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What happened after last lecture

• Qwen 3.5-Plus

• Seedance 2.0

• GLM-5

• MiniMax M2.5

• Kimi K2.5

• Robots in 春晚

• 腾讯元宝、蚂蚁阿福

• GPT-5.4 Thinking and GPT-5.4 Pro （today）

AI is so much fast!



It become crazy after Spring Festival



Video Generation

https://seed.bytedance.com/en/seedance2_0
https://seedance2.ai/

https://seed.bytedance.com/en/seedance2_0


OpenClaw

https://openclaw.ai/



How OpenClaw is popular!



To recap and an overview



Inductive bias of composition

CNN: local composition within a window

RNN: recurrently compose tokens from left to right or right to left.



A video you must watch

https://www.youtube.com/watch?v=kYWUEV_e2ss

Reducing inductive bias (local or recurrent bias) and take full attention!
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Benefits to be large： Scaling Law
Performance depends strongly on scale! We keep getting better performance as we scale  the model, 

data, and compute up!

Emergent abilities of large language models (TMLR ‘22). 

J. Wei, Y. Tay, R. Bommasani, C. Raffel, B. Zoph, S. Borgeaud, D. Yogatama, M. Bosma, D. Zhou, D. Metzler, E. Chi, T. 

Hashimoto, O. Vinyals, P. Liang, J. Dean, & W. Fedus.



Benefits to be large： Emergent abilities
Some ability of LM is not present in smaller models but is present in larger models

https://docs.google.com/presentation/d/1yzbmYB5E7G8lY2-KzhmArmPYwwl7o7CUST1xRZDUu1Y/edit?resourcekey=0-6_TnUMoK  WCk_FN2BiPxmbw#slide=id.g1fc34b3ac18_0_27



Outline

1. LLMs
1. What are LLMs
2. How LARGE is Large LMs?

3. Why LARGE?
4. A Case Study for ChatGPT
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2. Training LLMs from scratch
1. Overview of LLM training

2. Tokenization
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What are LLMs



Think about that:

What is the difference between Large Language models (LLMs) and 
language models?

Just larger?



What is an LLM （one model for nearly everything）

Also called “foundation model” [1]

[1] Rishi Bommasani et al. On the Opportunities and Risks of Foundation Models. https://arxiv.org/pdf/2108.07258.pdf



DL hypothesis

Anything a human do in 0.1 seconds, a big 10-layer neural 

network can do, too.

At than moment we could not train a much lager model.



Jason Wei’ Rule of thumb

language models can do (with decent accuracy) most things 

that an average human can do in 1 minute.

https://ai4comm.media.mit.edu/slides/emergence.pdf



AGI

Artificial General Intelligence (AGI) refers to the hypothetical intelligence of a 

machine that possesses the ability to understand or learn any intellectual task that a 

human being can.

Do you believe that LLMs could achieve it?



A possible way to AGI

LLM + Agent

- LLM is the brain

- An agent framework equip AGI with tools (calculator, solvers, database, etc.)

Brain: think longer (o1-like thinking) 

Tools: equip it with external knowledge/information, tools or rules (expert systems?)

Qiguang Chen, Libo Qin, Jiaqi Wang, Jinxuan Zhou, Wanxiang Che. Unlocking the Capabilities of Thought: A Reasoning 

Boundary Framework to Quantify and Optimize Chain-of-Thought. 



Why LLMs: Learning/intelligence as compression



Next word prediction forces the neural network to learn a lot 
about the world:



How large is large?



How Large are “Large” LMs?

Image source: https://hellofuture.orange.com/en/the-gpt-3-language-model-revolution-or-evolution/https://huggingface.co/blog/large-language-models

Early models: PaLM (540B), OPT (175B), BLOOM (176B)…



Large Language Models - yottaFlops of  Compute

https://web.stanford.edu/class/cs224n/slides/cs224n-2023-lecture11-prompting-rlhf.pdf 

FLOPs: floating point operations

GPT 4: with 1.8T parameters (equivalent to 280B dense parameter ) -- it is said!

https://web.stanford.edu/class/cs224n/slides/cs224n-2023-lecture11-prompting-rlhf.pdf


How large is “large”？

❖ In BERT era

➢ Base models: BERT/RoBERTa (100M), 

➢ Large one: 300M

❖ T5 era

➢ Base models: 200M

➢ small models: 60M

➢ Large: 770M

➢ Much lager: 3B  and 11B (XXXL)

❖ LLM

➢ Base models:  probably 7B to 13B

➢ Small models: 60M



Data scaling - Hundreds of Billions of Tokens

https://babylm.github.io

/

3-10
Trillion

LLaMA 2/PaLM 2/Mistral

GPT 4: with 13T tokens  -- it is said!

https://babylm.github.io/


Qwen3 Technical Report. https://arxiv.org/pdf/2505.09388



Some funny facts （maybe be wrong）

❖ GPT 5 and Claude are probably with 4T parameters (4 万亿)

❖ The Qwen3-Max model has over 1 trillion parameters and 

was pretrained on 36 trillion tokens.



Why LLMs?



LM vs. LLM



Why Larger language models

● More world knowledge (LAMA)

○ Language models as knowledge base?

● Larger capacity to learn problem-solving Abilities

○ Coding, revising articles, reasoning etc.

● Better generalization to unseen tasks

● Emergent ability (涌现能力)

Jared Kaplan et. al Scaling Laws for Neural Language Models

Jason Wei et. Al. Emergent Abilities of Large Language Models.

https://arxiv.org/search/cs?searchtype=author&query=Kaplan%2C%2BJ


Why LLMs?

