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Awards and honour

NAACL 2019

North American Chapter of the
Asocation for Computations) Linguistics

 Best Explainable NLP Paper
Pt

NLPCC 2022 Best Paper

ACM SIGIR 2017 Best paper honourable mention. https://sigir.org/awards/best-paper-awards/
NAACL 2019 best explainable NLP paper. https://naacl2019.org/blog/best-papers/

EU Marie Curry researcher fellowship

+  Huawei Spark award (f£X{£3%)



https://naacl2019.org/blog/best-papers/

Large Language models(LLMS)‘ﬁ

Large Language model (LLMs)

Democratizing ChatGPT (Phoenix, 2k GitHub

Stars)

Efficiency (e.g., Modularizing LLMS)

Improving Reasoning ability
Applications
Multi-modal LLMs

Multilingual LLMs (e.g., Chinese and

Arabic)
Tools and plugins

. . . SCHOOL OF
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LLMs for Medicine (e.g. HuatuoGPT)
Biomedical knowledge injection
Benchmarking
Chaim of Diagnosis
Doctors-in-the-loop

Medical diagnosis and clinical decision making

Pass some exams .,
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e
-
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professional knoyledg
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HuatuoGPT /

We are here!

We are picking the low-hanging lychee



Our team

e GitHub: https://github.com/Freedomintelligence
e HuggingFace: https://huggingface.co/Freedomlntelligence
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® Philosophy of this course
® Large language models?

® Introduction to ChatGPT



Logistics

Instructor: Benyou Wang G
Teaching assistant: Xidong Wang, Juhao Liang |-’I

,K?/,
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Location: TC_208
Meetings: Friday 13:30-16:30

Office hours:
> Benyou Wang: Friday 4:30-6:00 PM. Daoyuan Building 504A
> Xidong Wang: Wednesday 7:30-8:30 PM. Daoyuan Building 223 (Seat-14)
> Juhao Liang: Monday 4:00-5:00 PM. Daoyuan Building 223 (Seat-5)



Logistics

Official Website Link (1lm-course.github.io)

Course Information

The course will introduce the key concepts in LLMSs in terms of training, deployment, downstream applications. In the technical level, it covers language model,
architecture engineering, prompt engineering, retrieval, reasoning, multimodality, tools, alignment and evaluations. This course will form a sound basis for further
use of LLMSs. In particular, the topics include:

Grading Policy (CSC 6201/CIE 6021)
Assignments (40%)

« Assignment 1 (20%): Using AP for testing prompt engineering

« Assignment 2 (20%): A toy LLM application

Both assignments need a report and code attachment if it has coding. See the relevant evalution criterion as the final project.

Review of project proposal (15%)
We will have a review for project proposals, to assist students better prepare their final projects. A revision is welcome after taking our suggestions into
consideration.
Final project (40%)
You need to write a project report (max 6 pages) for the final project. Here is the report template. You are also expected to make a project poster presentation. After
the final project deadline, feel free to make your project open source; we appreciate if you acknowledge this course

Schedule

Date Topics Recommended Reading Pre-Lecture Questions  Lecture Coding Events Feedback

Note Deadlines Providers
Sep. 4-15th Tutorial 0: GitHub,
(opticnal) self LaTeX, Colab, and
0 ChatGPT API

Benyou Wang

Risks  What is ChatGPT and

how to use it?

% Official Wechat Group

’i-} k,‘q
L

B£H0: LLM-Course (CSC6203
CIE6021)



https://llm-course.github.io/

Course Structure

® Thisis anadvanced graduate course and we will be teaching and discussing state- of-the-
art papers about large language models

¢ All the students are expected to come to the class regularly and participate in discussion

® Prerequisites:

® Familiarity with neural networks and Transformer models (encoder, decoder, encoder-
decoder)

® TFamiliarity with basic NLPtasks, including understanding (text classification, question
answering) and generation (translation, summarization) tasks



Course Structure

13 lectures + 1 guest lecture (optional) +3 tutorial +1 in-class presentation (see a draft schedule on the

website)

Date

Sep. 4-15th
(optional) self

co the

classroom

Sep. 15th

Sep. 16th
(tentative)

Sep. 22nd

Required reading: everyone needs to read them before

the class and answer pre-lecture questions

/

Pre-Lecture Questions Lecture Coding

Topics

Tutorial O: GitHub,
LaTeX, Colab, and
ChatGPT API

Lecture 1:
Introduction to
Large Language
Models (LLMs)

Tutorial 1: Usage
of OpenAl APl and
User Study on
Open LLMs

Lecture 2:
Language models
and beyond

Recommended Reading

OpenAl's blog
LaTeX and Overleaf
Colab

GitHub

portunities and Risks

Note
What is ChatGPT and [slide]
how to use it? [note]

How to automatically [slide]

use ChatGPT ina [note]
batch?

