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- In-context Learning of LLMs

% In-context Learning (ICL)
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Dong, Qingxiu, et al. "A survey on in-context learning." arXiv preprint arXiv:2301.00234 (2022).
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% In-context Learning (ICL)
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Dong, Qingxiu, et al. "A survey on in-context learning." arXiv preprint arXiv:2301.00234 (2022).

In-context Learning

Pre-training (§3.1)]—[P[CL (Gu et al.,, 2023), MEND (Li et al., 2024c), ICLM (Shi et al., 2024)

Demonstration
(§4.1)

Instruction (§4.2)

Influencing
Factors (§5.1)

Learning
Mechanism (§5.2)

MetalCL (Min et al., 2022b), OPT-IML (Iyer et al., 2022), Super-Naturallnstructions (Wang et al., 2022b),
FLAN (Wei et al., 2022a), Scaling Instruction (Chung et al., 2022), Self-supervised ICL (Chen et al., 2022),
Symbol Tuning (Wei et al., 2023a), RICL (Chu et al., 2023) , ICL Markup (Brunet et al., 2023)

KATE (Liu et al., 2022), SG-ICL (Kim et al., 2022), Self-Adaptive

(Wu et al., 2023b), PPL (Gonen et al., 2023), MI (Sorensen et al., 2022),
Informative Score (Li and Qiu, 2023), IDS (Qin et al., 2023),

Votek (Su et al., 2023)

Unsupervised

Selection
(§4.1.1)

EPR (Rubin et al., 2022), Q-Learning (Zhang et al., 2022a),
AdalCL (Mavromatis et al., 2023), Topic (Wang et al., 2023e),
UDR (Li et al., 2023d)

(§4.1.2) AutoICL (Yang et al., 2023a), WICL (Yang et al., 2023b), ICV (Liu et al., 2024a)

L gf‘i“;g HGlobalE&LocalE (Lu et al., 2022), ICCL (Liu et al., 2024b) ]

Instruction Induction (Honovich et al., 2023), Self-Instruct (Wang et al., 2023f), APE (Zhou et al., 2023c),
Grimoire (Chen et al., 2024)

_Reformatting HSG-ICL (Kim et al., 2022), Structrured Prompting (Hao et al., 2022b),

Calibrate (Zhao et al., 2021), Channel Models (Min et al., 2022a), KNN-Prompting (Xu et al., 2023a) ]

‘{Pre-Trajnjng ]»Distribution (Chan et al., 2022; Wies et al., 2023), Domain

Pre-training Data (Shin et al., 2022; Han et al., 2023b), Diversity (Yadlowsky et al., 20232

Stage (§5.1.1)

Model and Architecture (Ding et al., 2024), Pre-training steps (Wei et al., 2022b),
Training Parameters (Brown et al., 2020; Wei et al., 2022b)

Mapping (Yoo et al., 2022; Pan et al., 2023a; Tang et al., 2023a),
Input Labels ¢ tings (Min et al., 2022c)

- Diversity and Simplicity (An et al., 2023), Query Similarity
—gez:l’“]ﬁa“"“}— (Liu et al., 2022; An et al., 2023), Feature bias (Si et al., 2023),
xamp Order (Lu et al., 2022; Zhang et al., 2022b; Liu et al., 2023b)

Inference
Stage (§5.1.2)

Functional
Modules e

(§5.2.1)

Theoretical Bayesian Framework (Xie et al., 2022; Wang et al., 2023e; Jiang, 2023),
Interpretation — Gradient Descent (Dai et al., 2023a; Irie et al., 2022; Mahankali et al., 2023),
(8§5.2.2) Others (Garg et al., 2022; Akyiirek et al., 2023; Li et al., 2023e; Pan et al., 2023b)

Induction Heads (Olsson et al., 2022; Bietti et al., 2023) ,
Computational Layers (Wang et al., 2023b), Attention Modules (Li et al., 2023c)




- In-context Learning of LLMs

In-context Learning (ICL)
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Theoretical Bayesian Framework (Xie et al., 2022; Wang et al., 2023e; Jiang, 2023),
Interpretation Gradient Descent (Dai et al., 2023a; Irie et al., 2022; Mahankali et al., 2023),
(§5.2.2) Others (Garg et al., 2022; Akyiirek et al., 2023; Li et al., 2023e; Pan et al., 2023b)

«  Bayesian Framework: ICL= Bayesian inference = SHfAd

S|
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Dong, Qingxiu, et al. "A survey on in-context learning." arXiv preprint arXiv:2301.00234 (2022).



- ICLR: In-context Learning of Representations
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(a) Words on a grid

apple==>bird car

rock

€389

=»Opera

‘ — t mango
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(b) Data generation

Random walk on a grid:

“apple, bird,

I I I

, opera, ..."

<Square Grid Graph Al &2 K[ O A]>

In-context Learning of Representations

£ HhBH=R| 24

(a) Words on a ring

banana 00 apple

tomatoo lettuce
oniono grape
orange efig

pear carrot
(b) Data generation

Randomly pick pairs of neighbors:
(apple, banana), (orange, onion),
(fig, carrot), (grape, lettuce), ...