Emergent properties in LLMs:

Some ability of LM is not present in smaller models but is present in larger models

Emergent Capability: Zero/Few-shot prompting, CoT and many others

>A few-shot prompted task is  emergent 

if it achieves random  accuracy for small 

models and above- random accuracy 

for large models.



Example of Emergent abilities: Few-shot prompting

> A few-shot prompted task is emergent if it achieves random accuracy for small models and 

above-random accuracy for large models.



Example of Emergent abilities: Zero-shot prompting



Why LLMs?

Generalization :

One single model to solve many NLP tasks

It could even generalizes to new tasks, following the phylosity of FLAN



We can expect a lot more “general capability” across all areas of knowledge

LLMs start to generalize to difficult tasks when it becomes large

GPT-4 over ChatGPT 3.5



LLMs might benefit from generalization

- Larger capacity for better generalization
- Generalization might be attributed to Combinational Generalization, as 
it has seen all data during pretraining.

Enabling high-order Combinational Generalization might need long thinking;



Emergent ability: RL only works when models scale

RLHF helps

performanceRLHF hurts

performance

https://arxiv.org/abs/2204.05862

https://arxiv.org/abs/2204.05862


Some basics for large language models

● Scalable network architecture (Transformer vs. CNN/RNN)

● Scalable objective (conditional/auto-regressive LM vs. Masked LM)

● Scalable data (plain texts are everywhere vs. supervised data)

● The fossil fuel (data) seems over.

OpenAI, GPT-4 Technical Report, https://cdn.openai.com/papers/gpt-4.pdf



A case from ChatGPT



From 2020 GPT-3 to 2022 ChatGPT

https://yaofu.notion.site/How-does-GPT-Obtain-its-Ability-Tracing-Emergent-Abilities-of-Language-Models-to-their-Sources-b9a57ac0fcf74f30a1ab9e3e36fa1dc1



Three important abilities that the initial GPT-3 exhibit

❏Language generation: follow a prompt and then generate a completion of the given prompt.

❏In-context learning: Follow a few examples of a given task and then generate the solution for a new test case.

❏World knowledge: including factual knowledge and commonsense.

Where do these abilities come from?

Large-scale pretraining [175B parameters model on 300B tokens]

● Language generation ability comes from the language modeling training objective.

● World knowledge comes from the 300B token training corpora (or where else it could be).

● In-context learning ability, as well as its generalization behavior, is still elusive. There is some studies on  why language 

model pretraining induces in-context learning, and why in-context learning behaves so  differently than fine-tuning. Here are 

some materials, we may spend a lecture focusing on this.

a. https://thegradient.pub/in-context-learning-in-context/ (Highly-recommended)

b. http://ai.stanford.edu/blog/understanding-incontext/

c. https://arxiv.org/abs/2211.15661

d. https://arxiv.org/abs/2212.10559

e. https://arxiv.org/pdf/2209.10063.pdf

https://thegradient.pub/in-context-learning-in-context/
http://ai.stanford.edu/blog/understanding-incontext/
https://arxiv.org/abs/2211.15661
https://arxiv.org/abs/2212.10559
https://arxiv.org/pdf/2209.10063.pdf


Emergence of ChatGPT

► Reaching 1M users in five days; research 100M users in two months

► Everyone discusses ChatGPT，its spreading speed is faster than COVID-19

► Red alarms in Google

► Google released Bard very soon，but it performs worse, stock valued

reduced by 8%

► Microsoft invests 10B dollars to OpenAI

► New Bing and Office used ChatGPT

► 百模大战 in China



What’s ChatGPT

The main features of ChatGPT highlighted in the official blog:

► answer followup questions

► admit its mistakes

► challenge incorrect premises

► reject inappropriate requests

ChatGPT Blog: https://openai.com/blog/chatgpt/

https://openai.com/blog/chatgpt/


The Size of ChatGPT

Four models released by OpenAI：



The Size of ChatGPT

The size of Davinci (GPT 3) could be 175B
Model LAMBADA ppl ↓ LAMBADA acc ↑ Winogrande ↑ Hellaswag ↑ PIQA ↑

GPT-3-124M 18.6 42.7% 52.0% 33.7% 64.6%

GPT-3-350M 9.09 54.3% 52.1% 43.6% 70.2%

Ada 9.95 51.6% 52.9% 43.4% 70.5%

GPT-3-760M 6.53 60.4% 57.4% 51.0% 72.9%

GPT-3-1.3B 5.44 63.6% 58.7% 54.7% 75.1%

Babbage 5.58 62.4% 59.0% 54.5% 75.5%

GPT-3-2.7B 4.60 67.1% 62.3% 62.8% 75.6%

GPT-3-6.7B 4.00 70.3% 64.5% 67.4% 78.0%

Curie 4.00 68.5% 65.6% 68.5% 77.9%

GPT-3-13B 3.56 72.5% 67.9% 70.9% 78.5%

GPT-3-175B 3.00 76.2% 70.2% 78.9% 81.0%

Davinci 2.97 74.8% 70.2% 78.1% 80.4%

All GPT-3 figures are from the GPT-3 paper; all API figures are computed using eval harness

Ada, Babbage, Curie and Davinci line up closely with 350M, 1.3B, 6.7B, and 175B respectively.

Obviously this isn’t ironclad evidence that the models are those sizes, but it’s pretty suggestive.

