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Large Language Models

* Large language models (LLMs) have demonstrated remarkable in-context

learning (ICL) abilities.
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Most studies focus on supervised function learning tasks where prompts are
constructed with i.i.d. input-label pairs. Answer 3

O Lack of Emergence Explanation

Most literature answers what ICL does but falls short in explaining how pre- LIM

trained LLMs can be good enough to emerge ICL ability.

Question 1 Answer 1 Question2 Answer2 Question3

* The following fundamental questions remain relatively underexplored:
Example 1 Example 2

| (a) How can we model language tasks with token-dependency, going beyond the i.i.d. limitation?

(b) How can ICL emerge from pre-trained LLMs?
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* Auto-Regressive Next-Token Prediction (AR-NTP)
O Dependent Tokens <

Each subsequent token in sequences is generated based %

on the preceding tokens.
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« Auto-Regressive Next-Token Prediction (AR-NTP)
O Dependent Tokens

Each subsequent token in sequences is generated based %

on the preceding tokens.
Topics
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the same topic distribution.
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O Data Distribution —

All sequences under a given topic satisfy the same data

distribution.
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ICL Emerges from Generalization of Pre-trained LLMs

| (b) How can ICL emerge from pre-trained LLMs? * ICL Emerges!
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Population / Expected Risk Minimization (Two-Level Expectation)

Start From Empirical Risk Minimization

* Division on inner expectation
(prompt token-dependency)

Outer Expectation Inner Expectation v’ Expectation over each token when given

refix sequences [E
P 9 B P ER W)

.K pre-training topics{ .N pre-training sequences per topic, T sequence Iengthl

Take expectation over topics [Ewk Take expectation over sequences [EEk,n v’ Expectation over prefix sequences ]EEéc,n )‘
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| (b) How can ICL emerge from pre-trained LLMs? * ICL Emerges!

E,[L(O)] =0

. |

loss (Two-level expected loss) L(@) obeys,

@ =y
Theorem (Informal): Under some mild assumptions, for any 0 < § < 1, with probability at least 1 — §, the population

| [

1
Dy (ullvy) + logg] + U(Wpre,K, N,N',T)}

l

W: posterior distribution

l ,,

topic-dependent prior distribution from Generalization of sequences

N

y

v' Refine the representation of KL divergence, and provide
optimization-dependent generalization bounds.
v" Through continuous analysis techniques on SGD.
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data-dependent prior distribution
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ICL Emerges from Generalization of Pre-trained LLMs

| (b) How can ICL emerge from pre-trained LLMs? * ICL Emerges!

@ =y
Theorem (Informal): Under some mild assumptions, for any 0 < § < 1, with probability at least 1 — §, the population

loss (Two-level expected loss) L(@) obeys,

1 1
E,[L(B)] =0 {\/(K — K0T, [DKL(M”V]) + logg] + U(Wpre, K, N,N’,T)}

Theoretical Insights
* The impact of pre-training topics, sequences and sequence length.
 The impact of parameter size.
* The data-dependent and topic-dependent prior uniquely enhances optimization (origin from the KL part).

* May provide practical guidance on model training, data selection and deduplication (origin from the KL part).
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 Experiments on Real-World Language Dataset.
O Observation (1): Separate Effects of K, N, T.
O Observation (2): Optimization Process.
Faster training leads to better generalization.
O Observation (3): Prior Model Initialization.
1. Random Initialization Regime. Nearly 7 hours.
2. Prior model initialization Regime. Nearly 4.5 hours.
Prior model initialization not only accelerates training but
also stabilizes the training process (especially in the early

stages), leading to comparable model performance.
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