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Abstract In recent years, large language models (ILLMs) have become a research hotspot in the

field of natural language processing. After pre-training on large-scale data, these models exhibit
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strong few-shot and zero-shot in-context learning capabilities, making them highly applicable to
complex tasks in real-world scenarios. However, there are limited references available for the
training of LLMs from scratch. Moreover, there are challenges throughout the training process,
such as learning the data with long-tail knowledge, complex instructions, and indistinguishable
negatives. In this work, we propose a multi-stage curriculum learning approach, which tackles the
aforementioned challenges using three curriculum learning strategies respectively: (1) an iterative
curriculum for enhancing long-tail knowledge in pre-training, (2) a simple-to-complex curriculum
for instruction tuning, and (3) an easy-to-difficult curriculum for human alignment learning. We
employ these curricula to sequentially train our Yulan-Chat from scratch. Four Chinese and
English benchmark datasets are used to evaluate Yulan-Chat. The results demonstrate that
Yulan-Chat can mostly outperform baseline LLMs. Furthermore, our experiments show that the
three-stage curriculum can yield performance improvements of 9. 7% (GAOKAQ) in pretraining,

22.2% and 18. 9% (AlignBench) in instruction tuning and human alignment stages, respectively.
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or Output (b). Here’s an example:
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User: I am going to Beijing, can you suggest me three attractions?

YuLan-Chat: Certainly! Beijing is a city with a rich history and
culture, so there are many attractions to choose from. Here are three
suggestions:

(1) The Forbidden City: This is a must-visit attraction in Beijing, and
it is the largest palace complex in the world. It was the imperial
palace of the Ming and Qing dynasties, and it is now a museum
that houses a vast collection of imperial treasures.

(2) The Great Wall of China: This is one of the most iconic landmarks in
China, and it is a must-visit attraction for anyone traveling to
Beijing. The wall stretches over 5,000 miles, and it is a testament
to the engineering skills of the ancient Chinese.

(3) The Temple of Heaven: This is a Taoist temple that was built in
the 18th century. and it is a UNESCO World Heritage site. The
temple is surrounded by beautiful gardens, and it is a popular
place for locals to exercise and relax. It is also a great place to see
traditional Chinese architecture and culture.

ChatGPT: As a virtual assistant, I can suggest three popular attractions
in Beijing for you to visit:

The Great Wall of China: This iconic landmark is a must-visit in
Beijing. Spanning over 13 000 miles, it offers breathtaking views
and a glimpse into China’s rich history.

The Forbidden City: Located in the heart of Beijing, the Forbidden City
is an ancient imperial palace that served as the home of Chinese
emperors for over 500 years. It is a UNESCO World Heritage site
and offers a fascinating insight into the country’s imperial past.
The Temple of Heaven: This ancient temple complex is another
must-see attraction in Beijing. It was used by the emperors of the
Ming and Qing dynasties to perform rituals and ceremonies for good
harvests. The stunning architecture and beautiful gardens make it a
peaceful and picturesque destination.

Remember to check the opening hours, ticket prices, and any travel
restrictions before your visit to ensure a smooth and enjoyable experience.
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User: Claire makes a 3 egg omelet every morning for breakfast. How many dozens of eggs will she eat in 4 weeks? Let’s think step by step.

YuLan-Chat: Claire makes 3 eggs omeglettes every morning * 7 days/
week=21 eggs per week.

So in 4 weeks Claire consumes 21 eggs/week * 4 weeks=84 eggs.
Since a dozen refers to a dozen equals 12 items, then 84 eggs/

12 eggs/dozen=7 dozen eggs.

The answer is 7.

ChatGPT: Let’s break down the problem step by step:
(1) Calculate the total number of eggs used per day:
Claire uses 3 eggs per omelet each day.
(2) Calculate the total number of eggs used in a week:
There are 7 days in a week, so in one week, Claire will use:
3 eggs/day X 7 days/week=21 eggs/week
Calculate the total number of eggs used in 4 weeks:

(@3

-

Over 4 weeks, Claire will use:
21 eggs/week X4 weeks=84 eggs
(4

%

Convert the total number of eggs into dozens:
There are 12 eggs in a dozen, so:

84 eggs/12 eggs/dozen=7 dozen eggs

So, Claire will use 7 dozen eggs in 4 weeks.
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Background

Large language models (LLMs) have received wide-
spread attention in natural language processing area. In existing
work, the training process of LLMs is usually divided into
three stages: pre-training, instruction tuning, and human
alignment. The training of LLMs is a complex system
engineering that involves numerous detailed designs and
practical considerations. However, there are currently limited
references available for this process, mainly due to the lack of
computational resources in academia and the industry’s tend-
ency to keep the training process as a proprietary technology.

To address this research gap, this paper focuses on
training a general LLLM, Yulan-Chat, from scratch. However,
due to the distribution and difficulty divergence of the training
data, it is hard for LLMs to acquire the knowledge from
them, especially for the important data with harder-to-grasp
knowledge. limiting the LLM’s performance. Inspired by
the process of human education, this paper proposes a
curriculum learning approach™?’ for the three training stages
of LLMs, where multi-level curricula are designed to help
Yulan-Chat progressively learn knowledge from easy to

hard,

tuning., and human alignment stages. the designed curricula

similar to human. For the pretraining, instruction

focus on the following important but difficult-to-master

knowledge-related data: (1) pretraining data that involves
long-tail knowledge; (2) complex instructions; (3) indistin-
guishable positive and negative human-alignment examples.
Specifically, this paper proposes an iterative curriculum for
enhancing long-tail knowledge in pretraining, a simple-to-
difficult curriculum for instruction tuning., and an easy-to-
difficult curriculum for human alignment.

We employ these curricula to sequentially train our
YulLan-Chat from scratch. Four Chinese and English bench-
mark datasets are used to evaluate Yul.an-Chat. The results
demonstrate that Yul.an-Chat can mostly outperform competitive
LLMs. Furthermore, our experiments show that the three-
stage curriculum can yield performance improvements of
9. 7% (GAOKAOQ) in pretraining, 22.2% and 18.9% (Align-
Bench) in instruction tuning and human alignment stages,
respectively.
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