Leo Gao, On the Sizes of OpenAI API Models, https://blog.eleuther.ai/gpt3-model-sizes/



The Size of GPT4

Parameter scale: GPT-4 is 10 times larger than GPT-3, approximately 1.8 trillion 
parameters, with 120 layers. [the number is larger than the neurons in human 
brains]

To increase the model's capacity (number of parameters) while controlling costs, it's 
necessary to introduce sparsity. OpenAI's solution is MoE (Mixture of Experts): 
treating the FFN (Feed-Forward Network) in the Transformer as experts, using 16 
experts, and during inference, selecting 2 out of the 16 experts for forwarding and 
combining them with weights.

Note!! When the model forwards once (generates a token), it only uses 280 billion 
parameters (55B + 2 x 111B), utilizing around 560 TFLOPS; whereas a Dense model 
with this number of parameters would require 3700 TFLOPS!

Not be confirmed yet!



ChatGPT Timeline

Alan D. Thompson, GPT-3.5 + ChatGPT: An illustrated overview, https://lifearchitect.ai/chatgpt/



Techniques of ChatGPT

● Phase 1: pre-training

○ Learn general world knowledge, ability, etc.

● Phase 2: Supervised finetuning

○ Tailor to tasks (unlock some abilities)

● Phase 3: RLHF

○ Tailor to humans

○ Even you could teach ChatGPT to do something

Most of these were explored by InstructGPT. The only difference is that it is further trained with chat data, as an success  

of product (plus engineering).

T Schick et. al. Toolformer: language models can teach themselves to use tools. https://arxiv.org/abs/2302.04761



Techniques of ChatGPT

ChatGPT Blog: https://openai.com/blog/chatgpt/

https://openai.com/blog/chatgpt/


Train ChatGPT



GPT-4

What’s new?

❏ Make progress towards multilingualism: GPT-4 is able to answer thousands of multiple-choice questions in

26 languages with a high degree of accuracy.

❏ Longer memory for conversations: ChatGPT can process 4,096 tokens. Once this limit was reached, the 

model lost track. GPT-4 can process 32,768 tokens. Enough for an entire short story on 32 A4 pages.

❏ Multimodal input: not only text can be used as input, but also images in which GPT-4 can describe objects. 

GPT-4 Technical Report from OpenAI

❏ Only contains a small amount of detail: “[...] given both the competitive landscape and the 

safety  implications of large-scale models like GPT-4, this report contains no further details about 

the  architecture (including model size), hardware, training compute, dataset construction, training 

method  or similar.” From Technical Report.

❏ GPT-4’s score on the bar exam was similar to that of the top ten percent of graduates, while ChatGPT

ranked in among the ten per cent that scored the worst.

❏ OpenAI hired more than 50 experts who interacted with and tested the model over an extended 

period  of time.

It was finished in August 2022. It takes 7 months for security alignment.

https://cdn.openai.com/papers/gpt-4.pdf


Difficulties to Replicate ChatGPT

● Computing resources: money is all you need

● Data and annotation:

○ Very careful data cleaning、 filtering、selection strategies (training is expensive)

○ Plain corpora(https://github.com/esbatmop/MNBVC)

○ Transferable SFT data (instruction tuning)

○ human feedback data (model-dependent, non Transferable)

● Algorithms

○ Has some open-source implementation in general

○ Engineering work is not easy (including training tricks and efficient deployment)

○ Releasing a model is easy, keeping polishing it is not!

● Talents (first-tier young researchers, average age of Open AI guys is 32）
<OpenAI ChatGPT团队北京研究报告>. Aminer和智谱研究.2023.02

(This slide is from one year ago!)

We (China) are on the same line with OpenAI



Difficulties to Replicate ChatGPT

How to efficiently organize (young) high-density talents?



GPT-4V

GPT-4 Technical Report, OpenAI



Sora

● Video Generation: It generates high-quality videos based on text prompts.

● Video Editing: Allows video-to-video editing guided by text.

● Duration Extension: Can extend the length of videos.

● High-Resolution Images: Produces images up to 2048x2048 resolution.

● Versatility: Handles various durations, resolutions, and aspect ratios by converting visual data 

into spacetime patches.

● Potential: Demonstrates the ability to simulate physical and digital worlds, with some existing 

limitations and challenges.

Video generation models as world simulators



Open O1



How to use LLMs?
prompt Engineering, model fine-tuning and training from scratch



How to use LLMs?

Level 1: Prompt Engineering and agents



Prompt Engineering



Agent

https://docs.google.com/presentation/d/1xCQIcZ_SdOZWBE_nf6szjoTYjVICqL8W2eB79qK154g/edit?usp=sharing

LLM acts as a Decision Center (Reasoning) and Human Interaction Front end (Chat)



Agent: Tool use

HuggingGPT (Shen et al. 2023) is a framework to use ChatGPT as the task  

planner to select models available in HuggingFace platform according to the  

model descriptions and summarize the response based on the execution 

results.

API-Bank (Li et al. 2023) : A benchmark for evaluating  

the performance of tool-augmented LLMs. It contains 53  

commonly used API tools, a complete tool-augmented  

LLM workflow, and 264 annotated dialogues that involve  

568 API calls.

https://arxiv.org/abs/2303.17580
https://arxiv.org/abs/2304.08244


Langchain

https://python.langchain.com/docs/get_started/introduction.html

❖ LangChain is a framework for developing applications powered by language models.

