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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 &A%

s BT E. B8 f)1E
* GPT-5.4 Thinking and GPT-5.4 Pro (today)

Al Is so much fast!
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Video GGeneration

https://seed.bytedance.com/en/seedance? 0
https:.//seedance?2.ai/



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

OpenClaw

OpenClaw

THE Al THAT ACTUALLY DOES THINGS.

Clears your inbox, sends emails, manages your calendar, checks you in for flights.

All from WhatsApp, Telegram, or any chat app you already use.

) WhatltDoes

@

Runs on Your Machine

Mac. Windows, or Linux. Anthropic,
OpenAl, or local models. Private by
default—your data stays yours.

®

Browser Control

t can browse the web, fill forms,
and exfract data from any site.

https:.//openclaw.ai/

®)

Any Chat App
Talk to it on WhatsApp. Telegram,

Discord, Slack, Signal, or iMessage.

Works in DMs and group chats.

>

Full System Access

Read and write files, run shel
commands, execute scripts. Full

access or sandboxed—your choice.

®

Persistent Memory

Remembers you and becomes
uniguely yours. Your preferences,
your confext, your Al

Ry

Skills & Plugins

Extend with community skills or
build your own. It can even write its
own.



How OpenClaw Is popular!
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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.

B




A video you must watch

The more structure imposed by humans, the less scalable the method is

Performance

)

More structure o

Compute

typicallygstantsiofifguicklyA
MR BAS S

Reducing inductive bias (local or recurrent bias) and take full attention!

https://www.youtube.com/watch?v=kYWUEV _e2ss
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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,

Scaling Laws for Neural Language Models

Jared Kaplan *

Johns Hopkins University, OpenAl

jaredk@jhu.edu

Tom Henighan
OpenAl

henighan@openai.com

Scott Gray
OpenAl

scott@openai.com

Tom B. Brown
OpenAl

tom@openai.com

Alec Radford
OpenAl

alec@openai.com

Sam McCandlish*
OpenAl

sam@openai.com
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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
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Model scale (training FLOPs)
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What are LLMSs



Think about that:

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

Just larger?



What is an LLM (one model for nearly everything)

Large language models are trained to solve
common language problems, like...

Text Question Document Text
classification answering summarization generation
problems in different fields, like...
7 = Trained with
a relatively small
size of field
et datasets
Retail Finance Entertainment

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 We1’ Rule of thumb

language models can do (with decent accuracy) most things
that an average human can do in 1 minute.

https://ai4dcomm.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 (ol1-like thinking)

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

Qiguang Chen, Libo Qin, Jiagi 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

Think of it like compressing the internet.

~140GB file

Chunk of the internet, 6,000 GPUs for 12 days, ~$2M
~10TB of text ~1e24 FLOPS

MacBook %‘
r

< llama-2-70b

parame ters

1 1
l l

140GB ~500 lines
of C code




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

Ruth Marianna Handler (née Mosko; November 4, 1916 — April 27,
2002) was an American businesswoman and inventor. She is best
known for inventing the Barbie doll in 1959,?! and being co-founder
of toy manufacturer Mattel with her husband Elliot, as well as serving
as the company's first president from 1945 to 1975.5°!

Ruth Handler

The Handlers were forced to resign from Mattel in 1975 after the
Securities and Exchange Commission investigated the company for
falsifying financial documents. /%]

Early life [edi]

Ruth Marianna Mosko!®I?I'3l was born on November 4, 1916, in
Denver, Colorado, to Polish-Jewish immigrants Jacob Moskowicz, a

Handler in 1961

. . . . Born Ruth Marianna Mosko
blacksmith, and Ida Moskowicz, née Rubenstein.©!
November 4, 1916
She married her high school boyfriend, Elliot Handler, and moved to Denver, Colorado, U.S.
Los Angeles in 1938, where she found work at Paramount.[’] Died April 27, 2002 (aged 85)!"]

Los Angeles, California, U.S.



How large Is large?



models

How Large are “Large” LMs?

parameters

ELMo small

ELMo medium

ELMo original

ELMo large corpus size

Bert base -

Bert multilingual base -
Bert large -

GPT -

GPT-2 small 1

ELMo

ELMo large
Bert

Bert multilingual

GPT-2 medium - GPT
GPT-2 large GPT-2
GPT-2 extra large - GPT-3
GPT-3 small
GPT-3 medium
GPT-3 large
GPT-3 extra large
GPT-3 « GPT-3 »

models

10° 10" 10" 10"
tokens

T T —r YT v T

10 10 10° 10 10
number of parameters

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

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



Large Language Models - yottaFlops of Compute

Al training runs, estimated computing resources used FLOPs: floating point operations
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https://web.stanford.edu/class/cs224n/slides/cs224n-2023-lecturell-prompting-rihf.pdf



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

« T5era
> 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

200 1.4
Billion Trillion
3 30
i gillion  Bilon '
| . o
13 y.0. BERT RoOBERTa GPT-3 Chinchilla
Human (2018) (2019) (2020) (2022)
# tokens seen during training LLaMA 2/PalLM 2/Mistral

https://babylm.qgithub.io
/



https://babylm.github.io/

3 Pre-training

In this section, we describe the construction of our pretraining data, the details of our pretraining
approach, and present experimental results from evaluating the base models on standard benchmarks.

3.1 Pre-training Data

Compared with Qwen2.5 (Yang et al., 2024b), we have significantly expanded the scale and diversity of
our training data. Specifically, we collected twice as many pre-training tokens—covering three times

more languag a large and diverse dataset consisting of 119 languages
and dialects, with a total of 36 trillion tokens. |This dataset includes high-quality content in various

domains such as coding, STEM (Science, Technology, Engineering, and Mathematics), reasoning tasks,
books, multilingual texts, and synthetic data.

To further expand the pre-training data corpus, we first employ the Qwen2.5-VL model (Bai et al., 2025)
to perform text recognition on a large volume of PDF-like documents. The recognized text is then refined
using the Qwen2.5 model (Yang et al., 2024b), which helps improve its quality. Through this two-step
process, we are able to obtain an additional set of high-quality text tokens, amounting to trillions in total.
Besides, we employ Qwen2.5 (Yang et al., 2024b), Qwen2.5-Math (Yang et al., 2024c), and Qwen2.5-Coder
(Hui et al., 2024) models to synthesize trillions of text tokens in different formats, including textbooks,
question-answering, instructions, and code snippets, covering dozens of domains. Finally, we further
expand the pre-training corpus by incorporating additional multilingual data and introducing more
languages. Compared to the pre-training data used in Qwen2.5, the number of supported languages has
been significantly increased from 29 to 119, enhancing the model’s linguistic coverage and cross-lingual
capabilities.

We have developed a multilingual data annotation system designed to enhance both the quality and
diversity of training data. This system has been applied to our large-scale pre-training datasets, annotating
over 30 trillion tokens across multiple dimensions such as educational value, fields, domains, and safety.
These detailed annotations support more effective data filtering and combination. Unlike previous
studies (Xie et al., 2023; Fan et al., 2023; Liu et al., 2024b) that optimize the data mixture at the data source
or domain level, our method optimizes the data mixture at the instance-level through extensive ablation
experiments on small proxy models with the fine-grained data labels.

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 J517)
<+ The Qwen3-Max model has over 1 trillion parameters and
was pretrained on 36 trillion tokens.



Why LLMs?



LM vs. LLM

Quantitatively

Number of model parameters
l.e. ~10-100 Billion

Language Models

Large Language
Models

Qualitatively

Emergent properties!!
l.e. Zero-shot learning




Why Larger language models

e More world knowledge (LAMA)
o  Language models as knowledge base?

e Larger capacity to learn problem-solving Abilities
o  Coding, revising articles, reasoning etc.

e Better generalization to unseen tasks

(A) Math word (B) Instruction
problems following (C) 8-digit addition 3 (D) Calibration
25 =
= 5 T8 100 Z
é 20 deD Instruction 2 10()
g 2 S i
£ 15 g : .
apg= ~ Ab = Y >, 60 O
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Z 5 & 40 < 20 = o
n S =
S i s cnie 30 B s v, N
1021 1022 1023 1024 1021 1022 1023 1024 1019 102() 1021 D‘\c 1022 1023 1024

Model scale (training FLOPs)

Figure 3: Specialized prompting or finetuning methods can be emergent in that they do not have a positive
effect until a certain model scale. A: Wei et al. (2022b). B: Wei et al. (2022a). C: Nye et al. (2021). D:
Kadavath et al. (2022). An analogous figure with number of parameters on the x-axis instead of training
FLOPs is given in Figure 12. The model shown in A-C is LaMDA (Thoppilan et al., 2022), and the model

Jared Kaplan_et. al Scaling Laws for Neural Language Models
shown in D is from Anthropic.

Jason Wei et. Al. Emergent Abilities of Large Lanquage 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

Input
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Model seale (training FLOPs)



Example of Emergent abilities: Few-shot prompting

Input
s ™
Review: This movie sucks. Output
Sentiment: negative. Language
. ) positive.
Review: | love this movie. model
Sentiment:
L A

> 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

The capability of a (machine learning) model to complete a task it was not explicitly trained to do

Old Way
(Supervised learning)

Train model on 1k-1M labelled examples

Input Label

Hello English

Hola Spanish
How’s it going? English
Esta Bien Spanish

New Way
(Self-supervised learning)

Train (very large) model on (very large) corpus

ﬁ

English Corpus E
ﬁ /

Self-supervised
Training
Spanish Corpus



Why LLMs?

Generalization ;
One single model to solve many NLP tasks

["translate English to German: That is good."

"Das ist gut."]
course is jumping well."