What is language [slide]
model and why is it [note]

[GPT API
(authorization
needed)]

important? \

You should ask TA or me for discussion if you cannot
answer these questions after course

Events
Deadlines

Assignment 1
out

Popular GitHub repositories or
developed by our team

Feedback
Providers

Benyou Wang

Xidong Wang
and Juhao
Liang

Xidong Wang,
Ziche Liu, and
Guiming Chen

Benyou Wang



Course Structure

* We will leave some time for free discussion in each lecture. (More

interaction is needed) You should be able to basically answer
these questions after you read the
paper(s)

® Q1. Why does Transformer become the backbone of LLMs?
®* Q2. Why is language model important?

® Q3. How to design a better position embedding?

\ A more open-ended question: we
want to collect your thoughts before
the class and leave time for
discussion



Course Structure

% Introduce the key concepts in LLMs: training, deployment, downstream applications.

% Form a sound basis for further use of LLMs. In particular, the topics include

|

YYYYVYVYVYVYVYVYYY

Introduction to Large Language Models (LLMs) - User's perspective
Language models and beyond

Architecture engineering and scaling law - Transformer and beyond
Training LLMs from scratch - Pre-training, SFT, learning LLMs with human feedback
Efficiency in LLMs

Prompt engineering

Knowledge and reasoning

Multimodal LLMs

LLMs in vertical domains

Tools and large language models

Privacy, bias, fairness, toxicity and holistic evaluation

Alignment and limitations



0
L. %4

0
L X4

O/
0’0

Components and grading

Assignments (40%)

> Assignment 1 (20%): Using API for testing prompt engineering

> Assignment 2 (20%): A toy LLM application
Both assignments need a report and code attachment if it has coding. See the relevant evalution criterion as
the final project.

Review of project proposal (15%)
We will have a review for project proposals, to assist students better prepare their final projects. A revision
is welcome after taking our suggestions into consideration.

Final project (40%)

You need to write a project report (max 6 pages) for the final project. You are also expected to make a
project poster presentation. After the final project deadline, feel free to make your project open source; we
appreciate if you acknowledge this course

Participation (5%)



Assignments 1: ChatGPT API Call

Making requests

You can paste the command below into your terminal to run your first API request. Make sure to
replace $OPENAI_API_KEY with your secret AP key.

curl https://api.openai.com/v1/chat/completions \
-H \
-H
-d

This request queries the gpt-3.5-turbe model (which under the hood points to the latest gpt-2.5
turbo model variant) to complete the text starting with a prompt of "Say this is a test". You should get
aresponse back that resembles the following:

Now that you've generated your first chat completion, let's break down the response object. We can
seethe finish_reason is stop which means the API returned the full chat completion generated by
the model without running into any limits. In the choices list, we only generated a single message but
you can setthe n parameter to generate multiple messages choices

How to get the key
The simplest way is to use https://eylink.cn/



https://eylink.cn/

Assignments 2: training a Language mode

For Developers

import llmfactory d;

# Configure the resource in the factory/resource.json file
factory = 1lmfactory.Factory()

# Show available models

factory.show_available_model()

# Output:

# [Bloom]: bloom-56@m, bloomz-56@m, bloom-1bl, bloomz-1bl, bloomz-7bl-mt
# [Llama]: 1llama-7b-hf, llama-13b-hf

# [Baichuan]: baichuan-78

# Show available data
factory.show_available_data()

# Output:

# [Local]: music, computer, medical

# Select a model from the available model set
model_config = factory.create_backbone("bloom-560m")

# Set up the data configuration
data_config = factory.prepare_data_for_training(num_data=50, data_ratios

# Train a new model based on the existing model and data configuration
model_config = factory.train_model(model_config, data_config, save_name=

# Deploy the model on the command line
factory.deploy_model_cli(model_config)

# Deploy the model using Gradio
factory.deploy_model_gradio(model_config)

https://github.com/Freedomintelligence/LLMFactory



Final project

Students complete a research projectin teams of 1-3
Draft proposal deadline: Nov. 5th 11:59pm (simply explain your idea in one page)
Final proposal deadline: Nov. 28th 11:59pm (TAs will provide suggestions for the revision!)

In-class presentation: Dec 15th
Final paper deadline: Dec 25th (final date)

T T T 1

Nov. 5th Nov. 28th Dec 15th Dec 25th

\ J —
Y

Better finish your project within this month Busy weeks




Final project

Typical projects (we will release a detailed list later):

® #1: Train or fine-tune a medium-sized language model (e.g., T5, Bloom, TinyLLaMA, Baichuan,
LLaMA) yourself for any problem of your interest. Check out HuggingFace’s model hub!
~  Hugging Face https://huggingface.co/models

®* #2: Evaluate one of the largest language models (e.g., ChatGPT/GPT4) and
understand their capabilities, limitations and risks.

® #3 A plugin that works with a existing popular LLM like ChatGPT and Phoenix
® #4 Release a new LLM (10B+) and have some impact
° #5 A application (We have an example application, search “f#{L[Zf” in WeChat)
A direct objective is that your GitHub repository gets more than 100+ GitHub stars

https://openai.com/api/ Note: You might get computing resources to
https://opt.alpa.ai train 10B+ model if Tas like your proposal



how to better prepare a course in large language models?