❖ The core building block of LangChain applications is the LLMChain. This combines three things:

➢ LLM: The language model is the core reasoning engine here. In order to work with LangChain, you need to

understand the different types of language models and how to work with them.

➢ Prompt Templates: This provides instructions to the language model. This controls what the language model

outputs, so understanding how to construct prompts and different prompting strategies is crucial.

➢ Output Parsers: These translate the raw response from the LLM to a more workable format, making it easy to  use 

the output downstream.



DIFY （https://dify.ai/）

The Innovation Engine for GenAI Applications



Manus

Server-side computer-use sandbox



OpenClaw 大龙虾

Locally-deployed personal assistant



Homework

Try Openclaw yourself



How to use LLMs?

Level 2: Model Training



Agents vs. train your own models

Agents
Pros: easier to build robust applications

Cons: high abstraction and you may not know too much about LLM training

DIY models
Pros: difficult and may not works

Cons: you could learn more about LLMs



Understanding of LLM Training



Techniques of ChatGPT

● Phase 0: Word Tokenization

● Phase 1: Pre-training

○ Learn general world knowledge, ability, etc.

● Phase 2: Supervised finetuning

○ Tailor to tasks (unlock some abilities)

● Phase 3: RLHF

○ Tailor to humans

○ Even you could teach ChatGPT to do something

Most of these were explored by InstructGPT. The only difference is that it is further trained with chat data, as an success  

of product (plus engineering).

T Schick et. al. Toolformer: language models can teach themselves to use tools. https://arxiv.org/abs/2302.04761



From Zero to ChatGPT

https://chat.openai.com/


Steps of LLM training

Tokenizer 

Training

Self-supervised 

Pre-training

Instruction 

Finetuning

Reinforcement 

Learning from 

Human Feedback

Recognize

Words

TextBook 

Reading
Doing Exercises Teachers’ feedback



Starts from Word Tokenization



What and Why?

Tokenization is the process of breaking down a piece of text, like a sentence or a paragraph, into 

individual words or “tokens.” These tokens are the basic building blocks of language, and tokenization 

helps computers understand and process human language by splitting it into manageable units.

https://www.analyticsvidhya.com/blog/2020/05/what-is-tokenization-nlp/



Tokenization



Subword modeling



Tokenization



Subword modeling

Subword modeling in NLP encompasses a wide range of methods for reasoning 

about structure below the word level. (Parts of words, characters, bytes.)

● The dominant modern paradigm is to learn a vocabulary of parts of words (subword tokens).

● At training and testing time, each word is split into a sequence of known subwords.



Subword-based 

Tokenization 

Methods
● Byte-Pair Encoding [Gage 1994]

○ Originally used in machine translation

● WordPiece

● Unigram

● SentencePiece

http://www.pennelynn.com/Documents/CUJ/HTML/94HTML/19940045.HTM


Byte-pair encoding (BPE) [Gage 1994]

Byte-pair encoding is a simple, effective strategy for defining a subword vocabulary.

1. Start with a vocabulary containing only characters and an “end-of-word” symbol.

2. Using a corpus of text, find the most common pair of adjacent characters “a,b”; 

add subword “ab” to the vocab.

3. Replace instances of the character pair with the new subword; repeat until 

desired vocab size.

aaabdaaabac ZabdZabac

Z=aa

ZYdZYac

Y=ab

Z=aa

XdXac

X=ZY

Y=ab

Z=aa

This data cannot be compressed further by byte pair encoding because there are no pairs of bytes that occur 

more than once.

To decompress the data, simply perform the replacements in the reverse order.

http://www.pennelynn.com/Documents/CUJ/HTML/94HTML/19940045.HTM


Example of a bad tokenizer: LLaMA  for Chinese 

LLaMA tokenizer is unfriendly to Chinese

Yiming Cui. et.al. EFFICIENT AND EFFECTIVE TEXT ENCODING FOR CHINESE LLAMA AND ALPACA. https://arxiv.org/pdf/2304.08177.pdf



Example of a bad tokenizer: AceGPT for Arabic

https://huggingface.co/FreedomIntelligence/AceGPT-7b-chat-GPTQ/raw/main/tokenizer.json

https://arabic.llmzoo.com/

https://arabic.llmzoo.com/


A broader sense of “token”

genes （基因）Image token Speech token

Alexey Dosovitskiy. et al. An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale. https://arxiv.org/abs/2010.11929

Xin zhang et.al. SpeechTokenizer: Unified Speech Tokenizer for Speech Language Models.  https://0nutation.github.io/SpeechTokenizer.github.io/

https://arxiv.org/search/cs?searchtype=author&query=Dosovitskiy,+A


LLM Pretraining



What is language modeling?

A language model assigns a probability to a N-gram
𝑓: 𝑉𝑛 → 𝑅+

A conditional language model assigns a probability of a word given some 
conditioning context

𝑔: (𝑉𝑛−1 , 𝑉) → 𝑅+

And 𝒑 𝒘𝒏 𝒘𝟏 ⋯𝒘𝒏−𝟏) = 𝑔(𝑤1 ⋯𝑤𝑛−1, 𝑤) =
𝑓(𝑤1⋯𝑤𝑛)

𝑓(𝑤1⋯𝑤𝑛−1)



What is language modeling?