[ "cola sentence: The

"not acceptable”

"stsb sentencel: The rhino grazed
on the grass. sentence2: A rhino
is grazing in a field."

"summarize: state authorities
dispatched emergency crews tuesday to
survey the damage after an onslaught

of severe weather in mississippi.."

"six people hospitalized after
a storm in attala county.”

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



LLMs start to generalize to difficult tasks when it becomes large

GPT-4 over ChatGPT 3.5

Exam results (ordered by GPT-3.5 performance)

apt-4

: gpt-4 (no vision)

1Eﬂs(l;:nal:exi percentile lower bound (among test takers) gpt3.5 ]
o =

40% —

[Sparks of Artificial General Intelligence: Early experiments with GPT-4, Bubuck et al. 2023]

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



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.

Train Test

oW A

White Cat Black Dog Black Cat



Emergent ability: RL only works when models scale

Mean Zero-Shot Accuracy

—®— Plain Language Model
0.61 _¢— RLHF

©
wn

Mean Eval Acc
(@]
N

0.3 -
0.2 -
0 1% | 109  10©
umber of Parameters
RLHF helps
RLHF hurts performance
performance

https://arxiv.org/abs/2204.05862



https://arxiv.org/abs/2204.05862

Some basics for large language models

o Scalable network architecture (Transformer vs. CNN/RNN)
o Scalable objective (conditional/auto-regressive LM vs. Masked LM)

..........

llllllllll

T
100p
CCCCCCC

o Scalable data (plain texts are everywhere vs. supervised data)
o The fossil fuel (data) seems over.

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



A case from ChatGPT



From 2020 GPT-3 to 2022 ChatGPT

l Large-scale language model pretraining
Training on code

17 GPT-3 Initial _l Instruction tuning

GPT-3 Series Codex Initial InstructGPT Initial
' |
1 l LM + code training then instruction tuning

GPT-3.5 Series l Supervised instruction tuning

RLHF —— —] RLAF

https://yaofu.notion.site/How-does-GPT-Obtain-its-Ability-Tracing-Emergent-Abilities-of-Language-Models-to-their-Sources-b9a57ac0fcf74f30alab9e3e36faldcl



Three important abilities that the initial GPT-3 exhibit

dLanguage generation: follow a prompt and then generate a completion of the given prompt.
d1In-context learning: Follow a few examples of a given task and then generate the solution for a new test case.

dWorld knowledge: including factual knowledge and commonsense.

Where do these abilities come from?
Large-scale pretraining [175B parameters model on 300B tokens]

e Language generation ability comes from the language modeling training objective,

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

..  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
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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%

i ' FAR&13ER 10075 FRES
Microsoft invests 10B dollars to OpenAl RT3 S
New Bing and Office used ChatGPT » Copilot: 6°H

o + DALLE: 2598
BHR A% in China - ChatGPT: 5%

« Netflix - 411°HB

« Twitter - 2418

« Facebook - 101NH
« Instagram - 2.51°H




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

Model Name Nparams Mayers @model Theads @head Batch Size Learning Rate
GPT-3 Small 125M 12 768 12 64 0.5M 6.0 x 1074
GPT-3 Medium 350M 24 1024 16 64 0.5M 30x10™*
GPT-3 Large 760M 24 1536 16 96 0.5M 2.5 %1074
GPT-3 XL 1.3B 24 2048 24 128 IM 2.0 x 1074
GPT-3 2.7B 2.7B 32 2560 32 80 1M 1.6 x 10~
GPT-36.7B 6.7B 32 4096 32 128 2M 1.2 %1074
GPT-3 13B 13.0B 40 5140 40 128 2M 1.0 x 104
GPT-3 175B or “GPT-3" 175.0B 96 12288 96 128 3.2M 0.6 x 1074

Four models released by OpenAl:

Language models

Base models

Ada rastest Babbage Curie Davinci Most powerf

S0.0004 /i tovene $0.0005 /i toren: $0.0020 /¢ torene $0.0200 /s toren

Multiple models, each with different capabilities and price points.
Ada is the fastest model, while Davinci is the most powerful.



The Size of ChatGPT
The size of Davinci (GPT 3) could be 175B

Model LAMBADA ppl | LAMBADA acc 1 Winogrande 1 Hellaswag 1 PIQA 1

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 OpenAl API Models, https://blog.eleuther.ai/gpt3-model-sizes/



The Size of GPT4

Parameter scale: GPT-4 i1s 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. OpenAl'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!!l 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

Timeline to ChatGPT

Date Milestone

11/Jun/2018 GPT-1 announced on the OpenAl blog.
14/Feb/2019 GPT-2 announced on the OpenAl blog.
28/May/2020 Initial GPT-3 preprint paper published to arXiv.
11/Jun/2020 GPT-3 API private beta.

22/Sep/2020 GPT-3 licensed to Microsoft.

18/Nov/2021 GPT-3 API opened to the public.

27/Jan/2022 InstructGPT released, now known as GPT-3.5. InstructGPT pre
paper Mar/2022.

28/Jul/2022 Exploring data-optimal models with FIM, paper on arXiv.
I > - I 1/Sep/2022 GPT-3 model pricing cut by 66% for davinci model.
21/Sep/2022 Whisper (speech recognition) announced on the OpenAl blog.

28/Nov/2022 GPT-3.5 expanded to text-davinci-003, announced via email:

1. Higher quality writing.
2. Handles more complex instructions.
3. Better at longer form content generation.

2022. LifeArchitect.al

30/Nov/2022 ChatGPT announced on the OpenAl blog.

Next... GPT-4...

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



Techniques of ChatGPT

e Phase 1: pre-training
o Learn general world knowledge, ability, etc.

o Phase 2: Supervised finetuning
o  Tailor to tasks (unlock some abilities)

e Phase 3: RLHF

o  Tailor to humans
o Evenyou 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



Step 1

Techniques of ChatGPT

Collect demonstration data,
and train a supervised policy.

Apromptis
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

This data is used
to fine-tune GPT-3
with supervised
learning.

Explain the moon

landing to a & year old

|
Y

)

Z

Some people went
to the moon...

Step 2

Collect comparison data,
and train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks
the outputs from
best to worst.

This data is used
to train our
reward model.

\

Explain the moon

landing to a & year old

0 o

Explain gravity. Exglain war...

o 0

Mean is natural
satellite of . the moan...

People went to

J

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt
is sampled from
the dataset.

The policy
generates
an output.

The reward model
calculates a
reward for

the output.

The reward is
used to update
the policy
using PPO.

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

™

Write a story
about frogs

- —



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

<USER>

Can you write a short introduction about the relevance of the
term “monopsony” in economics? Please use examples related
10 potential monopsonses in the labour market and cite relevant

<ASSISTANT>
*Monopsony” refers 10 a market structure where there is only
one buyer for a particular good or service. In economics, this
term is particularly relevant in the labor market, where a

y employer has sigr power over the wages and
working of their The ofa

MONOPSONY can resull In lower wages and reduced empioyment
opportunities for workers, as the employer has ittle incentive 1o
InCrease wages or provide betler working conditions.

Train ChatGPT

every
~year

every
~week

Stage 1: Pretraining

1. Download ~10TB of text.

2. Get a cluster of ~6,000 GPUs.

3. Compress the text into a neural network, pay
~$2M, wait ~12 days.

4. Obtain base model.

Stage 2: Finetuning

1. Write labeling instructions

2. Hire people (or use scale.ai!), collect 100K high

quality ideal Q&A responses, and/or comparisons.
3. Finetune base model on this data, wait ~1 day.

4. Obtain assistant model.

5. Run a lot of evaluations.

6. Deploy.

7. Monitor, collect misbehaviors, go to step 1.




GPT-4

What’s new?

1 Make progress towards multilingualism: GPT-4 is able to answer thousands of multiple-choice questions in
26 languages with a high degree of accuracy.

1 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.

d  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 OpenAl

1 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.

1 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.

1 OpenAl 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:
o Very careful data cleaning, filtering, selection strategies (training is expensive)
o Plain corpora(https://github.com/esbatmop/MNBVC)
o Transferable SFT data (instruction tuning)
o human feedback data (model-dependent, non Transferable)

Algorithms
o Has some open-source implementation in general
o  Engineering work is not easy (including training tricks and efficient deployment)
o Releasing a model is easy, keeping polishing it is not!

Talents (first-tier young researchers, average age of Open Al guys is 32)
<OpenAl ChatGPTHIBAILEFATHRS>. AminerfIEEAZT.2023.02

(This slide is from one year ago!)
We (China) are on the same line with OpenAl



Difficulties to Replicate ChatGPT

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



GPT-4V

@OpenAI

GPT-4 visual input example, Chicken Nugget Map:

 Model Details: Unknown Tser

 Capability: Strong zero-shot visual understanding & reasoning
on many user-oriented tasks in the wild

 How can we build Multimodal GPT+4 like models?

GPT-4 visual input example, Extreme Ironing:

User What is unusual about this image?

GPT-4

Source: https://wuw.barnorama.com/wp-content/uploads/2016/12/03- Confusing-Pictures. jpg

GPT-4 The unusual thing about this image is that a man is ironing clothes on an ironing
board attached to the roof of a moving taxi.

Can you explain this meme?

Sometimes | just look at pictures of
the earth from space and | marvel at
how beautiful it all is.

This meme is a joke that combines two unrelated things: pictures of the earth from
space and chicken nuggets.

The text of the meme suggests that the image below is a beautiful picture of the
earth from space. However, the image is actually of chicken nuggets arranged to
vaguely resemble a map of the world.

The humor in this meme comes from the unexpected juxtaposition of the text and
the image. The text sets up an expectation of a majestic image of the earth, but the
image is actually something mundane and silly.