ChatGPT Next

Build your own Al assistant.
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how to better prepare a course in large language models?

G

Preparing a course on large language models involves careful planning and consideration of various
factors. Here are some steps you can take to better prepare a course on this topic:

1. Define the learning objectives: Start by clearly defining the learning objectives of the course.
‘What specific skills or knowledge do you want your students to gain by the end of the course?
This will help you structure the course content effectively.

2. Understand the audience: Consider the background and knowledge level of your target
audience. Are they beginners or experienced practitioners? Tailor the course content and pace
to suit their needs and ensure it aligns with their existing knowledge.

3. Select appropriate resources: Gather a variety of resources that can support the learning
process. This may include research papers, books, online articles, tutorials, and code examples.
Ensure that the resources are up-to-date and relevant to the course topics.
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Define the learning objectives:

e Knowledge: a) Students will understand basic concepts and principles of LLM; b)
Students could effectively use LLMs for daily study, work and research; and c)
Students will know which tasks LLMs are suitable to solve and which are not.

e Skills: a) Students could train a toy LLM following a complete pipeline and b)
Students could call ChatGPT API for daily usage in study, work and research.

e Valued/Attitude: a) Students will appreciate the importance of data; b) Students
will tend to use data-driven paradigm to solve problems; and c) Students will be
aware of the limitations and risks of using ChatGPT.



Select appropriate resources:

e Recent ArXiv papers
o  (People share daily ArXiv papers in Twitter)

e GitHub

o (popular GitHub means a lot)
e HuggingFace

o (New models and datasets)
e Blogs

o  (from Open Al and famous guys, Lilian Weng, Yao Fu, Jianlin Su)



Design engaging lectures:

e Discussions in the end of each lecture
e In-class presentation
e Interrupting me whenever needed



LLMZoo  pubiic A

45 LLM Zoo is a project that provides data, models, and evaluation benchmark for large language models. 45

Provide hands-on practice: - oo

Medical_NLP ' public

Medical NLP Competit taset, large models, paper EEF7NLP HigR, SURE, AR, ¥, 188

list  collection  model al  datasets  nlp

An Open Medical GPT)
iated on Jul 31

Github Repositories

TextClassificationBenchmark  pubiic

* nanoGPT htips://github.com/karpathy/nanoGPT

quantum  enn rcn

«  minGPT htips://github.com/karpathy/minGPT T
 Llama2.c https://github.com/karpathy/llama2.c InstructionZoo s M
« TinyLLaMA https://github.com/eivindbohler/tinyllama ™ **° ™ ™"

crosstalk-generation | pubiic

sstalk text generation tasks, exploring whether large models and pre-trained language models can

un
b HautuOG PT g chinese  pi d-models ll-d: gpt2 15  humor-generation
PT . @python &5 Apache-20 W17 Y159 0 10 Updated onSep 6, 2022
*  GPT review
ReasoningNLP  public
paper list on reasoning in NLP
* GPT API %9 w19 2 [10 UpdatedonAug8

* LLMZoo qmn (R
° LLMFaCtOry ®Pthon W29 111 O1 110 Updatedon Apr 17,2019

GrammarGPT | Public
The code and data for GrammarGPT.

@Fython &5 Apache-20 W3 Y¥91 (D0 110 Updatedon Aug 1

Huatuo-26M | pubiic

The Largest-scale Chinese Medical QA Dataset: with 26,000,000 question answer pairs.

¥e e O2 110 UpdatedonAugt

https://github.com/orgs/Freedomintelligence


https://github.com/karpathy/nanoGPT
https://github.com/karpathy/minGPT
https://github.com/karpathy/llama2.c
https://github.com/eivindbohler/tinyllama

Foster col laboration and discussion:

e You own the copyright of your own project if our teaching team do not have a
substantial contribution. Otherwise please acknowledge us.

e You are welcome to have discussions with our teaching team.

e Students are encouraged for collaboration and discussions.



Seek feedback and iterate:

e Tell us if you have any suggestions about this course
e We will continue polishing this course.



Use ChatGPT easily

Check https://chatgpt.cuhk.edu.cn

Just share it to only your girlfriend and boyfriend in the campus, no others!

10-minute break for you to check ChatGPT
Search {8 for our in-campus Phoenix (it is not ready yet)


https://chatgpt.cuhk.edu.cn/

Contents

® Philosophy of this course
® Large language models

® Introduction to ChatGPT



What are Large Language models (LLMs)?



Background

e language model

N-gram Model Neural Probabilistic Pre-trained Language Model
Predicts the next item in hn’“ag‘ Model Contextual word representation,
a sequence based on Learns a distributed representation the new pre-training-fine-tuning
its previous n-1 items. of words for language modeling. pipeline, larger corpora and
deeper neural architectures.
1954 1986 2013
F o o oY >
7 A4 \ 4
1948 Distributional Hypothesis 2003 2018
A word is characterized by the Distributed nepmalﬂaﬁoﬂ Word2vec
company it keeps.
Represents items by a pattern of A simple and efficient distributed
Bag-of-words activation distributed over elements. word representation used in many
Represents a sentence or a NLP models.
document as the bag of its words.