A language model assigns a probability to a N-gram
𝑓: 𝑉𝑛 → 𝑅+

A conditional language model assigns a probability of a word given some 
conditioning context

𝑔: (𝑉𝑛−1 , 𝑉) → 𝑅+

And 𝒑 𝒘𝒏 𝒘𝟏 ⋯𝒘𝒏−𝟏) = 𝑔(𝑤1 ⋯𝑤𝑛−1, 𝑤) =
𝑓(𝑤1⋯𝑤𝑛)

𝑓(𝑤1⋯𝑤𝑛−1)

𝒑 𝒘𝒏 𝒘𝟏 ⋯𝒘𝒏−𝟏) is the foundation of modern large language models (GPT, ChatGPT, etc.)



Language model using neural networks

我 思 故 我

在

input：

output：

Back-box neural networks：
GPT-3/ChatGPT/GPT4 have 
175B+ parameters 
Humans have 100B+ 
neurons



Data Engineering: sources 

Example data for OLMO 2

https://arxiv.org/pdf/2501.00656



Data Engineering: ratios 

Repeat more times for high-quality data; usually this is a secret

https://arxiv.org/pdf/2005.14165



Model Scale

https://arxiv.org/pdf/2005.14165



Continue pretraining in LLMs （domain adaption）

● Domains for medicine, finance, etc. (HuatuoGPT)

● Languages like Arabic, Chinese etc. (AceGPT, Phoenix)

● More modality, audio, vision, etc. (ALLaVa, Soundwave, WaveMind )

● Initially using a small learning rate

● Mixing new data and old data, progressively increase the ratio of new data

● It takes longer to have positive effect, keep patient

● Building a domain-specific vocabulary needs more tokens to fit.

Continue training a pre-trained LLMs might cause catastrophic forgetting 



Tips for LLM pre-training



Tip 1: Data filter

Longpre, S., Yauney, G., Reif, E., Lee, K., Roberts, A., Zoph, B., Zhou, D., Wei, J., Robinson, K., Mimno, D. and Ippolito, D., 2023. A Pretrainer's 

Guide to Training Data: Measuring the Effects of Data Age, Domain Coverage, Quality, & Toxicity. arXiv preprint arXiv:2305.13169.



Tip 2: Data reformating

Run-Ze Fan, Xuefeng Li, Haoyang Zou, Junlong Li, Shwai He, Ethan Chern, Jiewen Hu, Pengfei Liu. Reformatted Alignment. 
https://arxiv.org/abs/2402.12219

https://arxiv.org/search/cs?searchtype=author&query=Fan,+R
https://arxiv.org/search/cs?searchtype=author&query=Li,+X
https://arxiv.org/search/cs?searchtype=author&query=Zou,+H
https://arxiv.org/search/cs?searchtype=author&query=Li,+J
https://arxiv.org/search/cs?searchtype=author&query=He,+S
https://arxiv.org/search/cs?searchtype=author&query=Chern,+E
https://arxiv.org/search/cs?searchtype=author&query=Hu,+J
https://arxiv.org/search/cs?searchtype=author&query=Liu,+P


Alignment at Pre-training!

Juhao Liang, Zhenyang Cai, Jianqing Zhu, Huang Huang, Kewei Zong, Bang An, Mosen Alharthi, Juncai He, Lian Zhang, Haizhou Li, Benyou 
Wang, Jinchao Xu. Alignment at Pre-training! Towards Native Alignment for Arabic LLMs. NeurIPS 2024.



Tip 3: Data duplication

Lee, K., Ippolito, D., Nystrom, A., Zhang, C., Eck, D., Callison-Burch, C. and Carlini, N., 2021. Deduplicating training data makes language models 

better. arXiv preprint arXiv:2107.06499.



Tip 4: Data mixture

Xie, S.M., Pham, H., Dong, X., Du, N., Liu, H., Lu, Y., Liang, P., Le, Q.V., Ma, T. and Yu, A.W., 2023. DoReMi: Optimizing Data Mixtures Speeds 

Up Language Model Pretraining. arXiv preprint arXiv:2305.10429.



Tip 5: Data order

Shi, W., Min, S., Lomeli, M., Zhou, C., Li, M., Lin, V., Smith, N.A., Zettlemoyer, L., Yih, S. and Lewis, M., 2023. In-Context Pretraining: Language 

Modeling Beyond Document Boundaries. arXiv preprint arXiv:2310.10638.



Tip 6: Data scale matters

Recent models and its training 

tokens:

LlaMA-1: 1-1.4 T tokens

LlaMA-2: 2T tokens

Mistral-7B: much more…



Tip 7: Data mask

RHO-1: Not All Tokens Are What You Need. https://arxiv.org/pdf/2404.07965



Tip 8: Data synthesis

https://ollama.com/library/phi3
Phi-4 Technical Report. https://arxiv.org/pdf/2412.08905

https://ollama.com/library/phi3


Instruction Finetuning

(Supervised Fine-Tuning, SFT)



Language modeling ≠ assisting users

Ouyang, Long, et al. "Training language models to follow instructions with human feedback, 2022." URL https://arxiv. 

org/abs/2203.02155 13 (2022).

Language models are not aligned
with user intent.

Do completion instead of 

instruction folowing

Motivation of instruction finetuing



Difference

Pretraining data

A large language model (LLM) is a language model trained 

with self-supervised machine learning on a vast amount of text, 

designed for natural language processing tasks, 

especially language generation.[1][2] The largest and most 

capable LLMs are generative pre-trained transformers (GPTs) and 

provide the core capabilities of chatbots such 

as ChatGPT, Gemini and Claude. LLMs can be fine-tuned for 

specific tasks or guided by prompt engineering.[3] These models 

acquire predictive power regarding syntax, semantics, 

and ontologies[4] inherent in human language corpora, but they 

also inherit inaccuracies and biases present in the data they are 

trained on.