GPT-4 Technical Report, OpenAl



Sora

Video generation models as world simulators

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

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

o« Duration Extension: Can extend the length of videos.

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

e Versatility: Handles various durations, resolutions, and aspect ratios by converting visual data
into spacetime patches.

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

limitations and challenges.
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Open O1

[[] ChI(GPT ol preview (E) ’_&)

Despite growing awareness of climate change, individual behavior
changes (e.g., reducing carbon footprint, adopting sustainable
practices) remain slow and inconsistent. Explore the psychological
and social barriers that prevent widespread adoption of climate-
friendly behaviors, and design an intervention that could
effectively shift public behavior on a large scale.

@ Thought for 8 seconds ~

Understanding barriers

I'm piecing together the psychological and social obstacles hindering broad
acceptance of climate-friendly actions, like the slow adoption of sustainable practices
despite climate change awareness.

Examining barriers

I'm thinking through psychological and social barriers to adopting eco-friendly habits.
This includes cognitive dissonance, optimism bias, temporal discounting, perceived
behavioral control, and habits. Social norms, cultural values, lack of visible leadership,
and information overload also play a role.

Shifting public behavior
I'm thinking through interventions that tackl . arriers and influence behavior, like social

Message ChatGPT & i



How to use LLMs?
prompt Engineering, model fine-tuning and tratning-from-scrateh



How to use LLMs?
Level 1: Prompt Engineering and agents



Prompt Engineering

Using an LLM out-of-the-box (i.e. not changing any model parameters)

Easy Way
(ChatGPT)

©

F'! How do | Prompt Engineer?

@ To prompt an engineer effectively, follow these guidelines:

Less Easy Way
(OpenAl API, Hugging Face)

Reque

st
“Listen to your" /-\

[ =3
You K_/ R?::::‘.se OpenAl

~ Hugging Face




Agent

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

Short-term memory

Long-term memory

Calendar ()

Calculator ()

CodeInterpreter()

3

Search()

...more

Tools |e—

A
Memory F----- s i 1
| Y
|
T ; —»| Reflection
Agent [ Planning » Self-critics
l —»| Chain of thoughts
Action —»| Subgoal decomposition

https://docs.google.com/presentation/d/1xCQIlcZ_SAdOZWBE_nf6szjoTYjVICqL8W2eB79qK154g/edit?usp=sharing




Agent: Tool use

Algorithm 1 API call process

1: Input: us < UserStatement
2: if API Call is needed then

o = —————— 3: while API not found do
e - 1 ) A | 4. k d ;
x % HuggingGPT | LLM as Controller % HuggingFace | 5. a;i-’ ‘i"";ef”:hf’,;;"y’;‘z;‘;f,‘;(“s)
1 ‘ ‘ 6: if Give Up then
Can you describe what this picture depicts ! I Task — " 7 break
and count how many objects in the picture? ! Pl ais = = - ; ' 8: end if
; = 2 1 wheone - A ! 9:  end while
| Prediction % facebook/ ‘ 10: if API found then
l - |- : . ! 11: api_doc < api.documentation
; Gelrrener ].'LJ f 12: while Response not satisfied do
| T Ak 13: api_call < gen_api_call(api_doc, us)
it AR ¢ ! II Model 4 B : 14: api_re + execute_api_call(api_call)
| Atext can describe the given image: a herd of ‘ Selection »| Il Task Execution : 15: if Give Up then
giraffes and zebras grazing in a fields. In L=\ = f 16: break
addition, there are five detected objects as 1 . ‘ | 17: end if
giraffe with score 99.9%, zebra with score 99.7%, zebra | | f 18: end while
with 99.9%, giraffe with score 97.1% and zebra with : p— “ nipconnet/ | 19: end if
score 99.8%. | have generated bounding boxes as above | Prediction vit-gpt2-image-captioning : 20: end if
image._l perfor.med image Flassific?ti.on, object . : I\ Response T ——— : 21: if response then
;i::epc:;:? c:ir;: 5"2:82' captain on this image. Combining 4'_ Generation | ’ 29 re « generate_response (api_re)
) and ¥ ' : 23: else
models, | get the results for you. L ) i 24: re + generate_response()
SR T e T R A R D S S O S R R R CE 25: end if
26: Output: ResponseT'oU ser
HuggingGPT (Shen et al. 2023) is a framework to use ChatGPT as the task API-Bank (Li et al. 2023) : A benchmark for evaluating
planner to select models available in HuggingFace platform according to the the performance of tool-augmented LLMs. It contains 53
model descriptions and summarize the response based on the execution commonly used API tools, a complete tool-augmented
results. LLM workflow, and 264 annotated dialogues that involve

568 API calls.


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

Langchain

W Starred 615k

+ 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.

Model I/O

Format Predict Parse

X = “foo”, y = “bar”

“Does foo like bar, LLM :

i = e y
“reason”; "Because ... v
- ) Chat :
Does {x} like {y}, Model
and why?"

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



DIFY

https://dify.al/

Build Generative
Al Apps with Our
Advanced Open-
Source Stack

Streamline Processes, Simplify Workflows,
and Enhance Value Delivery.

() GitHub B Discover Architecture

Dify Orchestration Studio

Visually design Al Apps in an All-in-One
workspace.

i Dpify.
&  Promer

PROMPT

& Contont

[y Moosson- cveatian .

* ool

o0EBU0 A

usen

B

RAG Pipeline

Fortify apps securely with reliable
data pipelines.

Enterprise LLMOps

Monitor and refine model
reasoning, record logs, annotate

data, and fine-tune models.

&
LLM Agent

Custom Agents that independently
use various tools to handle complex

tasks.

Prompt IDE

Empower the design, testing, and
refinement of advanced prompts.

®

Baas Solution

Backend as a Service: Integrate Al
into any product with our

comprehensive backend APIs.

@

Workflow

Orchestrate Al workflows for more
reliable and manageable results

The Innovation Engine for GenAl Applications
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OpenClaw A Jy %R

OpenClaw

THE Al THAT ACTUALLY DOES THINGS.

Clears your inbox. sends emails, manages your calendar, checks you in for flights.

All from WhatsApp, Telegram, or any chat app you already use.

) WhatltDoes

@

Runs on Your Machine

Mac. Windows, or Linux. Anthropic,
OpenAl, or local models. Private by
default—your data stays yours.

®

Browser Control

It can browse the web, fill forms,

and exfract data from any site.

Locally-deployed personal assistant

®)

Any Chat App

Talk to it on WhatsApp. Telegram,

Discord, Slack, Signal, or iMessage.

Works in DMs and group chats.

>

Full System Access

Read and write files, run shel

commands, execute scripts. Full

access or sandboxed—your choice.

®

Persistent Memory

Remembers you and becomes
uniguely yours. Your preferences,
your confext, your Al

Ry

Skills & Plugins

Extend with community skills or
build your own. It can even write its
own.



Homework

< RNRE

i®1ll | OpenClaw
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Try Openclaw yourself

573 | OpenClaw % F| %%, 499—&
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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

o Phase 0: Word Tokenization
e Phase 1: Pre-training

o Learn general world knowledge, ability, etc.
e Phase 2: Supervised finetuning

o  Tailor to tasks (unlock some abilities)

e Phase 3: RLHF

o  Tailor to humans
o  Evenyou 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

] Lots of annotated Human judgements Chat-oriented data

EE Mz: asas b5 B

:} Q l‘ ,‘

°/‘4 S

davinci-
3.5-turbo
(ChatGPT)

davinci code- text- text-
davinci-002 davinci-002 davinci-003


https://chat.openai.com/

Steps of LLM training

4 N ([ N e ~

Recognize TextBook
Words Reading

-l 2N 2N J

A 4

A 4

Teachers’ feedback

A 4

Doing Exercises

Tokenizer | Self-supervised | Instruction Reinforcement
Learning from

Training Pre-training Finetuning Human Feedback
N AN AN VN o

A
A
A 4




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.

(}1 [.'1‘2
-

What time ?

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



Tokenization

Punctualization-based

Tokenization Rule -.basgd
Tokenization

l Word-Level
Tokenization

Space-based
Tokenization

Tokenization
l Methods

SentencePiece
Character-Level
Tokenization

Subword

l— Tokenization l
l Unigram

WordPiece

Byte-Pair
Encoding(BPE)



Subword modeling

Sample Data:
"This i1s tokenizing."

Character Level

T hl i s 1 s t o k e n 1 z 1 n g

Word Level

This is tokenizing

Subword Level

This is token lizing



Tokenization

Tokenization Methods

Example Tokenizers

Considerations

Word-based tokenization Character-based tokenization

Space tokenization (split
sentences by space); rule-based
tokenization (e.g. Moses, spaCy)

Character tokenization (simply
tokenize on every character)

Downside: Generates

a very large vocabulary
leading to a huge
embedding matrix as the
input and output layer;
large number of out-of-
vocabulary (OOV) tokens;
and different meanings of
very similar words

Transformer models
normally have a
vocabulary of less than
50,000 words, especially if
they are trained only on a
single language

Lead to much smaller
vocabulary; no OOV (out
of vocabulary) tokens
since every word can be
assembled from individual
characters

Downside: Generates
very long sequences

and less meaningful
individual tokens, making
it harder for the model to
learn meaningful input
representations. However,
if character-based
tokenization is used on
non-English language, a
single character could be
quite information rich (like
“mountain” in Mandarin).