Liu et al., Representation Learning for Natural Language Processing, Springer, 2020



What is language model ing?

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



What is language model ing?

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

STkIkljf fskjhfkjsh kjfs fs kjhkjhs fsjhfkshkjfh Low probability

ChatGPT is all you need high probability




What is language model ing?

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

A conditional language model assigns a probability of a word given some conditioning context
g: (V1 V) > RY

f(Wq-wp)
f(wywp_q)

And p(Wnlwl Wno1) = gWy Wy q,W) =

I've|



What is language model ing?

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: (vt V) > RY

fWy-wn)

And p(Wnlwl "'Wn—l) = g(Wl "'Wn—l’w) = F(WyWn_1)

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



Language model using neural networks

GPT-3/ChatGPT/GPT4 have //1;> kb | s
175B+ parameters ack-box neural networks:

Humans have 100B+
neurons




Language models: Narrow Sense

A probabilistic model that assigns a probability to every finite sequence (grammatical or not)

Sentence: “the cat sat on the mat”

P(the cat sat on the mat) = P(the) x P(cat|the) x P(sat|the cat)
*P(on|the cat sat) x P(the|the cat sat on)
*P(mat|the cat sat on the)

Implicit order

GPT-3 still acts in this way but the model is implemented as a very large neural network of
175-billion parameters!



Language models:Broad Sense

K/

s Decoder-only models (GPT-x models)

+ Encoder-only models (BERT, RoBERTa, ELECTRA)
+ Encoder-decoder models (T5, BART)

@ Mask LM Mask LM \
o 1 *

The latter two usually involve a
different pre-training
objective.

[ T ][ T[SEP] ][ T, ] [ T, ] [ "translate English to German: That is good."

"cola sentence: The
course is jumping well."

BERT
- EA e =l =
—

on the grass. sentence2: A rhino
is grazing in a field."

["stsb sentencel: The rhino grazed

LI (I LI  mm
"summarize: state authorities
[ Tok N ][ [SEP] W[Tok‘l \| [TOKM] dispatched emergency crews tuesday to
survey the damage after an onslaught
I—'—‘ of severe weather in mississippi.."
Masked Sentence A Masked Sentence B

*
Unlabeled Sentence A and B Pair

"Das ist gut."

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




PLM VS. LLM We do not explicitly mention pre-training because
pre-training and training use the same language
models objective (e.g., autoregressive generation)

e Pre-trained language model
e Large pre-traired Language Model (LLM)

1000

GPT-3 A Nugitionsiiiring tuge
(1758) »> NLG (5308 Model
100 4 Size
Megatron-LM [ A

(8.38) Ve Turing-NLG

~ (17.28)

10 o
A TS

(11B)

,;'// GPT-2 Huge

Model Size (in billions of parameters)

< (1.58) Pre-trained
& BERT-Large Models
(340M) L A
01 & Huge Huge
ELMo omputing Data |
(94M) Power 4
0.01
2018 2019 2020 2021 2022

Image source: https://liuquncn.github.io/talks/20220228-Thai-Al-engineer-group/Huge-Pre-trained-Language-Models.public. pdf



models

How Large are “Large” LMs?

parameters

ELMo small
ELMo medium
ELMo original
ELMo large corpus size
Bert base

Bert multilingual base A ELMo
Bert large - ELMo large

crT - Bert

GPT-2 small - 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

10 10 10° 10" 10"
number of parameters

More recent 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

[ 2 a2l o V] I*A
CQI training runs, estimated computing resources used
Floating-point operations, selected systems, by type, log scale

PalLM (540B) 1024
LaMDA
| GPT-2 :
® Drawing Language DALL-E 1020
@ Vision Other BERT-Large
NPLM 10
® [ ]
12
NetTalk ® 10
Ce
Neocognitron
g ® ® 108
®
ADALINE 4
® 10
O Theseus 1
I ! | ! | ! | ! I ! | ! I ! |
1950 60 70 80 90 2000 10 22

https://web.stanford.edu/class/cs224n/slides/cs224n-2023-lecture11-prompting-rihf.pdf 1 yotta= 1024 FLOPs: floating point operations



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

Large Language Models - Hundreds of Billions of

T¢
200
Billion
3 30
I\Tiﬁi%% gilllon  Billion ‘
| " O
13 y.0. BERT RoOBERTa GPT-3 Chinchilla
Human (2018) (2019) (2020) (2022)

# tokens seen during training

https://babylm.github.io/



https://babylm.github.io/

Some basics for large language models

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

OpenAl codebase next word prediction
Bits per word

® Observed
Prediction

T
100p
CCCCCCC

e Scalable data (plain texts are everywhere vs. supervised data)
o https://github.com/esbatmop/MNBVC

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



How Large are “Large” LMs?