SFT data

Instruction:  Classify the following into 

animals, plants, and minerals

Input:   Oak tree, copper ore, elephant

Output: Oak tree: Plant;  Copper ore: 

Mineral; Elephant: Animal.



Wang, Y., Kordi, Y., Mishra, S., Liu, A., Smith, N.A., Khashabi, D. and Hajishirzi, H., 2022. Self-instruct: Aligning language model with self generated instructions. 

arXiv preprint arXiv:2212.10560.

{"id": "seed_task_8", "name": "english_haiku_generation", "instruction": "

请以下面词语为主题写一首诗", "instances": [{"input": "夏天", "output": 

"不但春妍夏亦佳，随缘花草是生涯。\n鹿葱解插纤长柄，金凤仍开最
小花。"}], "is_classification": false}

{"id": "seed_task_38", "name": "synonym_generation", "instruction": "给
出下面词语的同义词", "instances": [{"input": "惊人地", "output": "令人
惊奇地，令人惊讶地，意外地，难以置信地，不可思议地"}], 

"is_classification": false}

{"id": "seed_task_44", "name": "add_to_the_list", "instruction": "根据【】
内的提示，续写下面的内容", "instances": [{"input": "我认为在夏天，
狗狗可能喜欢吃西瓜、冰冻花生酱、【它们平时吃的食物】", 

"output": "水管里的水、冰块、冷肉"}], "is_classification": false}

What are Instructions?



Recap：The Pretraining/Finetuning Paradigm

Pretraining can improve NLP applications by serving as parameter initialization.

What are Finetuning?



What is instruction finetuning?

or called “supervised fine-tuning”



Instruction Finetuning Hypothesis

● Superficial Alignment Hypothesis:

task recognition (mostly knowledge agnostic, e.g., information extraction)

● Knowledge Injection Hypothesis:

task learning (mostly knowledge intensive, e.g., question-answering)

● Flan Hypothesis:

task generalization

Zhou, Chunting, et al. "Lima: Less is more for alignment." arXiv preprint arXiv:2305.11206 (2023).

Wei, Jason, et al. "Finetuned language models are zero-shot learners." arXiv preprint arXiv:2109.01652 (2021).



Superficial Alignment Hypothesis 

[1] Chunting Zhou, Pengfei Liu, Puxin Xu, Srini Iyer, Jiao Sun, Yuning Mao, Xuezhe Ma, Avia Efrat, Ping Yu, Lili Yu, Susan Zhang, Gargi Ghosh, 

Mike Lewis, Luke Zettlemoyer, Omer Levy. LIMA: Less Is More for Alignment. https://arxiv.org/abs/2305.11206

[2] Chen, Hao, et al. "Maybe Only 0.5% Data is Needed: A Preliminary Exploration of Low Training Data Instruction Tuning." arXiv preprint 

arXiv:2305.09246 (2023).

Alignment is to learn the response format or the interaction style ! (Task 

Recognition)

It is enough to use 1030 examples for  Superficial Alignment [1] 

● 1000 examples for instruction following

● 30 examples for conversation

Less is more?



From Task Recognition to Task Learning

Task recognition (TR) captures the extent to which LLMs can recognize a 

task through demonstrations – even without ground-truth labels – and apply 

their pre-trained priors.

Q: Summarize the following paragraphs…
A: ….

Task learning (TL) is the ability to capture new input-label mappings unseen 

in pre-training.

Q: Who is Barack Obama?
A: ….

Pan, Jane. What In-Context Learning “Learns” In-Context: Disentangling Task Recognition and Task Learning. Diss. Princeton 

University, 2023.

Few is enough!

More is better!



Task generalization: FLAN-T5

Wei, Jason, et al. "Finetuned language models are zero-shot learners." arXiv preprint arXiv:2109.01652 (2021).

More diverse, the better   



Tips of instruction finetuning



Shortcut: Distillation from Top LLMs (e.g. GPT-5)

Instructions

/Question

Learn from ChatGPT



Tip 1: Self-instuct for data augmention



Self-instuct



Tip 2: training on output only

We do this by default.



Tip 3: use complex instructions

Which better improves you when you were at an age of 15?

B. Complex exercisesA. Simple exercises



WizardLM: Empowering Large Language Models to Follow Complex Instructions 

Xu, C., Sun, Q., Zheng, K., Geng, X., Zhao, P., Feng, J., Tao, C. and Jiang, D., 2023. Wizardlm: Empowering large language models to follow complex instructions. 

arXiv preprint arXiv:2304.12244.



Limitations of Instruction Finetuning

● Expensive to collect groundtruth data for so many tasks.

● Tasks like open-ended creative generation have no standard answers.

○ Write a story about a dog and her pet grasshopper.

Can we explicitly attempt to satisfy human preferences?

● Language modeling penalizes all 

token-level mistakes equally, but 

some errors are worse than others.

● Mismatch between LM objective 

and human preferences



How to prepare the response in Instruction tuning

● Human written (Dolly)
○ It is rich in knowledge but it is not good for learning in LLMs

■ Formats are usually diverse

■ It might skip some easy but important steps (humans have commonsense)- logics might be not that 

coherent; it encourages hallucinations. 