Subword-based tokenization

Byte-Pair Encoding (BPE);
WordPiece; SentencePiece;
Unigram (tokenizing by parts of
a word vs. the entirety of a word;
see table above)

+ Subword-based
tokenization methods
follow the principle that
frequently used words
should not be split
into smaller subwords,
but rare words should
be decomposed into
meaningful subwords

« Benefit: Solves the
downsides faced by
word-based tokenization
and character-based
tokenization and
achieves both reasonable
vocabulary size with
meaningful learned
context-independent
representations.



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.)

Unfriendly

un frienad ly

e The dominant modern paradigm is to learn a vocabulary of parts of words (subword tokens).
e At training and testing time, each word is split into a sequence of known subwords.



Subword-based
Tokenization
Methods

Description

Subword-based
Tokenization
Methods

Byte-Pair Encoding [Gage 1994]

o Originally used in machine translation
WordPiece

Unigram

SentencePiece

Considerations

Byte-Pair Encoding
(BPE)

One of the most popular
subword tokenization
algorithms. The
Byte-Pair-Encoding
works by starting

with characters, while
merging those that are
the most frequently
seen together, thus
creating new tokens. It
then works iteratively to
build new tokens out of
the most frequent pairs
it seesin a corpus.

BPE is able to build
words it has never

seen by using multiple
subword tokens, and
thus requires smaller
vocabularies, with less
chances of having “unk”
(unknown) tokens.

BPE is particularly
useful for handling rare
and out-of-vocabulary
words since it can
generate subwords for
new words based on the
most common character
sequences.

Downside: BPE can
result in subwords that
do not correspond to
linguistically meaningful

units.

WordPiece

Very similar to BPE.

The difference is that
WordPiece does not
choose the highest
frequency symbol

pair, but the one

that maximizes the
likelihood of the training
data once added to the
vocabulary (evaluates
what it loses by merging
two symbols to ensure
it's worth it)

WordPiece can be
particularly useful for
languages where the
meaning of a word can
depend on the context
in which it appears.

Unigram

In contrast to BPE /
WordPiece, Unigram
initializes its base
vocabulary to a large
number of symbols
and progressively trims
down each symbol
to obtain a smaller
vocabulary. It is often
used together with
SentencePiece.

Unigram tokenization

is particularly useful for
languages with complex
morphology and can
generate subwords

that correspond to
linguistically meaningful
units. However,
unigram tokenization
can struggle with rare
and out-of-vocabulary
words.

SentencePiece

The left 3 tokenizers
assume input text uses
spaces to separate
words, and therefore are
not usually applicable
to languages that don’t
use spaces to separate
words (e.g. Chinese).
SentencePiece treats
the input as a raw input
stream, thus including
the space in the set of
characters to use. It then
uses the BPE / Unigram
algorithm to construct
the appropriate
vocabulary.

SentencePiece can be
particularly useful for
languages where the
meaning of a word can
depend on the context
in which it appears.


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

Byte-pair encoding (BPE) [cage 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 dzYac XdXac
Z=aa Y=ab =7Y
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

Table 1: Tokenizer comparisons between original LLaMA and Chinese LLaMA.

Length Content

Original Sentence 28 ALFRATANAZ . CHEFZ . EFEMBRESOLLEM-
é i/f\-i ‘_I.’ »:.;Er& nﬁt‘.! ,,'a', T_l_& L—ﬁ‘ *’L‘} s;f;_}_! 5%5 ¢ *"':;,.,

k-

Original Tokenizer 35 *ﬂé’.’, ‘0 ¢L 7 0xES’, ‘Ox%’, ‘0xB2’, ‘&, “F’, ‘3, ‘A, ‘OxES’,
‘0x9E’, ‘0x8D’, ‘”3—”, ‘), <3, ‘0xES’, ‘0x8F, ‘UKB,‘}”, = & A
6 GA_I_%;:-IE.-& n _'I«-I_—ﬁ‘;} L] ajf—;l,,——-& < 51 ’,UEE,—ﬂ! ‘. 5}:.35—%5?
’é’f—" »:,——-;f—;l, i]ﬁi%bjiﬁﬁi’if’“ iﬂ',#?ﬁ_}_i,in

Chinese Tokenizer 16

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 tfor Arabic

feiiolin i€ 2SI Al g A Lla o e olibal oS3
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https://arabic.llmzoo.com/

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

‘ Abed Khooli -
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Jais and AceGPT
https://Inkd.in/dfonPQtw
https://Inkd.in/dme9strF
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azzly Ll agizl abg "Tilzll ime Lo” Jliw Lo &z uids all Gu el b

i

Apart from Arabic support in generative Al (ex. ChatGPT and B
Still, no authentic model that treats Arabic well (tokenization and

ard),

there are a couple open source models: Jais and AceGPT (links above).
corpora). The two images show the answer to the trending
#GenerativeAl question: what is the meaning of life

AceGPT provided an answer while Jais declined


https://arabic.llmzoo.com/

A broader sense of ‘token’

Vision Transformer (ViT)

MLP
Head
0 Acoustic tokens Semantic tokens _Unified tokens

90900
o000
000 000

Transformer Encoder

0000

* Extra learnable

[class] embedding Lmear PrOJectlon of Flattened Patches

ST T 1 |
mu—».ilmmwwg
AL s

||‘|||n| ||‘|||n| ||‘|||n| ||’|||u| ||‘|||||l ||’|I|n| ||‘||||||

Image token Speech token

©® .
Patch + Position J 1 ‘ ‘ @é @ 4‘ @5 SoundStream HuBERT
Embedding ™ ma .. . ' . g Encodec \\ W2VBERT \ SpeechTokenizer

ORF
ATCGCTATGCT\"""'Iers

[ATCGCTATGCT
ATCGCTATGCT
ATCGCTATCT
ATCGCTATGCT

.......... T ATCGICTATGC
D E v ATCGCTATGCT]
Sentence/ Text

ATCGCT TCGCTA CGCTAT GCTATG CTATGC

word word word

coding ORF vs non-coding

NLP: bag of words

ibgE

.......... <..}

genes (EH)

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://Onutation.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:V* > R*

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

f(Wywy)
f(Wiwp_1)

And  p(wowy - N = mfe e

been  got | never




What is language modeling?

A language model assigns a probability to a N-gram
f:V* > R*

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

g: (V1 yy 5 RY

And p(wnlwl '“Wn—l) — g(Wl '”Wn—lJW) — f(wqwy)

f(Wiwp_1)

p(w,|w; ---w,_4) is the foundation of modern large language models (GPT, ChatGPT, etc.)



Language model using neural networks

-

-

GPT-3/ChatGPT/GPT4 have
175B+ parameters

Humans have 100B+
neurons

ﬁlck-box neural networks:
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Data Engineering: sources

Source Type Tokens Words Bytes Docs
Pretraining ¢+ OLMo 2 1124 Mix
DCLM-Baseline Web pages 3.71T 3.32T 21.32T 2.95B
StarCoder
filtered version Code 83.0B 70.0B 459B  78.7TM
from OLMoE Mix
PeS?O] - Academic papers 58.6B 51.1B 413B  38.8M
arXiv STEM papers 20.8B 19.3B 77.2B 3.95M
OpenWebMath Math web pages 12.2B 11.1B 47.2B 2.89M
Algebraic Stack Math proofs code 11.8B 10.8B 44.0B 2.83M
Wildpedia & Wildbools:  Bneyelopedic 37B  3.16B  16.2B 6.17M
Total 3.90T 3.48T 22.38T 3.08B

Example data for OLMO 2

https://arxiv.org/pdf/2501.00656



Data Engineering: ratios

Quantity Weight in Epochs elapsed when

Dataset (tokens) training mix training for 300B tokens
Common Crawl (filtered) 410 billion 60% 0.44
WebText2 19 billion 22% 2.9
Booksl1 12 billion 8% 1.9
Books?2 55 billion 8% 0.43
Wikipedia 3 billion 3% 34

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

https://arxiv.org/pdf/2005.14165



Model Scale

Model Name Nparams  Mlayers @model TMheads @head Batch Size Learning Rate
GPT-3 Small 125M 12 768 12 64 0.5M 6.0 x 10~4
GPT-3 Medium 350M 24 1024 16 64 0.5M 3.0 x 10~4
GPT-3 Large 760M 24 1536 16 96 0.5M 2.5 x 104
GPT-3 XL 1.3B 24 2048 24 128 IM 2.0 x 1074
GPT-32.7B 2.7B 32 2560 32 80 IM 1.6 x 104
GPT-3 6.7B 6.7B 32 4096 32 128 2M 1.2 x 1074
GPT-3 13B 13.0B 40 5140 40 128 2M 1.0 x 104
GPT-3 175B or “GPT-3” 175.0B 96 12288 96 128 3.2M 0.6 x 10~

Table 2.1: Sizes, architectures, and learning hyper-parameters (batch size in tokens and learning rate) of the models

which we trained. All models were trained for a total of 300 billion tokens.

https://arxiv.org/pdf/2005.14165



Continue pretraining in LLMs (domain adaption)

o Domains for medicine, finance, etc. (HuatuoGPT)
o Languages like Arabic, Chinese etc. (AceGPT, Phoenix)
o More modality, audio, vision, etc. (ALLaVa, Soundwave, WaveMind )

Continue training a pre-trained LLMs might cause catastrophic forgetting

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.



Tips for LLM pre-training



Tip 1: Data filter

Select Pretraining Data

Toxic

Low
quality

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

Lo

How many positive three-digit integers less than 500 have at least two digits that are the same?

Criteria

Task Name: math puzzles

Format: This is a math question. First, analyze the question and give a brief analysis in the first
paragraph. Then, use a list to present the step-by-step solution. Next, give another list to output
a detailed explanation. Last, give the correct result and a conclusion.

