adrey ch\'evh'v e Fund amentas
e note gives de€P inte $ome
of s move specfic

I<no~’ledJL Su‘pg pesavél'(\j LLMs

THINK BEFORE YOU SPEAK:
TRAINING LANGUAGE MODELS WITH PAUSE TOKENS

Sachin Goyal Ziwei Ji Ankit Singh Rawat Meet in the Middle: A New Pre-training Paradigm
Machine Learning Department Google Research, NY Google Research, NY
Carnegie Mellon University ziweiji@google.com ankitsrawat@google. com Anh Nguyen* Nikos Karampatziakis®* Weizhu Chen

sachingo@andrew.cmu.edu

Microsoft Azure AL

Aditya Krishna Menon Sanjiv Kumar Vaishnavh Nagarajan'
Google Research, NY Google Research, NY Google Research, NY
adityakmenon@google.com sanjivk@google.com vaishnavh@google.com

re\,,rdin\) the wndirectional limitation ot

Ot Yeqre s Ve models (referred ONny noves avent
hql\le'M—b"D"\) » this 'pafe( P(.;’ODS(S a enfﬁa\(a

) ., . ond o backwad wodels thas ﬂ(u on A

even tknvh his wovks, it's aor knowa Wiy :3) tokea in te —iddl® - Ths is greor for B0\
by aprending "“':;‘3 tekens fo e input sequence; tux Jenerotion of tusks whee gow dont Qenerwre €t Prom Scrmet.
tokens ) DQ‘Q’F .

as Por each (K+ \)ﬂ'\ folen the mede) uses K previows vesko’s .
Puper aryuwes Fov Some Cb\ql\ev:jins +olens, KM ve&ciors
mcoh’v be needesd -

b.’Jf/ecﬂ'ov\c\l models while betier ﬁ:v }nﬁ”l;\

X X Ignore X Ignore
sving pre-senng00) G 00 B 00 B o, ave tes copble oF i context ooy

<Pouser inserted [:] D C] D E] rejulvizev ‘o ogree on
oF ranlom anl o] tfa(n'nv\j \os$s Same bu’}\

He asgociated . >3 —log(F(wilacs) - log (B (wile=i) + BDLY (B11P).
Output 5 ignile D B z€S i=1
ilial;ulgh:?-aﬂ duri M“lee(e»'\cll bogh e Porwacd any :
0 wanc : 3
e Sequencl unti
I The I | kid I is [<pause>] [Playing] [<pause>] boL Word mo&‘(—\f 9-2!\? ate q
they meer n +he middle, (N the best case
(b) Pause-pretraining X “"’:9 P"’b“(& 4t Sur€ tBlcens. To
the puvse gokens donf gue twe model mote £ime ko ool d ﬂ,\\se P.Sm'\lé ( bosn "‘J'w" on

Unink , bur rather e Comprimhier 37 work it pawe "the") n-gram 8 WS amdner FWT
n / . )
tokeny manipulare +he. mpde | +o do wore CompPutation than a s-o\\)(g wken.

* o (MQ‘U does-

:Jk ¢ more fokens dont Cans e neole O.C+-Vd|'°"3 oy lLsu\j mof €
i~ the W“ meuny +hot more 4skeny

"edest TR Com Pu+o+iov\o| £Io«J
! foken embeddings )

Provicl mofe Context or hidden vectols (




Infinite Context Window

how does G omint manage o one millton cws

wWhystore K& in

Leave No Context Behind:
Efficient Infinite Context Transformers with Infini-attention

Tsendsuren Munkhdalai, Manaal Faruqui and Siddharth Gopal
Google
tsendsuren@google.com

the memory ?

The K ave (n,oo/faM— 4o -ﬂn(\itj Hho_ velevant
NV to o Q. Withent v K, dhe mode |

INtraduces memch of Past context &imilar o ov
R(JAS wevrl
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