● Distilled from powerful models (ChatGPT & DeepSeek)
○ Model collapse (Humans are diverse but LLMs might not)

○ It cannot outperforms its teacher~

● Combine human expert and LLMs! (Phoenix & HuatuoGPT series)
○ Rewrite expert output using LLMs

○ Inject domain knowledge from experts to LLM 

○ ….

https://www.databricks.com/blog/2023/04/12/dolly-first-open-commercially-viable-instruction-tuned-llm



RLHF

Reinforcement Learning from Human Feedbacks



Benefit of RLHF

Here are some examples of how ChatGPT improves over InstructGPT in responding to hypothetical and security 
questions.





Motivation: Alignment

The three H’s of Model Desiderata



Motivation: Alignment

The three H’s of Model Desiderata

● Helpful:

○ The AI should help the user solve their task (e.g. answer 

their questions)



Motivation: Alignment

The three H’s of Model Desiderata

● Helpful:

○ The AI should help the user solve their task (e.g. answer 

their questions)

● Honest:

○ The AI should give accurate information

○ The AI should express uncertainty when the model doesn’t 

know the answer, instead of hallucinating a wrong answer



Motivation: Alignment

The three H’s of Model Desiderata

● Helpful:
○ The AI should help the user solve their task (e.g. answer their 

questions)

● Honest:
○ The AI should give accurate information

○ The AI should express uncertainty when the model doesn’t 
know the answer, instead of hallucinating a wrong answer

● Harmless:
○ The AI should not cause physical, psychological, or social harm 

to people or the environment



Reinforcement Learning from Human Feedback

(RLHF)
An early example in Summarization (before LLMs) 



Stage 3: RLHF

Learning to summarize from human feedback. https://arxiv.org/pdf/2009.01325



Optimizing for human preferences

● for example, in summarization task given each LM sample s, 

● we have a human reward of the summary: R(s), higher is better.

● Now we want to maximize the expected reward of samples from our LM.

a good response a bad responseA text need to be summerzied 



How do we model human preferences?

Problem 1: human-in-the-loop is expensive!

Solution: instead of directly asking humans for preferences, model their 

preferences as a separate (NLP) problem! [Knox and Stone, 2009]

Train an RM to predict 

human preferences 

from an annotated 

dataset.

https://dl.acm.org/doi/abs/10.1145/1597735.1597738


Reinforcement learning to the rescue
● The field of reinforcement learning (RL) has 

studied these (and related) problems for many years 

now [Williams, 1992; Sutton and Barto, 1998] 

● Circa 2013: resurgence of interest in RL applied to 

deep learning, game-playing [Mnih et al., 2013] 

● But the interest in applying RL to modern LMs is an 

even newer phenomenon [Ziegler et al., 2019; 

Stiennon et al., 2020; Ouyang et al., 2022]. Why? 
○ RL w/ LMs has commonly been viewed as very hard to 

get right (still is!) 
○ Newer advances in RL algorithms that work for large 

neural models, including language models (e.g. PPO; 
[Schulman et al., 2017])

https://link.springer.com/article/10.1007/BF00992696
https://login.cs.utexas.edu/sites/default/files/legacy_files/research/documents/1%20intro%20up%20to%20RL:TD.pdf
https://arxiv.org/abs/1312.5602
https://arxiv.org/abs/1909.08593
https://proceedings.neurips.cc/paper/2020/hash/1f89885d556929e98d3ef9b86448f951-Abstract.html
https://proceedings.neurips.cc/paper_files/paper/2022/hash/b1efde53be364a73914f58805a001731-Abstract-Conference.html
https://arxiv.org/abs/1707.06347


How do we model human preferences?

Problem 2: human judgments are noisy and miscalibrated!

Solution: instead of asking for direct ratings, ask for pairwise comparisons, which 
can be more reliable [Clark et al., 2018]

https://dl.acm.org/doi/abs/10.1145/3171221.3171289


An overall picture of RLHF

Learning to summarize from human feedback. https://arxiv.org/pdf/2009.01325



RLHF provides gains over pretraining + finetuning

Stiennon, Nisan, et al. "Learning to summarize with human feedback." Advances in Neural Information Processing Systems 33 

(2020): 3008-3021.



InstructGPT: scaling up RLHF to tens of thousands of tasks

Ouyang, Long, et al. "Training language models to follow instructions with human feedback." Advances in Neural Information 

Processing Systems 35 (2022): 27730-27744.



InstructGPT: scaling up RLHF to tens of thousands of tasks

Tasks collected from labelers:

● Plain: They simply ask the labelers to come up with an arbitrary task, while ensuring the tasks had 

sufficient diversity.

● Few-shot: They ask the labelers to come up with an instruction, and multiple query/response pairs for 

the instructions.

● User-based: They had a number of use-cases stated in waitlist applications to the OpenAI API. They 

asked labelers to come up with prompts corresponding to these use cases.



Biases of human feedback

A work to systematically investigate biases during feed from our 
team



Biases of human feedback

A work to systematically investigate biases during feed from our 
team



InstructGPT+Chat ≈ ChatGPT



ChatGPT: Instruction Finetuning + RLHF for dialog 

agents

Note: OpenAI are 

keeping more details 

secret about ChatGPT 

training (including data, 

training parameters, 

model size)

https://openai.com/blog/chatgpt

(Instruction finetuning!)



ChatGPT: Instruction Finetuning + RLHF for dialog 

agents

Note: OpenAI are 

keeping more details 

secret about ChatGPT 

training (including data, 

training parameters, 

model size)

https://openai.com/blog/chatgpt

(RLHF!)