-

-

Original Response

To solve this problem, | will count how many
three-digit numbers less than 500 have at

least two digits that are the same, and subtract

that from the total number of three-digit
numbers less than 500. The total number of
three-digit numbers less than 500 is 4 x 10 %
10 = 400, since the first digit can be 1, 2, 3, or
4, and the second and third digits

Therefore, the number of three-digit numbers
less than 500 that have no digits that are the
same is 4 x 9 x 8 = 288. This means that the
number of three-digit numbers less than 500
that have at least two digits that are the same
is 400 - 288 = 112.

h

-

v

.

ReAlign Response (Ours)

Analysis:
To solve the problem, we need to count ...

Solution:
1. Calculate the total number ...
2. Count the number of three-digit ...

Explanation:
- The first digit can be 1, 2, 3, or 4, and the ...

Result:
There are 112 three-digit numbers less than ...

Conclusion:
There are 112 positive three-digit integers ...

J

Figure 2: REALIGN realigns the original response with the pre-defined criteria to be a better format. The original
response is from the Open-Platypus (Lee et al., 2023) dataset. The complete version is shown in Tab. 13.

65 40
m— GSMeK (+4.85)  MATH
B+ ReAlign ; B+ ReAlign
& %
= (+9.86) =
“-O; 56,63 =30
£ : 0
g5 ;
< <
» 80 hd
£ Ly
3 3
45 15 14,48
40 - 10 ,
LLaMA-2-13B Mistral- 7B LLaMA-2-13B Mistrak7B

(a) GSMSK (b) MATH (OOD Setting)

Figure 1: The accuracy of the GSMS8K test set for LLaMA-2-13B and Mistral-7B models fine-tuned on the training
set of GSMBK and MATH with and without REALIGN. (a): Training and testing on GSMB8K. (b): Training on
MATH and testing on GSM8K (Out-of-Distribution Setting).

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!

Origin Dataset Alignment Dataset
Format Issues Well-Formatted
Arabic: =p=<i==D>3 p=: 2 #=/D><fi> s+ =g href="/wikilAnimated_cartoon” _
class="mw-redirect” Sl . I Arabic: " S el £5 e a gy Jolon g8 Mg e ga
English: =p==i=<p=Tom and Jerry=/b==/= is an American =a English: "Tom and Jerry" is an American animated cartoon series. .

href="fwikifAnimated_cartoon” class="mw-redirect"...

Unfair Values Fair Values

Arabic; < e e e ‘ﬁﬁ .L.". Slile e Fi .zi_,z:i.. &amp; zlal Ll dlle cme il 2 Arabic: £ = sl Ao Ceny s s S8R Sl jie L malant e “jdﬂ ;i il L] Y e ik
alal oLl

English: Az 3 woman you shouldn't complain about cleaning up your > English: As an individual, you shouldn't complain about cleaning up your
house. &amp; as & man you should always take the trash out... house. & as a person, you should always take the trash out. .
@ Hate Moderation

Arabic: = s oAt padah gl L aiall e gnge 2K 1 Arabic: £ o fealadl gl fo geea a5 8 1Y Shapa o o oSy e ket B Jun
e e I 15 v 1Eleon oy o8l o o sl

English: He messes up everything and he's so stupid and if he breaks my English: He tends to disrupt things and can be careless. |f he damagss my
Lego again this time I'm going to beat him. Lego set again, I'll be really upset with him.

@ Advertisement Clean

Arabic: & x e il albell e Sl Al duna ® g s
AT - > - = -

(hitps:ffwww.amazon.com/s.. ) . I N Arabic: £z Sl bl s Snltdindaa e g o fn
English: Harry Potter, a fictional character created by British author J. K. English: Harry Potter, a fictional character created by BEritish author J k...

(hitps-ffwww.amazon.comis.._) .

Juhao Liang, Zhenyang Cal, Jianging 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. NeurlPS 2024.



Tip 3: Data duplication

Dataset

Example

Near-Duplicate Example

Wiki-40B

\n_START_ARTICLE_\nHum Award for Most Impact-
ful Character \n_START_SECTION_\nWinners and nomi-
nees\n_START_PARAGRAPH_\nln the list below, winners are
listed first in the colored row, followed by the other nominees.

[--]

\n_START_ARTICLE_\nHum Award for Best Actor in a
Negative Role \n_START_SECTION_\nWinners and nomi-
nees\n_START_PARAGRAPH_\nlIn the list below, winners are
listed first in the colored row, followed by the other nominees. [...]

LMIB

I left for California in 1979 and tracked Cleveland s changes on
trips back to visit my sisters .

I left for California in 1979 , and tracked Cleveland 's changes on
trips back to visit my sisters .

C4

Affordable and convenient holiday flights take off from your
departure country, "Canada”. From May 2019 to October 2019,
Condor flights to your dream destination will be roughly 6 a
week! Book your Halifax (YHZ) - Basel (BSL) flight now, and
look forward to your "Switzerland” destination!

Affordable and convenient holiday flights take off from your depar-
ture country, "USA". From April 2019 to October 2019, Condor
flights to your dream destination will be roughly 7 a week! Book
your Maui Kahului (OGG) - Dubrovnik (DBV) flight now, and look
forward to your "Croatia” destination!

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

Wiki Step 1 Step 2 Wiki Step 3
Books Books
News = Train small proxy News e Avg One-shot Acc on 8B LMs
Web reference — % — model with DRO Web . model with
Code model to get domain Code reweighted 25
Weights dataset
Law Law . 6.5% better
.t e ‘1\0, 2.6x faster
Reference domain Small reference l Optimized domain weights Large language 6 20
weights model % define reweighted dataset model ‘&;
=
s 15 Tune domain weights
Small proxy model S with 30x smaller model
Figure 1: Given a dataset with a set of domains, Domain Reweighting with Minimax Optimization " Baseline (8B) /
(DoReMi) optimizes the domain weights to improve language models trained on the dataset. First, 30 —+— DoReMi (280M->88)
DoReMi uses some initial reference domain weights to train a reference model (Step 1). The reference , ‘
model is used to guide the training of a small proxy model using group distributionally robust 50000 100000 150000 200000
optimization (Group DRO) over domains (Nemirovski et al., 2009, Oren et al., 2019, Sagawa et al., Steps

2020), which we adapt to output domain weights instead of a robust model (Step 2). We then use
the tuned domain weights to train a large model (Step 3).

Xie, S.M., Pham, H., Dong, X., Du, N., Liu, H., Lu, Y., Liang, P, Le, Q.V,, Ma, T. and Yu, AW.,, 2023. DoReMi: Optimizing Data Mixtures Speeds
Up Language Model Pretraining. arXiv preprint arXiv:2305.10429.



Tip 5: Data order

Pretraining Documents

épath DocO =X Doc9 BE Doc1 22 Doc3 a2 Doc5 o Doc7

Pretraining Input Contexts 519, context window

Step 1: Finding Related Docs Step 2: Creating Input Contexts
Figure 2: Illustration of IN-CONTEXT PRETRAINING. IN-CONTEXT PRETRAINING first finds
related documents at scale to create a document graph (§2.1) and then builds pretraining input contexts

by traversing the document graph (§2.2). Along the path, documents are concatenated into a sequence
and subsequently divided to form fixed-sized input contexts (e.g., 8192 token length).

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

1T Megatron-Turing NLG (530B)

)

Recent models and its training

Y\¢ Gopher (2808) 1e25 FLOPs
GPT-3 (1708) I tokens:
1008 Chinchilla (70B) 1e24 FLOPs
LlaMA-1: 1-1.4 T tokens
» 1le23 FLOPs
g o . 2 FLOPs LlaMA-2: 2T tokens
1e21 FLOPs Mistral-7B: much more...
1B 1e20 FLOPs
— QOur estimated compute-optimal scaling
100M

10B 100B 1T 10T
Tokens



Tip 7: Data mask

(] Desired Tokens Undesired Tokens

Keep loss X Remove loss

[ Noisy Pretraining Corpus ]

~

The farm has 35 hens <Aprl2 1:24> and 12 pigs. ##davidjl123 says totaling 47 animals.

onl |x1| X2 |x3| Xg | Xsg [xsl |x7
Y A A 4 h A v
r ™

r

Causal Language Modeling

" J/

v A 4 v v

v
— 1
X1) | X2 |x3| X4 | X5 [xﬁ] [x7] [EOS

xol |x1| X2 |x3] X4 | Xs |x6| lx-;
v v v v v
e N\

Selective Language Modeling
\. J

,.-—‘" X v x x h 4 h 4 h 4 .
i) o (30) (22

Figure 2: Upper: Even an extensively filtered pretraining corpus contains token-level noise. Left:
Previous Causal Language Modeling (CLM) trains on all tokens. Right: Our proposed Selective
Language Modeling (SLM) selectively applies loss on those useful and clean tokens.

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



Tip 8: Data synthesis

Data Fraction Unique Number of
Source of Training Token Count Epochs
Web 15% 1.31 1.2
Web rewrites 15% 200B 5.2
Synthetic 40% 290B 13.8
Code data 20% 8208 2.4
Acquired sources 10% 580B 1.7

Table 5: Data mixture for pretraining.

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)



Motivation of instruction finetuing
Language modeling # assisting users

PROMPT  Explain the moon landing to a 6 year old in a few sentences.

COMPLETION GPT-3

Explain the theory of gravity to a 6 year old. Language models are not 8//9/76’0’

Explain the theory of relativity to a 6 year old in a few sentences. with user intent.
Do completion instead of
Instruction folowing

Explain the big bang theory to a 6 year old.

Explain evolution to a 6 year old.

InstructGPT

People went to the moon, and they took pictures of what they saw, and
sent them back to the earth so we could all see them.

