv.org/abs/2408.10189

Linger, https://arxiv.org/abs/2503.01496
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