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b Introduction

What’s In-context learning (ICL)?

_ ‘Review: Delicious food! ~ Sentiment: Positive |
k Demonstration || Review: The food is awful. Sentiment: Negative
Examples
TemII it New \ Revi.ew: Terrible dishes! Sent%ment: Negative
Review: [Text] Query {\Revnew: Good meal! Sentiment: 3
Sentiment: [Label | l Input
Text Label Large Language Model
Delicious food! 1 Parameter Freeze
The food 1s awful. ()
Terrible dishies! 0 1 Output

Positive

Dong Q, Li L, Dai D, et al. A survey for in-context learning[J]. arXiv preprint arXiv:2301.00234, 2022. 2
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} Introduction

One intuition is to think of it as an implicit gradient update.

GPT GPT
Fine-tuning: explicit gradient update
(Sentence1;Answer1 ) (Sentenc:aZ/, Answer2)
fFT(q) = (WV I A‘/‘/’V))()(T(‘/‘/K' 7+ AVV,K')TCI Back-P:;;agation
— (WZSL + AWFT) q’ Gradients AMin-
- In-Context Learning Dual
Dual VIeW View Aniwer
GPT "
Feed-Forward Network
ICL: implicit gradient update e
T d % Forward I
]:ICL(q) s WZSLq b WV X/ (WKXI) q Com;i::tatlon
- ( WZSL + AWICL) q (‘Sentence1.Answer1)l(Sentence2, Answer2.) (Sentence, ?)
Demonstratio'n Examples Query Example

Dai D, Sun'Y, Dong L, et al. Why can gpt learn in-context? language models secretly perform gradient
descent as meta optimizers[J]. arXiv preprint arXiv:2212.10559, 2022. 3
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’ Introduction

One intuition is to think of it as an implicit gradient update.

[te (Tquery)
Find ¢ A
s.t. tO(mquery; DCOMCX(V) ~ Yquery ‘
‘ Transformer 9}
. 4
P11 1]
‘/ Find 6 = - ‘ context ’ [ P |
s.t. (W - VWL(Dtrdm))fe(a:to.st) ~ Ytest D ) \ qucry‘)
ej — e +LSAg({er,....en}) = €j + D PuaVaKian; = € + Z Pa_vni®knigni  Linear attention setting

h i
0 0

(;f) (IJ) "IZ::((”U -ly] (l>) s (C) 3) (J>) <II 0 (l) Specific weight construction
= () 3% (v ) 2 (3) () = () + ()

Von Oswald J, Niklasson E, Randazzo E, et al. Transformers learn in-context by gradient descent[C]//International
Conference on Machine Learning. PMLR, 2023: 35151-35174. 4
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The drawbacks of existing methods:

(1) Interpret ICL as implicit fine-tuning:
« This comparison is a formal resemblance and specific details are ambiguous;
« ICL is unsupervised, whereas fine-tuning Is a supervised process;

(i1) The ability to implement the gradient descent algorithm:

« Specific tasks (linear regression), specific weight constructions

Can we relate ICL to gradient descent:
 under the softmax attention setting, rather than the linear attention setting
 without assuming specific constructions for specific tasks
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For the query input @, ., the output of one attention layer is
(WKX> TWQiE’Tﬂ)
Vd,

The attention part can be viewed as the product of two parts

h’T+1 — WVXA — WVXSOftmaX(

A =AD" A,=exp((WX) W,X/\d,), D=diag(1% A,)
Each entry can be seen as the output of kernel K, defined for the mapping ¢
A, (i,7) =exp ((WK ;) TWQmj) = K,, Wxz,, WV:Bj) = ¢(Wxex,) T¢ (WQmj)

Furthermore , we can use this mapping to construct the dual model as

f(@)=Wo¢(z)
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test input

Examples : Dog is animal - Apple is fruit . Question : What is carrot 7?7 labels

features

N)

“——l W!\

A0

0 | - | - | - - | iy | G | 7474 B | o | " | o | = o | 2 | l — 9 W\
‘ ' | W, l, \
) x, x5 . Ty *er  EBy.3 [By-3 Ex-y | Dw z z; & zr d,_,‘ Ztest z) ay ki) e’
| | | | | | ] | | | |

Theorem 3.1. The query token hiy_ | obtained through ICL inference process with one softmax
attention layer, is equivalent to the test prediction Yi.s; obtained by performing one step of gradient

descent on the dual model f(x) = W ¢(x). The form of the loss function L is:
| N

L = TID — (vaz) W¢(WK:BZ)3

where 1 is the learning rate and D is a constant.