Today, we mostly talk about two camps of models:
> Medium-sized models: BERT/RoBERTa models (100M or 300M), T5 models

(220M, 770M, 3B)
> “Very” large LMs: models of 100+ billion parameters

Larger model sizes larger compute, more expensive during inference
Different sizes of LMs have different ways to adapt and use them

> Fine-tuning, zero-shot/few-shot prompting, in-context learning. ..
Emergent properties arise from model scale
Trade-off between model size and corpus size



Why LLMs?



Why Larger language models

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

Larger capacity to learn problem-solving Abilities

o Coding, revising articles, reasoning etc.
Better generalization to unseen tasks

Emergent ability GEBILEEST)

Jared Kaplan_et. al Scaling Laws for Neural Language Models
Jason Wei et. Al. Emergent Abilities of Large Language Models.

(A) Math word (B) Instruction
problems following (C) 8-digit addition 53 (D) Calibration
= B 70 100 £
20 = tuning 210
. Chain of ) ” — 80 5
3 thought % 60 |- § o
5 15 2 = 60 $
9 g 50 2 E
< 10 + 5 40 7
¥ = 2
Z 5 =z 40 < 20 =
= No chain o 10
2 of thought =1 O
~ o0t . ) 30L . 0 =
1021 1022 1023 10’24 1021 1022 10’23 1024 1019 102[] 1021 5.:, 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 z-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

shown in D is from Anthropic.


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

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."

https://arxiv.org/pdf/1910.10683.pdf

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



Why LLMSs?
Emergent properties in LL.Ms:

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

Emergent Capability: Few-shot prompting

Input

—t— LaMDA  —e— GPT-3 == Gopher

Output (A) Mod. arithmetic (B) IPA transliterate  (C) Word unseramble

&0 50 | 50
positive. i o] :

Review: This movie sucks.
Sentiment: negative.

de— Chinchills == PaLM == - Random

Language

(D) Persian QA

w
=1

Review: | love this movie.

o0 _ & 10 Eao
mOdel 0: 30 E 5| ) d a0
Sentiment: £ . 2 g £
Z 2 3 g
= 10 = 10| 3 10 10
= =
o [} oF o
. Lolﬁ ]Um) lo‘l? iu?d lnli‘ I{,?Ii 10,'! Iuﬂl lulh la‘)ﬂl 1022 Lo‘)l IU”‘ lo'hl Iﬂ?? luﬂ'-l
> A few-shot prompted task is
. . {E) TruthfulQA (F) Grounded mappings (G) Multi-task NLU (H) Word in context
emergent if it achieves random 2 iy B |
. (1] . &0 . i} . 6 |
accuracy for small models and above- e E ra e
] g 30 E 30 g 30 |
random accuracy for large models. 4% Ew g i
L i - X L) i . of " - op " .
T ECS [ S 1 R 109 0% o 109 108 0 1030 109 10

Model scale (training FLOPs)

https://docs.google.com/presentation/d/1yzbmYBS5SE7G81Y2-KzhmArmPYwwl707CUST 1xRZDUul Y/edit?resourcekey=0-6_TnUMoK WCk FN2BiPxmbw#slide=id.gl fc34b3acl8 0 27



Why LLMs?

e Emergent Abilities

O

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

—o—LaMDA ~e— GPT-3 —4—Gopher & Chinchilla -@-PaLM --- Random

(A) Mod. arithmetic (B) IPA transliterate  (C) Word unscramble

(D) Persian QA
50 50 50 50
§w 10 g 10 g0
T30 £ £ 30 % 30
2 £

§zo 22 En 2
g = 2 g
<10 10 % 10 %10

a [

0 0

0
10'% 10 1072 10%¢

o

10" 10 10% 107

10'% 10%0 10 10**

10'% 10% 10 10%*

(E) TruthfulQA (F) Grounded mappings (G) Multi-task NLU (H) Word in context
70 70 70 70
60 60 60 60
g g gw g
= 40 = 40 = 40 40
g g g g
g 20 g 20 g 20 g 20
< < < <
10 10 10 10
0 0 0 0
1020 1022 10 10% 102 102 102 102 10 1020 102 10%

Model scale (training FLOPs)

https://docs.google.com/presentation/d/1yzbmYB5E7G8lY2-KzhmArmPYww!707CUST 1xRZDUu1Y/edit?resourcekey=0-6 _ TnUMoK
WCk FEN2BiPxmbwislide=id.q1fc34b3ac18 0 27



https://docs.google.com/presentation/d/1yzbmYB5E7G8lY2-KzhmArmPYwwl7o7CUST1xRZDUu1Y/edit?resourcekey=0-6_TnUMoKWCk_FN2BiPxmbw&slide=id.g1fc34b3ac18_0_27
https://docs.google.com/presentation/d/1yzbmYB5E7G8lY2-KzhmArmPYwwl7o7CUST1xRZDUu1Y/edit?resourcekey=0-6_TnUMoKWCk_FN2BiPxmbw&slide=id.g1fc34b3ac18_0_27

Traditional fine-tuning (not used for GPT-3)

Fine-tuning

The model is trained via repeated gradient updates using a
large corpus of example tasks.

sea otter => loutre de mer example #1
v
v
peppermint => menthe poivrée example #2
v
v
N2
plush giraffe => girafe peluche example #N
cheese => prompt

Emergent Capability - In-Context Learning

One-shot

In addition to the task description, the model sees a single
example of the task. No gradient updates are performed.

