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Data Mixing in Pre-training Large Language Models (LLMs)

LLM data come from K data source (Wikipedia,
web, books, etc.)

Question: For a fixed budget, how
much of each should we train on?

Key Challenges of Finding Optimal Data Mixture

1. Training LLMs is costly and done in one run
2. Sources of data are diverse (e.g. 18+ sources)

3. No target data distribution is known

Domain Size

Pile-CC

Github
StackExchange
HackerNews
Wikipedia (en)
ArXiv
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PubMed Abstracts
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Gutenberg (PG-19)
Enron Emails

Data composition of the Pile dataset
(Gao et al., 2020)



Data Mixing in Pre-training LLMs: A Multi-task Learning (MTL) Perspective
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We can formulate this as a MTL problem:

K»Per—task loss function

Main Objective: mm L£(0 Z Eynp, [61(0; )],

MTL Gradient:

Z gL““’/_" Per-task gradient



Do Any Methods From Previous MTL Literature Apply?

Unfortunately, the short answer is NO.

Challenges/Problems with previous MTL methods:
Previous MTL methods mostly cannot scale (e.g. PCGrad (2020), CAGrad (2021), NashMTL (2022) ...)

1)
Standard pre-training 1B model only needs 8 Viperfish TPUs, while previous MTL methods require K times more TPUs
gi
2) Many MTL methods are designed to remove gradient conflict
However, we observe that pre-training LLMs typically results in very low gradient g;
conflicts
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What Makes a Good Mixing Algorithm When There’s No Gradient Conflict?

Our initial insights start with a simple model (Two tasks linear regression)

Case Study: Consider two loss functions #1(6;z1) = 5(67e1)> +2/6 and £2(0;22) = (0 ez)* + 24 6.

Analyzing this simple case gives us two insights

1. Optimal batch composition should change over iterates

2. Data sampling weights depend on the magnitude and
variance of per-task gradients
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Adaptive mixing consistently outperform static

mixing in the case study.



PIKE <€ : Positive gradient Interaction-based K-task weights Estimator
We analysis the large-scale nonconvex models (billions+ params) based on no/low gradient conflicts

Every T} (e.g. 1,000 steps), PIKE adaptively adjusts the sampling weights based on

Task k gradient norm Task k gradient variance
2 2
wi <~ weexp | G [[VLe(O)T  —C2 T
mirror descent hyperparams

The data sampling rate of one domain should increase (I) if

Task k gradient norm Task k gradient variance
VL ()] or o



Pre-training Results Using PiKE

Key Features of PiKE:

Accuracy (%)

1. Efficient Scaling: almost no memory and training (~1.2%) overhead.
2. Balanced Learning: Promotes fairness across different tasks.

3. Improved Performance: 3.4% better than previous complex data mixing.
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Previous Data Mixture Approaches in LLMs

Heuristic Rules / Manual Tuning Training Small Proxy Models

1.  Downstream Performance (GLaM) [Du et
1. Manual Tuning (Llama 3, PaLM, ...) ( ) Due

al., 2021]

2. Data Abundance (mT5) [Xue et al., 2020] 2. Group DRO (DoReMi) e ot al, 2021]

Problems with Previous Approaches

Lack of theoretical backup

y
2
3. The computational overhead is not negligible
4

I
I
I
Small proxy model may not transfer to larger ones [Ye et al., 2024] |
I
I
I

Fixed data mixture weights may be suboptimal (as we will show)



Conceptual PiKE <¢

Our analysis shows two insights
1. Optimal batch composition should change over iterates

2. Data sampling weights depend on the magnitude and
variance of per-task gradients

Our analysis also shows that we should include more data (t) from one’s
task in one batch if

Magnitude (ﬁ) and variance ( ﬂ) of one task’s gradients

Intuitively speaking,

Task k gradient norm

IVL(8)||> measures how much progress one can make by following this gradient

Task k gradient variance

0,3 measures how much confidence we have for the gradient estimate
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Adaptive mixing consistently outperform static

mixing in our case study.

When two tasks have similar gradient magnitudes, we should prioritize the task with smaller gradient variance.

—— This approach ensures that we prioritize tasks where confidently good progress can be made.
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Mixing Domains in Each Batch Improves LLM Generalization

Assume static, uniform sampling weights (i.e., 1/K per task), we compare three
standard strategies:

Number of samples from b- e Random, where k* ~ Uniform({1,..., K})

h task
each tasks b: = ¢ b- €t mod K)+1 Round-Robin

b (%,---13) Mix

where e, € R¥ iis the k-th standard basis vector.
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Conceptual PiKE <=4

Minimizing the RHS of previous Theorem and relaxing wy = bk/b gives us the Conceptual PiKE

Theorem (Tightness, Informal)

Assume task gradients are L-Lipschitz, unbiased, have bounded variance and when c and ¢ are small

There exist loss functions {¢(-,-)}X_,, where those upper bound in previous theorem is tight.

Theorem (Convergence, Informal)
Assume task gradients are L-Lipschitz, unbiased, have bounded variance, c-conflicted and
C

-aligned and running Conceptual PIKE with with SGD at 6. Let A} = £(8,) — min £(#) and then
= 0

after 7= 277%5 iterations, Conceptual PIiKE finds a point @ such that

E[vei@)|| <e VE=1,...,K.



Conceptual PiKE <=4

Remark 1.

The convergence rate of Conceptual PIKE is T' = O (1/62)

Match the optimal rate for smooth, nonconvex stochastic optimization

Remark 2.
when c and ¢ are small

We shows improved iteration complexity than Uniform (fixed) data mixing strategy
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Conceptual PiKE requires estimating Magnitude and variance of per task’s gradients every step
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