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Background

Some scattered phenomena have been observed, but no unified ex-
planation.

Abstract

To unify previous observation:
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1. Enhanced by demo. #
2. Easier sentence = better
3. Biased to position
4. Informative for task

MeasurementsStep Phenomena Explained

PPL-ICL[Gonen+23], ICCL[Liu+24]

Location Bias[Zhao+21]

Hidden Calibration[Cho+25]

Demo. improve ICL performance
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Label noise correction 
are conducted by 
semantic arithmetic

ICL are Robust against Label
Noise[Min+22]

Larger LM are Less Robust[Wei+23]

Localization: 
Later step 2 & From  to 
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1. Correct in Minority Frequency Bias[Zhao+21]

2. Task-specific Attn. Heads
3. Attn. Assignment Saturate Demo. Saturation[Agarwal+24]
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Step 1: Input Text Encode

1.1. Localization: Which Token and Layers? → Early layers & From x to s

0 20 40 60 80
Transformer Block Number

0.10

0.15

0.20

0.25

Ke
rn

el
 A

lig
nm

en
t

Token Type
Random Baseline
Controlled Experiment
Label Token
Last Token of Input Text
Forerunner Token of Label

1.2. Encoding Enhanced by Demonstrations

0 20 40 60 80
Transformer Block Number

0.10

0.15

0.20

0.25

0.30

Ke
rn

el
 A

lig
nm

en
t # Demo.

Rand.
Cont.
0
1
2
4
8
12

1.3. Encoding is Informative to Downstream Task
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1.4. Encoding Weakened by CLM Loss; More Demonstrations Restore Them
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1.5. Encoding is Biased towards Demonstration Index ↑
Step 2: Semantics Merge

2.1. Localization: Which Layers? → Later than Step 1 & From s to y
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2.2. Why Robust to Noise? Consistent Copy Magnitude on Correct / Wrong y
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(Continue Step 2: Semantics Merge)

2.3. Why Robust to Noise? Feature Enhance / Neutralize on Correct / Wrong y

0 20 40 60 80

Transformer Block Number

0.0

0.2

0.4

0.6

0.8

1.0

Ac
cu

ra
cy

Predict from:
Correct Label
Forerunner
Correct Label w/o Context
Wrong Label

Step 3: Feature Retrieval and Copy (Induction Heads)

3.1. Localization: Which Layers? → Later than Step 2 & From y to s
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3.2. Correct Retrieval is in Minority ↑
3.3. Some Induction Heads are Intrinsic; Some are Evoked by Task
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Ablation Study

The proposed 3 steps are essential

Bypass Mechanism

Parallel Circuits
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Normlized Layer Number
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 32L, 32H
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 32L, 71H

Step 1 Step 2 Step 3

Shortcut Induction(s → s)

Direct Decoding (early layers → LM head)

Limitations: Is “Copying from Context” Enough for ICL?

Taylor Swift → Singer
Donald Trump → Politician
Ian Goodfellow → Researcher
Geoffrey Hinton → Researcher

1. Search Similar Representations
2. Copy the Co-responding Label

Induction-based ICL Explanation

Issue: Generalization to Unseen Labels
Taylor Swift → Singer
Donald Trump → Politician
Geoffrey Hinton → Researcher
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