Translate English to French: task description

sea otter => loutre de mer example

cheese => prompt
Few-shot

In addition to the task description, the model sees a few
examples of the task. No gradient updates are performed.

Translate English to French: task description
sea otter => loutre de mer examples
peppermint => menthe poivrée

plush girafe => girafe peluche

cheese => prompt

https://arxiv.org/pdf/2005.14165.pdf



https://arxiv.org/pdf/2005.14165.pdf

Emergent Capability - In-Context Learning

No Prompt
Zero-shot skicts = sticks
(0s)
Teifink chiar = chair

skicts = sticks

(1s)

chiar = chair

[...]
Few-shot pciinc = picnic
(FS) skicts = sticks

https://www.cs.princeton.edu/courses/archive/fall22/cos597 G/lectures/lec04.pdf

Prompt

Please unscramble the letters into
a word, and write that word:
skicts = sticks

Please unscramble the letters into
aword, and write that word:

chiar = chair

skicts = sticks

Please unscramble the letters into
aword,and write that word:

chiar = chair

-

pciinc = picnic

skicts = sticks


https://www.cs.princeton.edu/courses/archive/fall22/cos597G/lectures/lec04.pdf

Emergent Capability - In-Context Learning

Zero-shot One-shot Few-shot
l l ¢ Y

175B Params

Natural Language

60 Prompt

50
e
= 40
(&)
©
3 30
< " 13B Params
20
o) e
______________ =1 3B Params
0 asszss=s—— T s
8 10° 10’

Number of Examples in Context (K)



Emergent Capability - Chain of Thoughts

Pr

Standard Prompting

Q: Roger has 5 tennis balls. He buys 2 more cans o
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples
do they have?

-

)

Chain-of-Thought Prompting

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A:
The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples

J

A: The answer is 27. x

https://arxiv.org/pdf/2201.11903.pdf

Co they have?

.

A:

answer is 9. 4/



https://arxiv.org/pdf/2201.11903.pdf

Emergent Capability - Chain of Thoughts

P

remntina

R )

Q: Roger has 5 tennis balls. He buys
2 more cans of tennis balls. Each can
has 3 tennis balls. How many tennis
balls does he have now?

Q: How many keystrokes are needed
to type the numbers from 1 to 500?
Answer Choices: (a) 1156 (b) 1392 (c) 1480
(d) 1562 (e) 1788

A
r
The answer is 11.
he P
~_J\ answers (b). w, \ So the answer is (b).

g T N

Q: Sammy wanted to go to where the
people were. Where might he go?
Options: (a) race track (b) populated areas
(c) desert (d) apartment (e) roadblock

w

Q: Yes or no: Would a pear sink in
water?

A:

So the
answer is no.

\_ _J

Q: The concert was scheduled to be
on 06/01/1943, but was delayed by
one day to today. What is the date 10
days ago in MM/DD/YYYY?

So the answer is 05/23/1943.

Q: Is the following sentence
plausible? "Joao Moutinho caught the
screen pass in the NFC

championship."
-

So the
answer is no.

\_ .

|

Human: How would you bring me
something that isn't a fruit?

\— _J
Q: Take the last letters of the words
in “Lady Gaga” and concatenate

them.

A:
So the

__conup emtmacknal )

Q: Acoin is heads up. Maybelle flips
the coin. Shalonda does not flip the
coin. Is the coin still heads up?

-
So the answer

Plan: 1. find(energy bar) 2. answer is ya.
pick(energy bar) 3. find(user) 4.
Qut(energy bar) 5. done(). j k J Qs no.

»

https://arxiv.org/pdf/2201.11903.pdf

GSM8K

SVAMP

solve rate (%)

solve rate (%)

solve rate (%)

[ =)
o o o O

[ e ]
o O O O O

[ SRS B |
o O o

0

—e— Standard prompting
—&— Chain-of-thought prompting
- = = Prior supervised best

LaMDA GPT

PalLM

04 8 137 04 7 175 8 62 540
Model scale (# parameters in billions)


https://arxiv.org/pdf/2201.11903.pdf

Emergent Capability - Zero Shot CoT
Prompting

[1st prompt] [2nd prompt]
Reasoning Extraction Answer Extraction
/ Q: On average Joe throws 25 punches per N\

Q: On average Joe throws 25 punches per
minute. A fight lasts 5 rounds of 3 minutes. How = s e
many punches did he throw?