Instruction tuning in multi-turn

（Conversation）



An important Human-ChatGPT conversation data



Why ShareGPT is great ?

● User questions/instructions are real!

● Users share it because they like the responses from 

ChatGPT, it implicitly annotate the data as positive!

However, ShareGPT is not able to be downloaded since April;

we have limited ShareGPT data, which is not scalable.



Our solution: PlatoLM

Chuyi Kong and Yaxin Fan and Xiang Wan and Feng Jiang and Benyou Wang. PlatoLM: Teaching LLMs via a Socratic Questioning User Simulator. 

ArXiv 2308.11534



Why it is called “PlatoLM”

Socratic question: teach someone by repeatedly asking 



It ranks second in Alpaca-Eval

https://tatsu-lab.github.io/alpaca_eval/



More insights on Pre-

training, SFT, and RLHF

Pre-training vs. SFT



Pretraining and SFT

Pretraining

Data: plain corpora without structures

Calculated loss on: learning from every tokens

Usually it is task-independent, and data scale is large

SFT

Data: instruction, input, output

Calculated loss on: On learning from output, but conditioned on instruction, 

input

Usually it is task-specific, and data scale is large



Backtranslation：transform pre-training data to SFT

Transform pre-training to supervised finetuning 



Backtranslation：transform pre-training data to SFT

Learning become more knowledge-intensive!



More insights on Pre-

training, SFT, and RLHF

SFT vs. RLHF



SFT memorizes and RL generalizes 

Visual navigation environment V-IRL

SFT Memorizes, RL Generalizes: A Comparative Study of Foundation Model Post-training . https://arxiv.org/pdf/2501.17161



Comparison

● Complexity： SFT<RLHF

● Stability: RLHF<SFT

● Dependency on human prior: 
○ SFT (step-wised guidance)

○ Learn from human preference (outcome preference)

○ Deepseek R1 Zero : Learn from rule-based rewards (outcome corrects) 



Incentivizing it, do not teach

● Imitation learning (SFT) The given Reponses might introduce biases 

since we like data-driven learning than human prior  in LLMs and DL.

● Incentivizing via the final rewards (rule-based reward)
○ See AlphaGo Zero and Deepseek R1 Zero; 

○ Learning from human records might not outperform humans; 

○ Learning from output verification might emerge some new patterns.
Next lecture, we will discuss RL that learns from rewards
DeepSeek R1 zero just skip SFT, it directly do DL over base models.



Small LLMs?



Scale up forever？

- Data is nearly over

- “We only have on internet”, says Ilya Sutskever

- Model scales become saturated due to the hardware

- A single GPU server (80*8) can only deploy a model up to 700B 

using INT8 quantization. 

Scaling law  -> Densing law!

Chaojun Xiao , Jie Cai , Weilin Zhao , Guoyang Zeng , Biyuan Lin , Jie Zhou , Zhi Zheng, Xu Han , Zhiyuan Liu , 

Maosong Sun. Densing Law of LLMs. https://arxiv.org/pdf/2412.04315



Interestingly, small language model becomes popular

[1] MobileLLM: Optimizing Sub-billion Parameter Language Models for On-Device Use Cases. 

https://arxiv.org/pdf/2402.14905.pdf

[2] MobiLlama: Towards Accurate and Lightweight Fully Transparent GPT. https://arxiv.org/abs/2402.16840

[3] MobileVLM : A Fast, Strong and Open Vision Language Assistant for Mobile Devices

https://arxiv.org/abs/2312.16886. 

[4] TinyLlama: An Open-Source Small Language Model. https://arxiv.org/abs/2401.02385

TinyLLaMA: 1.1B

MobileVLM: 1.4B and 2.7B

MobiLlama 0.5B

MobileLLM: 0.1B and 0.3B

https://arxiv.org/pdf/2402.14905.pdf
https://arxiv.org/abs/2402.16840
https://arxiv.org/abs/2312.16886


Small Language models (Phi-4) using synthetic data 

https://techcommunity.microsoft.com/blog/aiplatformblog/introducing-phi-4-microsoft%E2%80%99s-newest-small-language-model-specializing-in-

comple/4357090



Dense Laws

Chaojun Xiao , Jie Cai , Weilin Zhao , Guoyang Zeng , Biyuan Lin , Jie Zhou , Zhi Zheng, Xu Han , Zhiyuan Liu , Maosong Sun. Densing Law of LLMs. 
https://arxiv.org/pdf/2412.04315

The maximum capability density of LLMs doubles approximately every 3.3 months

Be denser
- Better performance
- Less parameters



Final remarks



Ilya Sutskever says scaling (pretraining) will end

https://youtu.be/1yvBqasHLZs



What should we do in the future?

● Find a new scaling law?

○ Test-time scaling (more thinking token), see DeepSeek R1 with deep thinking

○ Scaling environment and interaction

● Agents: using tools to extend its abilities

● Go for denser models

○ Achieve a given accuracy with smaller models

● Applications (last mile to go)

○ Use LLMs for your own problems.

■ Medicine, math, education, science, engineering, etc.

○ Improve interactions with LLM/agents (Human-agent interaction)

■ Brain-machine interface

■ VR/AR
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● "Understanding Transformers, the Data Processing Units of the AI Age", 
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● "Advancements in Natural Language Processing: Insights from AI Research", 
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Why does it Work?