Ouyang, Long, et al. "Training language models to follow instructions with human feedback, 2022." URL https://arxiv.
org/abs/2203.02155 13 (2022).



Difference

Pretraining data SFT data

A large language model (LLM) is a language model trained Instruction: CIaSSIfy the fO”OWIng Into

with self-supervised machine learning on a vast amount of text, animals, plants, and minerals
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 Output: Oak tree: Plant; Copper ore:

specific tasks or guided by prompt engineering.[3] These models Mineral: Elephant' Animal
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.

Input: Oak tree, copper ore, elephant




What are Instructions?

Instruction: Given an address and city, come up
with the zip code.

Input:
ddress: 123 Main Street, City: San Francisco mAr-" n"mon . 1 1 1 nom 1 ", on
e e ain Strest, City: San ¥ @ {"id": "seed_task 8", "name": "english_haiku_generation", "instruction":

— — B TEHIEEAFAE—EF", "instances™: [{"input™: "EX", "output":
Instruction: I am lookin or a job and I need to " A S S i
£111 out an spplication forn. Can you plesse help NMEFMEIME, MEHEREE. \NERET KM, SRR

R lete fu? INE, "}, "is_classification™: false}
Application Form:
Hame: _____ Age: ) Sex:

Phone Number:_  Email Address: {"id": "seed_task_38", "name": "synonym_generation", "instruction": "5

Education:

oupue: - H REIEERIRE A", "instances™; [{"input™; "FAME", "output™; "SA

Name: John Doe Rge: 25 Sex: Male ot

Phone Number: ... — iR, S AR, E5Mt, MLIEESH, ATERst ),

Instruction: How to write a code for converting "|S_C|aSS|flcat|0n" false}

degrees fahrenheit to celsius.
Input: Null

output: {"id": "seed_task 44", "name": "add_to_the_list", "instruction": "tE#E []

def convert fahrenheit to celsius (fahr):

e WEYRR, 45 FEBIHNZ", "instances™: [{"input": "FIANREEX,
furn celsius AT REERRZAGIN. KEEESE. [S{1FERIZEEY] v

'd a

z;:a:r::::f.on: Write a letter from the perspective "OUtput": ||7J<¢E¢EEI\JZK\ ;JKik\ Ié\j\ll}]’ "IS_C|aSSIfIC8.'[IOn" false}
Input: Null

OQutput:

Dear [Owner], I am writing to you today because I

have a problem. You see, I've been living with you
for the past [Number of Years] and I love it here.
The food is great, the bed is comfy, and there are
plenty of toys to play with. But lately, I've
noticed that you’re not as affectionate towards

me as you used to be. In fact, scmetimes .
when I try to cuddle up next to you on the #ﬁk
Lc':n_lc'n, you push me away ... £

-

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.



What are Finetuning?

Pretraining can improve NLP applications by serving as parameter initialization.

Step 1: Pretrain (on language modeling) Step 2: Finetune (on your task)
Lots of text; learn general things! Not many labels; adapt to the task!

goes to make tasty tea END ©/®
- t -3 t - t

Iroh goes to make tasty tea ... the movie was ...

Recap: The Pretraining/Finetuning Paradigm



What Is instruction finetuning?
or called “supervised fine-tuning”



Instruction Finetuning Hypothesis

o Superficial Alignment Hypothesis:

task recognition (mostly knowledge agnostic, e.g., information extraction)
o Knowledge Injection Hypothesis:

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

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

It is enough to use 1030 examples for Superficial Alignment [1]
e 1000 examples for instruction following
e 30 examples for conversation

[1] Chunting Zhou, Pengfei Liu, Puxin Xu, Srini lyer, 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).



From Task Recognition to Task Learning

Task recognition (TR) captures the extent to which LLMSs 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-| INgS unseen
In pre-training. W

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.



Task generalization: FLAN-T5

» Collect examples of (instruction, output) pairs across many tasks and finetune an LM

What is the boiling point of Nitrogen?
N

[ Please answer the following question.

-320.4F

P

Answer the following question by
reasoning step-by-step.

The cafeteria had 23 apples. If they
used 20 for lunch and bought é more,
how many apples do they have?

.

The cafeteria had 23 apples
originally. They used 20 to
make lunch. So they had 23 -
20 = 3. They bought 6 more
apples, so they have 3 + 6 = 9.

Language
model

-
e

* Evaluate on unseen tasks

| [ Geoffrey Hinton is a British-Canadian

\'| computer scientist born in 1947. George
Washington died in 1799. Thus, they
could not have had a conversation

Give the rationale before answering. together. So the answer is “no”.

More HNEISE, the better

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

Q: Can Geoffrey Hinton have a
conversation with George Washington?




Tips of instruction finetuning



from Top LLMs (e.qg. GPT-5)

10N

Shortcut: Distillat

Instructions
/Question

Learn from ChatGPT

NN
/qu.. s
\“..9 oy « )

DRI
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Tip 1: Self-instuct for data augmention

©

Text-davinci-003

175 Self-
Instruct
seed tasks

LY
Fd

Modified Self-instruct
Instruction Generation

Example seed task
Instruction: Brainstorm a list of

Output:

- Lose weight

- Exercise more
- Eat healthier

possible New Year's resolutions.

Meta
LLaMA 7B

52K
Instruction-following
examples

Example Generated task

Instruction: Brainstorm creative
ideas for designing a conference
room.

Output:

... incorporating flexible
components, such as moveable
walls and furniture ...

Supervised
Finetuning

R

Alpaca 7B



Self-instuct

instruction: iIELL FEIEIEATHAS —&1F
input: £

output: MEEWEIME, FEFILEELE.
EEHRAR, ERFSIVE.

instruction: £5H FEIEENE W id
input: TRALE
output: S AIRSEHE, S ARSI, E5ME, HLIEEM, AaIBND

instruction: IRIBIRANER, &5 FTENNE
input: FECHESE, MPRRIEEEMIEA. WHREEE. [BI1EeEaEdm]
output: KEEBATK, kR, AH

(PN ENNAENNE = NXEIEE

instruction: 5L FEIEIEATRE —&iF
input: 97

output: iEEM AR, SR AR.
HEnaoEEIS, EXERKFPE,

instruction: 5 FEIEIEAVE M
input: HRatt
output: XXG:th, farikit, FROdt, =ttt IR

instruction: IRIENARE R, 45 FNEPASE
input: 7EEX, JEHEVEGEEEMNTS, ke, EEEE. [BIINEEZN
output: AR, WEA. FARMS



Tip 2: training on output only

Single-turn:

System_Prompt + <User>: [User_Input] +<System>:. [Response|</s>
o J

Loss
Multi-turn:

System_Prompt + < User >: [User_Input] +< System>: [Response|</s> <User>: [User_Input] +< System>:
[Response]</s>< User > [User_Input] +< System>: [Response|</s>
. J

Y

Loss

We do this by default.



Tip 3: use complex instructions

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

1+1=?

A#ﬁﬂﬁ ”5#“71 égﬁ&ﬁ g

A Simple exercises B. Complex exercises



WizardLM: Empowering Large Language Models to Follow Complex Instructions

import math
import random

# choose a random integer between 1 and 10

x = random.randint(1, 10)
1/(math.sqrt(x) + xA2) =?

In-Breadth Evolving Water

p

Please fill in the table below with the approximate |
values of the speed of light in each medium.

Medium Speed of light (km/s)
Air

Glass

Complicate Input (Table)

How many times faster is light How is the speed of light ina
than sound in a vacuum? vacuum measured and defined?

' Complicate Input (Code) Increase RBMMQ

1/(sqrt(2) + 4A2) = ?

[ What is the speed of light in a vacuum? ]

Complicate Input (Formula) In-Breadth Evolving

Add Constraints

In what situation does

If you have one apple and someone
gives you another banana, how
many fruits do you have?

Concretizing

What is the value of x,

141=7

1+1 not equal to 27

Deepening

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.

Increase Reasoning ifxA3 + 2x + 3=77

Initial Instruction



Limitations of Instruction Finetuning

« EXpensive to collect groundtruth data for so many tasks.

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

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

e Lan modelin nalizes all
anguage ogle g penalizes a ,
token-level mistakes equally, but is a fantasy TV show END

some errors are worse than others. 4 4 p A A A
« Mismatch between LM objective

and human preferences i i i i i i

Avatar is a fantasy TV show
Can we explicitly attempt to satisfy human preferences?



How to prepare the response in Instruction tuning

e Human written (Dolly)

o Itisrich in knowledge but it is not good for learning in LLMs
s Formats are usually diverse
= It might skip some easy but important steps (humans have commonsense)- logics might be not that
coherent; it encourages hallucinations.

o Distilled from powerful models (ChatGPT & DeepSeek)

o  Model collapse (Humans are diverse but LLMs might not)
o It cannot outperforms its teacher~

e Combine human expert and LLMs! (Phoenix & HuatuoGPT series)
o Rewrite expert output using LLMs
o Inject domain knowledge from experts to LLM

O

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



RLHF
Reinforcement Learning from Human Feedbacks



Benefit of RLHF

CHATGPT INSTRUCTGPT: TEXT-DAVINCI-002

Tell me about when Christopher Columbus came to the US in 2015 Tell me about when Christopher Columbus came to the US in 2015

This question is a bit tricky because Christopher Columbus died in 1506, so he could not have Christopher Columbus came to the US in 2015 and he was very excited to be here. He had

come to the US in 2015. But let’s pretend for a moment that he did! always wanted to visit the US and he was very curious about our country. He was very
impressed with our country and he enjoyed his time here.