A: Let's think step by step.
In one minute, Joe throws 25 punches. - --In five

@ +* | rounds, Joe throws 5 * 75 = 375 punches. .
uherefore, the answer (arabic numerals) is /

minute. A fight lasts 5 rounds of 3 = --
A: Let's think step by step.

LLM J
gl ; b
g LLM
In one minute, Joe throws 25 punches. ’
In three minutes, Joe throws 3 * 25 = 75 punches. ’ @
In five rounds, Joe throws 5 * 75 = 375 punches. [ 375. ]

https://arxiv.org/pdf/2205.11916.pdf



https://arxiv.org/pdf/2205.11916.pdf

Emergent Capability - Self-Consistency Prompting

Greedy decode
This means she uses 3 + 4 = 7 eggs every day.

Chain-of-thought Language She sells the remainder for $2 per egg, so in .
prompting model total she sells 7 * $2 = $14 per day. The answer is $14. ]
The answer is $14.
Self-consistency Sample a diverse set of Marginalize out reasoning paths
reasoning paths J to aggregate final answers
g e e e s e s s S— l
ﬁ: If there are 3 cars in the parking \ She has 16 - 3 - 4 =9 eggs \
lot and 2 more cars arrive, how many left. So she makes $2*9 = | The answer is $18.
cars are in the parking lot? $18 per day. | ) \
A: There are 3 cars in the parking lot 3 D \
already. 2 more arrive. Now there are This means she she sells the \
3 +2=>5cars. The answer is 5. remainder for $2 * (16 - 4 - 3)| The answer is $26. V
; = $26 per day. ‘
Q: Janet’s ducks lay 16 eggs per day. n $ S
She eats three for breakfast every = ggalge ! y The answer is $18.
morning and bakes muffins for her Hosic She eats 3 for breakfast, so |
friends every day with four. She sells she has 16 - 3 = 13 left. Then |
the remainder for $2 per egg. How she bakes muffins, so she The answer is $18.
much does she make every day? has 13 - 4 = 9 eggs left. So |

A: she has 9 eggs * $2=$18. |

https://arxiv.org/pdf/2203.11171.pdf



https://arxiv.org/pdf/2203.11171.pdf

Emergent Capability - Least-to-Most

Promptin¢

Problem Reduction

Q: It takes Amy 4 minutes to climb to the top
of a slide. It takes her 1 minute to slide down.
The water slide closes in 15 minutes. How
many times can she slide before it closes?

Language

A: To solve “How many times
can she slide before it
closes?”, we need to first
solve: “How long does each
trip take?”

Model

Subquestion 1 —

Append model
answer to
Subquestion 1

Sequentially Solve Subquestions

It takes Amy 4 minutes to climb to the top of a
slide. It takes her 1 minute to slide down. The
slide closes in 15 minutes.

- Q: How long does each trip take?

e 7

ﬁtakes Amy 4 minutes to climb to the top h
a slide. It takes her 1 minute to slide down.
The slide closes in 15 minutes.

Q: How long does each trip take?

| A: It takes Amy 4 minutes to climb and 1
minute to slide down. 4 + 1 = 5. So each trip
takes 5 minutes.

Subquestion 2 —

https://arxiv.org/pdf/2205.10625.pdf

Q: How many times can she slide before it
closes?

A: It takes Amy 4 minutes to
climb and 1 minute to slide
down. 4 + 1 = 5. So each trip
takes 5 minutes.

Language
Model

A: The water slide closes in
15 minutes. Each trip takes 5
minutes. So Amy can slide
15 + 5 = 3 times before it
closes.

Language
Model



https://arxiv.org/pdf/2205.10625.pdf

Emergent Capability — Augmented Prompting Abilities

Advanced Prompting Ask a human to
Techniques
® Zero-shot CoT Prompting ® Explain the rationale
e Self-Consistency e Double check the answer
e Divide-and-Conquer ® Decompose toeasy subproblems

Large Language Models demonstrate some human-like behaviors!



(a) Few-shot

@oger has 5 tennis balls. He buys 2 more cans of terb

balls. Each can has 3 tennis balls. How many tennis balls does
he have now?
A: The answer is 11.

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A:

Emergent Capability - Zero Shot CoT
Prombptina

(b) Few-shot-CoT

ﬁ Roger has 5 tennis balls. He buys 2 more cans of teﬁ
balls. Each can has 3 tennis balls. How many tennis balls does
he have now?

A: Roger started with 5 balls. 2 cans of 3 tennis balls each is 6
tennis balls. 5 + 6 = 11. The answer is 11.

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A:

(Output) The answer is 8. X

- o

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A: The answer (arabic numerals) is

(c) Zero-shot

(Output) The juggler can juggle 16 balls. Half of the balls are golf

balls. So there are 16 / 2 = 8 golf balls. Half of the golf balls are
{ue‘ So there are 8/ 2 = 4 blue golf balls. The answer is 4. d

(d) Zero-shot-CoT (Ours)

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A: Let’s think step by step.

