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Revised from COS 597G

Language Models are Getting Bigger...

BERT large (2018)
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https://venturebeat.com/ai/microsoft-trains-worlds-largest-transformer-language-model/
https://huggingface.co/blog/large-language-models
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Understanding FLOPs

C~6ND

If we had a computational budget on C,
Increasing model size N = Decreasing dataset size D

But we also expect more data — better performance

C = number of FLOPs (computations)
N = number of model parameters
D = amount of training data 7



Revised from COS 597G

Key Question

1o maximize model performance,

how should we allocate C to N and D?

Nopt(C)a DOpt (C) — argmin L(N: D)
N,D s.t. FLOPs(N,D)=C

[Equation Source: (Hoffman et al., 2022)]



https://arxiv.org/pdf/2203.15556.pdf

Revised from COS 597G

Key Question (rephrased)

What is the relationship between loss and N, D?

L“(ND)AE+A+B
77 7 N« DB

[Equation Source: (Hoffman et al., 2022)]



https://arxiv.org/pdf/2203.15556.pdf
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Is Power-Law
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[Figure Source: (Hoffman et al., 2022)] 10



https://arxiv.org/pdf/2203.15556.pdf
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Data Pruning (Sorcher et al., 2022)

Develop a metric to measure the quality of data

Prune the data to include only high quality data

Importance of dataset size decreases significantly
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https://arxiv.org/pdf/2206.14486.pdf
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Revised from COS 597G

Scaling Law For Fine-Tuning (Tay et al., 2021)

Downstream performance after fine-tuning does not scale with

model size

Downstream performance does scale with depth, but not

necessarily with dimension

120


https://arxiv.org/pdf/2109.10686.pdf

Revised from COS 597G

Downstream Performance Does Not Depend on N
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[Figure Source: (Tay et al., 2021)] 14



https://arxiv.org/pdf/2109.10686.pdf

Training all v.s. specific layers

With limited dataset,
training a model
with a large number
of parameters may
lead to overfitting.

Reference: TransTailor:

match
source data pre-trained model
source domain transfer
learning
weight
mismatch
targetdata structure pre-trained model
mismatch

target domain

Figure 1: Illustration of the two mismatches during transfer
learning.

Pruning the Pre-trained Model for Improved Transfer Learning



Donahue et al, “DeCAF: A Deep Convolutional Activation
Feature for Generic Visual Recognition”, ICML 2014

L] L]
Razavian et al, “CNN Features Off-the-Shelf: An
ral I S er eal I l 1 I I V\/ 1 S Astounding Baseline for Recognition”, CVPR Workshops
+ 2014

1. Train on Imagenet 2. Small Dataset (C classes) 3. Bigger dataset
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How to select layers to be trained?

Reference:LogME: Practical Asseassment of Pre-trained Models for Transfer Learning (2024)
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1. Define heterogeneous agents and their prompt templates A;, Ao, ..., Aj.

2. Obtain intermediary analysis O; = A;(User_Message) Result
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3. Obtain summative analysis Result = A(User_Message, Oy, ..., Oy,)
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Recap: BUKgRlAS

Collect high-quality finance corpus

Derive proper continual pretraining algorithm and fine-
tuning algorithm

Explore the applications

Thanks again for the support of AMD.
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