<Ring Graph A| 32 K| ZF Of[A[>



- ICLR: In-context Learning of Representations o) Words on a g1

apple=—+bird car egg

=»opera

. |
< Representations 4|4t A e

n—1 n

1 2 3
e Tokens (nodes) T - {apple, bird, car, -+, code, phone}

rock math phone

(b) Data generation

(Next token pred|ct|on) Random walk on a grid:
“apple, bird, . - 5 , opera, ..."
HY)
Stack of mean token representations:
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- Results

% Square Grid Graph
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(b) Data generation

Context length: 1400

Random walk on a grid:
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<Square Grid Graph Visualization>



- Results

< Ring Graph
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- Results

<+ Semantic Prior vs. In-context Task
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- Results

+» Semantic Prior vs. In-context Task
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- Emergent Re-organization of Representations by Context Length

< Context LengthOl| [[}2 in-context Task ‘& S¥&S YHEOR E L 2 3 n-i neis
< x] T = {apple, bird, car, ---, code, phone}
=o

1) Dirichlet Energy: 12 2| smoothness

(a) Words on a grid
apple==>bird car egg
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Eg(HY(T)) =) _ Aijllh — h%||? T
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4 xd
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- Emergent Re-organization of

< Context LengthO| [[}-2 in-context Task ‘d

presentations by Context Length

2) Rule-following Accuracy. 913 =

2oz 2 M 123 n-1 n(=16)
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- Emergent Re-organization of Representations by Context Length

< Context Length0l| [[}2 in-context Task ‘45 A2 HIHOZ 2
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- Emergent Re-organization of Representations by Context Length

% Is there a Trivial Solution at play?
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- Re-organizing Representations through Energy Minimization

< Energy Minimization Hypothesis

LLMO| H|O|E{2| 2H}FE representations T2 S &t7| sl LHEX

4BICH O QI e T

A
_|_|_|_

« ICLO| gradient descent2A] implicit optimization

=
o
=

ZAMW he||? = (h?)' Lh!
4,7

Eq(HY(T

Laplacian matrix L2| eigenvector=0| Dirichlet energyS X|A SIS H= 20| LM US

)“n—lllln
L2| eigenvector: 1 = 2,2, **, Zy—1,2Zn
(2-D) Spectral embeddings: Z ‘== i0f| CHSH (2,4, z3,)= J1BH= +=

v' L2 eigenvalue: 0 = Ay, 4, -,

Figure 6: Spectral embedding of a ring graph.

<Spectral Embeddings (z,;,zs;) Al1Zfst>

{22 OfHX| |28t a8 = %@Er— 4

L: Laplacian matrix (= D — A)

1 2 3 n—1 n(=16)
= {apple, bird, car, ---, code, phone}

(a) Words on a grid

apple==bird car egg

l =»Opera
- mango
rock math phone

Stack of mean token representations:

HYT) € Rmxd

Figure 7: Spectral embedding of a grid graph.

[1] Johannes Von Oswald, Eyvind Niklasson, Ettore Randazzo, Joa o Sacramento, Alexander Mordv- intsev, Andrey Zhmoginov, and Max Vladymyrov

Transformers learn in-context by gradient descent. In International Conference on Machine Learning, pp. 35151-35174. PMLR, 2023a
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- Re-organizing Representations through Energy Minimization

< Energy Minimization Hypothesis n—1 n(=16)
= {apple blrd car -+, code, phone}
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L2| eigenvector: 1 = 2,2, **, Zy—1,2Zn
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[1] Johannes Von Oswald, Eyvind Niklasson, Ettore Randazzo, Joa o Sacramento, Alexander Mordv- intsev, Andrey Zhmoginov, and Max Vladymyrov. 18
Transformers learn in-context by gradient descent. In International Conference on Machine Learning, pp. 35151-35174. PMLR, 2023a.



- Re-organizing Representations through Energy Minimization

% In-context Emergence

«  Context 27|0] [}2 acauracy 58 Al 3EHOZ F7H0]| Q40| BiSH= second-order phase transition Z X

«  Transition point= == 7H==0{| CHSH power-law scaling trandZ &

=

O] two-phase &A= bond-percolation on a graph 2 2t HEX|S 4= US
v" bond-percolation: 12{ = - E 7 SIX|F Y =F = HESIALE HAHSHHM A 2= HadsS 2

25 36
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o ]
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Rule-following Accuracy> <Node 7i==0i| [THZ transition point>

[1] M. E. J. Newman. The Structure and Function of Complex Networks. SIAM Review, 45(2):167-256, January 2003. ISSN 0036-1445, 1095-7200.

[2] H. Hooyberghs, B. Van Schaeybroeck, and J. O. Indekeu. Percolation on bipartite scale-free net- works. Physica A: Statistical Mechanics and its Applications, 389(15):2920-2929, August 2010. ISSN 0378-4371.
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- Conclusion

»» Contributions
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o U contextE& 1= R E Ho| + ZEO| representationsO| 2| BXO = AlZetr|= A2 Q! + :LEH
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