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Summary : · Measure-based view of self attention unifying finite and infinite promptes inputs

· concentration of the finite prompt regime
to the infinite one as 1-a

· Derive new

convergence guaranties for in-context linear
regression

with softmamention

I. Measure based view of attention
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Measure based view
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infinite prompt regime is often casier to analyse
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With Fanszian inputs. softmax
attention coincide with Inormalized linear attention in the limit 1 -- where

·M() = V/1702Edptz)
= much casier to analyse (g optimization dynamics for ICL)

But how do they compare for finite 2?

#-Concentration of softmax attention
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Orgoal : transfer optimization results derived for linear case (1-1) to finite L and softmas
attention

For that we need concentration on thegradients .
Use U = #0 parametrization
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Under same assumptions I bounded moments of skamed distributions
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-> training dynamics should be the sama for large values of L !

#I - In-context linear regression
In-Context Learning (ICK : ability to "learn" tas] structure directly from the prompt at inference time

I

Setting (ICL linear regression

for each new prompt draw parameter www0
.
F1

and prompt of G1 .....4 Where Zi = kigt and LMIN
Gal : given

a
masked

query input (29 .0) predict yp
= weg
.



Note Ret
given

w . z
, ~NO Puwith ↑

#Rich

forEn
= En ~arcazegrati Turtot w

ICL Rick for 150 :

= -wi
=Entre-wa

#
for a

proper
init

.

scheme
.

then for any
350

.

71(8) It VLL/8)

#CL

R +E
-

! ↳
params

obtained by gradientflow Bayes rish ( = 0 in absence of ledel noise

over Me



#deof proof :

use similarity with the L =to case
+ the result by Zhangetal (2024

that provides convergence guarantees to Bayes optimum for linear attention.