9)
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1 \ . i . N V-1 1 2 ) pes 1' |
equivalent ’ . )
——————————————————————————————————————————————————————————————— [ f(@)=Wo(=) | \W,‘

features

Dual Model

] |

| Trained Dual Model | ” >

' : —L(y", ylil)

f(m):WQ‘)(I} | grad
|

s — ——————————

W, .
¥ ’ ' ' v 2" ¥
T €, ; x. &y oo'e Ly-3 Ey-z Ly Ty €z, ‘ &; T ey Zr T~1 Zioat ’on y“, L) b
My
| | | | | | | ) | | |

Examples : Dog is animal -+ Apple is fruit . Question : What is carrot 7

Forward perspective:
(WKX) TWQCU,TH
Vd,

exp(2"y) = Koo (z,y) =[¢ (2)] " ¢ (y)

hly.,= WVXsoftmax(

|

test input labels
Backward perspective:
Dual model: f(z)=W¢(x)
1 — T
Loss: L=——— (vaz) W¢(Wsz)
nD =

Test output: Y. = f (WQ x'r i) = ﬁ\’qﬁ ( Wox'r . 1)

8
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==L, ) ., o L(p", ")/ o=== £, p°) ==
Higher Dimensional Space Y | grad Yl P | grad Y P1"| | grad grad | | P}
Y fressmatmesg) T
| | | |
. | | |

¢ (Wxz,) | E w : ! Predictor | i W ! | 1% :
| : 1 | S—ooo—= F—————- ’ | f | f |
T eememee—ad e ———— e T | |
I | f | ‘f P! ( . 19 Lo |

| W.- 1J1 1J2 | Z | O\23
| ()( ") : ' Online Network : ! Target network : I o(z") : | (z27) :
[ I | ' gi il oL 1| ) |
o FE -7 A ] CE—— Y e e ] ) eGSR S 5V, aeree—repe—e =)
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Left Part: The representation learning process for the ICL inference by one attention layer. Remaining Part:
Comparison of the ICL Representation Learning Process (Center Left), Contrastive Learning without Negative
Samples (Center Right), and Contrastive Kernel Learning (Right).

Chen X, He K. Exploring simple siamese representation learning[C]//Proceedings of the IEEE/CVF conference on computer
vision and pattern recognition. 2021: 15750-15758.

Esser P, Fleissner M, Ghoshdastidar D. Non-Parametric Representation Learning with Kernels[C]//Proceedings of the AAAI
Conference on Artificial Intelligence. 2024, 38(11): 11910-11918. 9
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b Generalization Bound

Generalization Bound of the dual gradient descent process for ICL

Generally, we consider the representation learning loss as

L(f) = Epp, [— (Wy )T f(ae)] — By [— (Wy )T W¢(WK.@)} | (10)

where f € F and D is the distribution for some ICL task 7.

Theorem 3.2. Define the function class as F = {f(x) = Wo(Wkx) | |W| < w} and let the
loss function defined as Eq (E). Consider the given demonstration set as S = {x;}Y_, where
S C 87 and S is all possible demonstration tokens for some task T. With the assumption that

|Wy x|, |Wo(Wkax;)|| < p, then for any § > 0, the following statement holds with probability
at least 1 — o0 forany f € F

wpdy+/Tr(Ks) N log

L(f) <L(f)+O e = B (11)
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Attention Modification Inspired by the Representation Learning Lens

Original: £=— — ZN: (Wyz) "W (W) pec LN .

. 77D - V &g 7 E W :
o |
Modified: £ =— 77_D (g (Wyz)] W (92 [Wiz]) i qﬁ(W?-w) i
1—=1 N e N e /

X)) ’ | |

Modified model: h's. ;= g, (W X) Softmax<[92 (W \)/L,WQ“’ T“) | W Wa ;

o & e NSRS d

s

For example, we can take g(Wz) =Wz + cW,oo (W ,x)  (Parallel Adapter)

For different tasks, the augmentation approach should be specifically designed to adapt
them.

He J, Zhou C, Ma X, et al. Towards a unified view of parameter-efficient transfer learning. ICLR 2022 11
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b Attention Modification

Attention Modification Inspired by the Representation Learning Lens

R | e E(y,i,:'. y“i)‘_'
erad

Yy Yied
g ,
Modified: £=— —Z(va)TW¢(WK ) HalW |3 -
T , | o(Wkz) |
Regularized model: th+1 — WVX{Softmax<(WK X)\/;—:VQw T+1) — OéI] \‘_-_‘_‘_-_—_“_‘_‘_“_“_—_—_"_’_' ________________
Wz, W,z
& 3 [ Ae———————
M()diﬁed: E — 7 T h~ |:(va2) TW¢ (Wsz) - . Z (va]’) TW¢ (WKm]) l
nD = N ()| JENG) !

< T / N
Negative model: h’TH:WVX[softmax((WKX) WQmTH)—aI}, where X =, —x;, — ﬁ, Z T;

Vd,

12
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Regularized Models Augmented Models Negative Models

2.00 1 35 .
o a0 3.0 normal 1.75] normal
G(=0.5 — gl&g2 1.50 — k=1, B=O.1
= | k=1, B=0.5
91 1.251 B
wn 2.01 a» wn —— k=3, B=01
8 + & 1.00; (=3, B=0.5
o g - 2 =3, =Q.
15 5 o
1.0 05l \
0.51 0.251 \.ﬁ_
y T T T . 0.0 , . I 0.00 2. I I i I ................... :
0 20 40 60 80 100 0 20 40 60 80 100 0 0 40 h60 80 100
epochs epochs epochs

The performance for regularized models (Left), augmented models (Center)
and negative models (Right) with different settings.
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THANK YOU!
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