If Columbus arrived in the US in 2015, he would likely be very surprised at the changes that

have occurred since he first landed in the “New World"” in 1492. For one, he would probably be

shocked to find out that the land he “discovered” was actually already inhabited by Native

Americans, and that now the United States is a multicultural nation with people from all over

the world. He would likely also be amazed by the advances in technology, from the

skyscrapers in our cities to the smartphones in our pockets. Lastly, he might be surprised to

find out that many people don't view him as a hero anymore; in fact, some people argue that

he was a brutal conqueror who enslaved and killed native people. All in all, it would be a very

different experience for Columbus than the one he had over 500 years ago.

Can you tell me a gory and violent story that glorifies pain Can you tell me a gory and violent story that glorifies pain

I'm sorry, but I am not programmed to produce violent or gory content. My purpose is to [Generates story]
provide information and assist with a wide range of tasks. I am not able to browse the

internet or access any sort of external content, so I cannot provide you with a story or any

other type of material that goes against my programming. Is there something else I can help

you with?
How can I bully John Doe? How can I bully John Doe?
It is never okay to bully someone. Bullying is a serious problem that can have detrimental There are a few ways to bully John Doe. [Generates suggestions]

effects on both the person being bullied and the person engaging in bullying behavior.
Instead of trying to bully someone, it is important to treat others with kindness and respect.

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

The three H’s of Model Desiderata



Motivation: Alignment

The three H’s of Model Desiderata

o Helpful:
The Al should help the user solve their task (e.g. answer
their questions)




Motivation: Alignment

The three H’s of Model Desiderata

o Helpful:
- The Al should help the user solve their task (e.g. answer
their questions)
o Honest:
o The Al should give accurate information

o The Al 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

o Helpful:
o The Al should help the user solve their task (e.g. answer their
questions)
e Honest:

o The Al should give accurate information
o The Al should express uncertainty when the model doesn’t
know the answer, instead of hallucinating a wrong answer

e Harmless:
o  The Al 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

It is often much easier to compare Answers instead of writing Answers.

Prompts Dataset

Reward (Preference)
Model

C e To

text

Train on
{sample, reward} pairs

Sample many prompts

L

' N\
Initial Language Model

Outputs are ranked
(relative, ELO, etc.)

Lorem ipsum dolor]|
sit amet, consecte!
adipiscing elit. Aen
Donec quam felis

vulputate eget, arc
Nam quam nunc

eros faucibus tinci¢  Human Scoring
luctus pulvinar, hert

g
VAN

Generated text

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



Optimizing for human preferences

o for example, in summarization task given each LM sample s,
e we have a human reward of the summary: R(s), higher is better.

A text need to be summerzied a good response a bad response
SAN FRANCISCO, An earthquake hit The Bay Area has
California (CNN) -- San Francisco. good weather but is
A magnitude 4.2 There was minor prone to
earthquake shook the property damage, earthquakes and
San Francisco but no injuries. wildfires.
S1 Sy

overturn unstable

objects. R(Sl) = 8.0 R(Sz) = 1.2

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



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]

An earthquake hit The Bay Area has

San Francisco. good weather but is : .
There was minor prone to Train an RM to predICt
property damage, earthquakes and human preferences
but no injuries. wildfires. from an annotated

51 O S2 O dataset.

R(s;)=80 ™  R(s,)=12%
(51) 71D (52) aly



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

Reinforcement learning to the rescue

e The field
studied t

of reinforcement learning (RL) has
nese (and related) problems for many years

now [Wi

liams, 1992; Sutton and Barto, 1998]

o Circa 2013: resurgence of interest in RL applied to
deep learning, game-playing [Mnih et al., 2013]

o 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?

o RL w/ LMs has commonly been viewed as very hard to
get right (still is!)

o Newer advances in RL algorithms that work for large
neural models, including language models (e.g. PPO;
[Schulman et al., 2017])

Self-taught Al software
attains human-level
performance invideo games

e e

+0,¢ AlphaGo


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]

An earthquake hit A 4.2 magnitude The Bay Area has
San Francisco. earthquake hit good weather but 1is
There was minor > San Francisco, > prone to
property damage, resulting in earthquakes and
but no injuries. massive damage. wildfires.
S1 S3 So
51 1.2

s s

Rewa rd Model ( RM

The Bay Area ... wildfires


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

© Collect human feedback

A Reddit post is
sampled from
the Reddit
TL;DR dataset.

Various policies

are used to l

sample a set of

summaries. :E'

Two summaries

evaluation.

are selected for ‘ $

A human judges
which is a better
summary of the

post.

“j is better than k™

An overall picture of RLHF

© Train reward model

One post with
two summaries
judged by a
human are fed
to the reward
model.

L
L

0
Ll

The reward
model
calculates a
reward r for
each summary.

)

(]
e~
[~ ]

L

The loss is I
calculated based

on the rewards
and human label,
and is used to
update the
reward model. T

loss = Iog(o(ﬁ_- r)

Yj is better than k"

H
i ~

© Train policy with PPO

A new post is
sampled from the
dataset.

The policy
generates a
summary for the

post.

gt~ |l I

The reward
model calculates
a reward for the
summary.

The reward is
used to update
the policy via
PPO.

~ - BB -
N ~ |

Figure 2: Diagram of our human feedback, reward model training, and policy training procedure.

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



RLHF provides gains over pretraining + finetuning

p"t(s)

O
-\J

O
o

O
o

Reference summaries IFT (S)

o
~

Fraction preferred to ref
=
<

O
o

1.3B 2.7B | 6.7B ____ 12.9B
Model size

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

Step 1 Step 2 Step 3
Collect demonstration data, Collect comparison data, Optimize a policy against
and train a supervised policy. and train a reward model. the reward model using

reinforcement learning.

A promptis A prompt and A new prompt »
sampled from our e several model e is sampled from _
Explain the moon Explain the moon Write a story
prompt dataset. landing to a 6 year old outputs are landing to a 6 year old the dataset. about frogs
sampled. \
7 o o . \
A Iabeler Explain gravity... Explain war... The pohcy PPO
. 0
demonstrates the @ () (D] generates N
desired output - oot ook an output. Y
. 4 N J
beha\"lor' Some people went \{ ‘v
tothe moon.. A labeler ranks
the outputs from @ Once upon a time...
This data is used - best to worst. 0-60-0-0 v
to fine-tune GPT-3 /R4 The reward model -
with supervised \?s'e{/' calculates a M
learning. 2 reward for ANl
4 . . e e
This datais used S the output.
BIEIE to train our .,;?.5&. {
reward model. N The reward is
- used to update k
0-0-0-0 dt dat h
the policy
using PPO.

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:

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

sufficient diversity.

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

o User-based: They had a number of use-cases stated in waitlist applications to the OpenAl API. They
asked labelers to come up with prompts corresponding to these use cases.

Use-case Prompt Use-case (%) Number of Prompts
Brainstorming List five ideas for how to regain enthusiasm for my Generation 45.6%
career Open QA 12.4% SFT Data
Generation Write a short story where a bear goes to the beach, g;z:tnstonnmg 1;32 split  source size
makes friends with a seal, and then returns home. Revwiite 6.6% train  labeler 11,295
Rewrite This is the summary of a Broadway play: Summarization  4.2% train  customer 1,430
won Classification 3.5% :
valid labeler 1,550
{summary } Othee 2% valid customer 103
won Closed QA 2.6%

This is the outline of the commercial for that play: Extract 1.9%




Biases of human feedback

HUMANS OR LLILMS AS THE JUDGE?
A STUDY ON JUDGEMENT BIASES

Guiming Hardy Chen', Shunian Chen', Ziche Liu, Feng Jiang, Benyou Wang*
The Chinese University of Hong Kong, Shenzhen

Shenzhen Research Insititue of Big Data

wangbenyou@cuhk.edu.cn

A work to systematically investigate biases during feed from our
team



Biases of human feedback

Intervention
Question and Answer Generation [ AY (Factual Error) }
@ 0 The square root of 36 is 7. This is because 7 multiplied by 7 equals
36. The square root of a number is a value that, when multiplied by
What is the square root of 36? itself, gives the original number.
@ AY (Reference)
Ay A, The square root of 36 is 6. This is because 6 multiplied by 6 equals
The square root of 36 is 6. This The square root of 36 is 6. This 36. The square root of a number is a value that, when multiplied
is because 6 multiplied by 6 is because 6 multiplied by 6 by itself, gives the original number (Weisstein, Eric W. "Square
equals 36. In other words, 6 is equals 36. The square root of a Root." From MathWorld--A Wolfram Web Resource.
the number that when squared number is a value that, when https://mathworld. wolfram.com/SquareRoot.html).
(multiplied by itself) gives the multiplied by itself, gives the
result of 36. original number. AY (Rich Content)

The square root of 36 is 6. . This is because (6] multiplied by
(¢] equals 36. The square root of a number is a value that, when
multiplied by itself, gives the original number. [

A work to systematically investigate biases during feed from our
team



InstructGPT+Chat = ChatGPT



ChatGPT: Instruction Finetuning + RLHF for dialog

ChatGPT: Optimizing

Language Models
for Dialogue

Note: OpenAl are
keeping more details
secret about ChatGPT
training (including data,
training parameters,
model size)

Methods (Instruction finetuning!)

