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What Makes LLMs Successful (In-Context Learning; ICL)

demos query

sea otter peppermint plush giraffe ||cheese
VS { J J J
loutre de mer menthe poivrée girafe peluche 7

Z — Ty(Z) < “fromage” (“cheese” in French)

In-Context Learning (ICL): a model’s ability to learn (without
updating any model parameter) and perform a new unseen task
from a few demonstrations of input-output pairs given at test time.
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Do Demos Matter?

N0 Demos = Demos w/ gold labels s Demos w/ random labels

Direct Channel Diroct Channel Direct Channel Direct Channel Diroct Channel Direct Channel
GPT2 GPT2 MelalCL  MelalCL GPTJ GPE]  fairseq 6.7B  fairseq 6.7B  fairseq 3B fairseq 138 GPT3 GPT3
Multi-choice
o 5 No Demos 1 Demos w/ gold labels 5 Demos w random labels

Aceuracy (%)

s =

Direct Channel Direct Channel Direct Direct ha
GPE2 Gri2 MetalCL  MetalCL GPEy GPLJ  fairseq 678 fairseq 6.78

Channel Channel Channel Direct Channel

Direct
fairseq 138 fairseq 138 GPE3 Grra

No Demos < Good Demos ~ Bad Demos [Min+22]

[Min+22; Lyu+23; Yoo+22; Wei+23; Shi+23]
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ICL=TR + TL

- | (pre)training inference (forward pass)
classical(?) DNN | feature learning feature extraction
Transformer +TL learning ICL (“weight(?)" update)
> : the model recalls similar functions

and concepts learned (priorly) in the pretraining phase

> : the model smoothly adapts to and
implicitly learns the (observed) in-context task.

How do ICL abilities (TR+T1)
emerge (and disappear) during pretraining?
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Overview

» Simple Dynamics
P in-context linear regression
> single-layer linear self-attention model — two-parameter
transformer

» TR-TL Decomposition

» demonstration-query task independence
» noncentral task distribution

» New Phenomena

» Prior Forgetting
» In-Context Overfitting
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In-Context “Linear Regression”

Task:
sea otter peppermint plush giraffe  cheese
Z = \J \J 1 1
loutre de mer menthe poivrée girafe peluche ?

Z — Typ(Z) <> “fromage” (“cheese” in French)

T

Task: x +—> X
x(1) x(2) ... () (n+1)
Z= 4 \ 4 \
y(l)(: T ) y(2) . y(n) 0

Z = Tp(Z) < w' x{"Y) (target)
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Single-Layer Transformer w/ “Linear” Self-Attention (LSA)

Z — TQ(Z) = — I:Z-l— ;I:’LSAQ(Z):|
1,-1

LSA(7) = Wy 2 M, sefemax((Wq )" Wic”)

Value Mask Query Key
=Wy /M T W Wk
B —
Q
i Odxd Og . Q Oq
P= [ pl K Q= g’ 0

Here, we put the first d rows Py.4. of P and the last column Q. _;
of @ as 0 as they do not affect the output.
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Two-Parameter Transformer

LSAy(Z) = Wy, ZMZ" W Wk Z

P Q
p_ [Odgl_d Od] _ [deTd Od:| (o, €R)
p K ap #e

_ Q 0d _ Id Od
o=l ¥l G
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Demonstration-Query Task Independence (Concept Shift)

During pretraining, we assume

w = Wq ~iid DW

Task: x — WqTX Good Demos
x(1) x(@ .o x()
Z = 1 | 4
Tx@) Tx@ ... Tx(n)
Z— To(Z) & w, " x(r+D)
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Demonstration-Query Task Independence (Concept Shift)

At test time, we assume

W, Wy ~iid Dw.

Task: x — w, ' x Bad Demos
x(1) x2 oo x| x(n+1)
Z=|| | 1 4 i
Tx@) Ty ... T x(n) 0
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Noncentral Task Distribution

The task center p explains the prior task distribution in the sense
that w = p+ 2 and w, = p + b share the (non-zero) prior
knowledge 1 and they have their own knowledge = and b.

s Wy ~iig N(p, a?1)

g+b pta
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Quadratic Training Objective w/ Two Parameters

T

Under the two-parameter model with 6 = [o, <] ", we have

Tg(Z) _ WTX(n+1) o W(;I'X(n—i—l)

W o O W
AT
shared context-specific

The training objective
2
Lerain(60) = Eu x [(WTX("“) . TQ(Z)) }
2
— Ewa |:((W _ |/’|\/)TX(n+1)> :|

is quadratic wrt 0 = [0, ~] .
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shared  context-specific

» initial phase

>

» prior strength || 1
> |ater phase

> . in-context overfitting

» prior strength || | 0: prior forgetting
Sungyoon Lee
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Prior Forgetting and In-Context Overfitting

Lot

*
Leest
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Lifain

f T T T 0 f T T T 0
0 100 200 300 400 0 100 200 300 400
steps steps

Figure: Left: two-parameter model, Right: practical Transformer

Training loss (w = w,) monotonically decreases, but the gap
increases and test loss (w # wg) shows a u-shape curve.
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Summary

o
s

A

In-Context
Overfitting In-Context

Overfitting

risks

# et

Prior Forgetting . == Generalization Risk
; = =« Generalization Gap

« Increasing
In-Context Strength

T 0
0 0
Decreasing Prior Strength - training steps

W X b+ ~w

» oy to learn a shared concept (TR)
» ~w: to learn a given task (TL)
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