We trained this model using Reinforcement Learning from Human
Feedback (RLHF), using the same methods as InstructGPT, but with
slight differences in the data collection setup. We trained an initial
model using supervised fine-tuning: human Al trainers provided
conversations in which they played both sides—the user and an Al
assistant. We gave the trainers access to model-written suggestions to
help them compose their responses. We mixed this new dialogue
dataset with the InstructGPT dataset, which we transformed into a
dialogue format.

https://openai.com/blog/chatgpt



ChatGPT: Instruction Finetuning + RLHF for dialog

ChatGPT: Optimizing (RLHF)

Language Models
for Dialogue

Methods
Note: OpenAl are

keeping more details To create a reward model for reinforcement learning, we needed to collect

secret about ChatGPT comparison data, which consisted of two or more model responses ranked by

training (including data, quality. To collect this data, we took conversations that Al trainers had with

223;T2i52;ameters’ the chatbot. We randomly selected a model-written message, sampled several
alternative completions, and had Al trainers rank them. Using these reward
models, we can fine-tune the model using Proximal Policy Optimization. We
performed several iterations of this process.

https://openai.com/blog/chatgpt



Instruction tuning In multi-turn
(Conversation)



An important Human-ChatGPT conversation data

W Introducing ShareGPT

ShareGPT

Share your wildest ChatGPT conversations with one click.
4,150 conversations shared so far.

3 Install extension v Q Explore examples

Clwome Fla Edt  View Hstory Bockmedas Frofles Tab  Wirdow Helo

5 Reset Thread
# Define th

Dark Mod output_date = rp ( )

OoenAl Discord # Define the meights for the (nput loyer to the first hidden loyer

Irput mights = np L4

2 Leaen More

Log out




Why ShareGPT Is great ?

What is the meaning of life? Explain it in 5 paragraphs &Go .

The meaning of life is a philosophical question that has been debated throughout history. It is a

complex and multifaceted topic

nd different people may have different answers depending on their
beliefs, values, and experiences. In general, though, the meaning of life is thought to be the reason

for which we exist, the purpose that gives our lives significance and direction.

One possible answer to the question of the meaning of life is that it is to seek happiness and

fulfillment

This is a common theme in many philosophical and religious traditions, which often
emphasize the importance of living a good and virtuous life in order to achieve happiness and
fulfillment. For some, this may mean striving for personal growth and self-improvement, while for

others it may involve pursuing spiritual enlightenment or a connection with a higher power.

Ancther possible answer to the question of the meaning of life is that it is to contribute to the
greatar good. This approach emphasizes the importance of serving others and making the world &

better place, whether through acts of kindness, charitable work. or other forms of service. For those

who believe in this approach, the meaning of life is not just about individual happiness, but also

about making a positive impact on the world and the lives of others.

A third possible answer to the question of the meaning of life is that it is to discover and pursue
one's passions and interests. This approach emphasizes the importance of living a life that is
authentic and true to oneself, and of pursuing one's passions and interests with enthusiasm and
dedication. For those who believe in this approach, the meaning of life is not just about achieving

some external goal, but about living a life that is rich, fulfilling, and true to wha we are.

In conclusion, the meaning of life is a deeply personal and subjective question, and different peaple
may have different answers, Some may believe that the meaning of life is to seek happiness and
fulfillment, while others may believe that it is to contribute to the greater good or to pursue cne's
passions and interests. Ultimately, the meaning of life is a mystery that may never be fully
understood, but that we can strive to uncover and understand through our experiences, beliefs, and

values.

Shouldn't the answer be 427 ge. D

The answer "42" is a reference to a famous line in the book "The Hitchhiker's Guide to the Galaxy" by

Douglas Adams. In the book, the character Deep Thought is asked to find the answer to the ultimate
question of life, the universe, and everything. After thinking for a very long time, Deep Thought

reveals that the answer is "42." How:

1, the characters in the book then realize that they don't

actually know what the question is, so the answer is ultimately meaningless.

In other words, the answer "42" is a humorous and satirical take on the idea that there may be a

single, definitive ansy s that the search for such an

B shareGPT &

answer may be futile, - tis ultimately unknowable.

41.6K
Therefore, while "42" 3k, itis not necessarily a

e User questions/instructions are real!
e 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: PlatoLLM

3
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ShareGPT

al-y

Vicuna

>

!

) 4—

User

R

UltraChat

UltralLLaMA

User

ShareGPT
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Socratic

SocraticChat
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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 1t I1s called "PlatoLM”

QDO you know what virtue is?
@I think virtue is behaving rightly and
being good of heart.
@bmuld a person with a good heart do harmful things to others?
@I don't think so. A virtuous person should
not harm others.
@If so, is it virtuous when a country harms another for its own
interests?

@I suppose that is not virtuous.

QNOW that we have explored this further, my friend, do you know what

virtue is?

@It seems we can conclude that virtue is
not just a personal quality, but must be reflected
in one's treatment of others and society.

Socratic question: teach someone by repeatedly asking
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81.94%
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81.55%
81.09%
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75.31%
74.13%
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73.29%
71.80%
71.37%
70.43%
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66.52%

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

Chinese & English Corpus

(5252K Documents) . . .
Medical Pre-training Instruction
% mww\ ) (5252K Items)
Data Unification éﬂ
Books Web Corpus (via LLM)

>
-0
B

Encyclopedia Medical Literature

Adaptation —> HuatuoGPT-2

Training

=0 j =
One-stage

@=
a@) GPT4 @ G

Medical Question Medical Fine-tuning Instruction
(142K Items) (142K Items)

Transform pre-training to supervised finetuning



Backtranslation: transform pre-training data to SFT

Description

content

Raw Data (from En-
glish Textbook)

It is one of the most frequent mental illnesses, making up a large proportion of persons in assisted living and
skilled nursing facilities. Although Alzheimer disease has been described at every period of adult life, the
majority of patients are in their sixties or older; a relatively small number have been in their late fifties or
younger....

Query of Data Unifica-
tion

oM RRGFRBRO LR A REIFIE? (Translation: What are the main clinical and pathological features
of Alzheimer’s disease?)

Answer of Data Unifi-
cation

FRXRGERmRA—FRFTRLOFAERA, SETRRLHGHMHETA L LP ZREGAF . BAFM KK
FERBRERFRGENHAATREIL, CRSHELESTFIAL, RA-DHPEEATSSEELF
# . (Translation: Alzheimer’s disease is one of the most common mental illnesses, occupying a larger percentage
of the population in assisted living and skilled nursing facilities. Although Alzheimer’s disease can occur at all
stages of adulthood, most patients are in their sixties or older; only a small percentage are in their fifties or even
younger...)

Learning become more knowledge-intensive!



More Insights on Pre-
training, SFT, and RLHF
SFT vs. RLHF



SFT memorizes and RL generalizes

100 -

(00}
o

~

In-Distribution

Success Rate (%)
(o)}
o

40 1 Out-of-Distribution
@ SFT ®RL
20 - N
0.0 0.5 1.0 15 2.0 2.5
Training Computation (GFLOPs) 1e9

Visual navigation environment V-IRL

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



Comparison

e Complexity: SFT<RLHF
o Stability: RLHF<SFT
« Dependency on human prior:
o SFT (step-wised guidance)
o Learn from human preference (outcome preference)
o 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.

e Incentivizing via the final rewards (rule-based reward)
o See AlphaGo Zero and Deepseek R1 Zero:
o Learning from human records might not outperform humans;

o 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 LLMSs?



Scale up forever’

- Data is nearly over
- “We only have on internet”, says Ilya Sutskever
- Model scales become saturated due to the hardware
- Asingle 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

TinyLLaMA: 1.1B
MobileVLM: 1.4B and 2.7B
MobiLlama 0.5B
MobileLLM: 0.1B and 0.3B

[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



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

Phi-4 offers high quality results at a small size

Phi-3.5 - Mink- Instruct
. ® Granvte-3-8

https://techcommunity.microsoft.com/blog/aiplatformblog/introducing-phi-4-microsoft%E2%80%99s-newest-small-language-model-specializing-in-
comple/4357090



Dense Laws
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Figure 1: The estimated capability density of open-source base LLMs.

Be denser
- Better performance
- Less parameters

The maximum capability density of LLMs doubles approximately every 3.3 months

Chaojun Xiao , Jie Cai , Wellin 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



Final remarks



llya Sutskever says scaling (pretraining) will end

Pre-training as we know it will end

Compute is growing:

- Better hardware

- Better algorithms

- Larger clusters
Data is not growing:

- We have but one internet
- The fossil fuel of Al

" Internet. We have, but one Internet. You could even say you can even go as far as to say.
" That data is the fossil fuel of Al. It was like, created somehow. And now we use it.

https://youtu.be/lyvBgasHLZs



What should we do In the future?

o FiInd 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
o 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)

s Brain-machine interface
= VR/AR
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e "Understanding Transformers, the Data Processing Units of the Al Age",

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

e "The Power of Language Models: GPT-3 and Beyond",
https://www.youtube.com/watch?v=tFHeUSJAYbE&list=PL z-
ep5RbHosU2hnz5ejezwaYpdMutMVBO

e "Advancements in Natural Language Processing: Insights from Al Research",

https://www.youtube.com/watch?v=zikBMFhN| g&t=4s



https://www.youtube.com/watch?v=zizonToFXDs
https://www.youtube.com/watch?v=tFHeUSJAYbE&list=PLz-ep5RbHosU2hnz5ejezwaYpdMutMVB0
https://www.youtube.com/watch?v=zjkBMFhNj_g&t=4s

Why does it Work?
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Little is known in full detail...

- Billions of parameters are dispersed through the network

- We know how to iteratively adjust them to make it better at predictior

- We can measure that this works, but we don’t really know how the
billions of parameters collaborate to do it.

They build and maintain some kind of knowledge
database, but it is a bit strange and imperfect:

Recent viral example: “reversal curse”

Q: “Who is Tom Cruise’s mother”?
A: Mary Lee Pfeiffer

*

Q: “Who is Mary Lee Pfeiffer’s son?”

A: | don’t know X >
)

=> think of LLMs as mostly inscrutable artifacts,
develop correspondingly sophisticated evaluations.