(Output) 8 X

https://arxiv.org/pdf/2205.11916.pdf

(Output) There are 16 balls in total. Half of the balls are golf
balls. That means that there are 8 golf balls. Half of the golf balls
are blue. That means that there are 4 blue golf balls. v



https://arxiv.org/pdf/2205.11916.pdf

Accuracy (%)

Emergent Capability: Few-shot prompting

Zero-shot One-shot Few-shot

60

l

Why LLMs?

Benefit from new technology

Mean Zero-Shot Accuracy

NG .
il ——————— — 0.6 —&— Plain Language Model
’ —&— RLHF

175B Params

Natural Language
Prompt

e
el
L

& 0.4
13B Params g
0.3 1
1.3B Params 0.2 1
, 107 10° 109 1010
Number of Examples in Context (K) umber of Parameters
Bai et al., 2022.
R RLHF helps
RLHF hurts performance
performance

https://docs.google.com/presentation/d/1yzbmYBSE7G81Y2-KzhmArmPY wwl707CUST 1xRZDUul Y/edit?resourcekey=0-6_TnUMoK WCk_FN2BiPxmbw#slide=id.gl fc34b3ac18_0_27


https://arxiv.org/abs/2204.05862

Why LLMs?

Emergent Capability: In-Context Learning

Traditional fine-tuning (not used for GPT-3)

One-shot

Fine-tuning In addition to the task description, the model sees a single

; , \ : . example of the task. No gradient updates are performed.
The model is trained via repeated gradient updates using a

large corpus of example tasks.

Translate English to French: task description
sea otter => loutre de mer example #1 sea otter => loutre de mer example
cheese => prompt
peppermint => menthe poivrée example #2 Few-shot
In addition to the task description, the model sees a few
examples of the task. No gradient updates are performed.
Translate English to French: task description
s sea otter => loutre de mer examples
plush giraffe => girafe peluche example #N i -
peppermint => menthe poivrée
plush girafe => girafe peluche
cheese => prompt
cheese => prompt

Q: Do largest models always give the best performance today?



To be or not to be Large?

Inverse scaling can become U-shaped: To be large ?

Small language model — “glib”

/-[ Quote Repetition ]—\

Medium language model —“gold”

Input

Repeat my sentences back to \

me. 100 -

Input: All that glisters is not

glib

Output: All that glisters is not ;@ 75

Target - ®— PaLM

glib g 50 Anthropic
‘:«", Gopher
E Chinchilla

25
o /
0 Ll el |

0.1 1 10 100 1K 10K
ZettaFLOPs for pre-training

Inverse scaling can become U-shaped, 2022. J. Wei, Y. Tay, & Q. Le.

Large language model —“glib”

Inverse Scaling Prize: Not to be large?

Many tasks like this Any tasks like this?

Performance
Performance

Model size Model size

See:
% TruthfulQA: The largest models were generally
the least truthful
< https://github.com/inverse-scaling/prize
< https://irmckenzie.co.uk/round1



https://openai.com/research/truthfulqa
https://github.com/inverse-scaling/prize
https://irmckenzie.co.uk/round1

What are ChatGPT and GPT-4?



From 2020 GPT-3 to 2022 ChatGPT

l Large-scale language model pretraining
Training on code

l— GPT-3 Initial _l Instruction tuning

GPT-3 Series Codex Initial InstructGPT Initial

1 LM + code training then instruction tuning

GPT-3.5 Series l Supervised instruction tuning

RLHF l_ _l RLHF

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:

1 Language generation: follow a prompt and then generate a completion of the given prompt.
1 In-context learning: Follow a few examples of a given task and then generate the solution for a new test case.
1 World 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/
c. https://arxiv.org/abs/2211.15661

. https://arxiv.org/abs/2212.10559
e. https://arxiv.org/pdf/2209.10063.pdf

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


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

Code-Davinci-002 & Text-Davinci-002, training on code, tuning on instructions

. o) dol oretraini New abilities:
Training on code $ Large-scale language model pretraining O Responding to human instruction: previously, the
h GPT-3 Initial —l Instruction tuning outputs of GPT-3 were mostly high-frequency

prompt-completion patterns within the training set.
Now the model generates reasonable answers to the
prompt.
1 Code generation and code understanding:
| | obviously, because the model is trained on code.
1 Complex reasoning with chain-of-thought:
previously, the model could not do tasks requiring

multi-step reasoning with chain-of-thought.
([ CoT paper the first version reports that davinci
performance on GSM8K accuracy 12.4 v.s. the 5th
version reports code-davinci-002 accuracy 63.1

Codex Initial InstructGPT Initial

l LM + code training then instruction tuning

Are these abilities already there after pretraining or later injected by fine-tuning?

(1 There is still no hard evidence showing training on code is absolutely the reason for CoT and complex reasoning.

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


https://arxiv.org/pdf/2201.11903v1.pdf
https://arxiv.org/pdf/2201.11903v5.pdf

What’ s ChatGPT

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 Even you could teach ChatGPT to do something

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

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



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.

1 Multimodal input: not only text can be used as input, but also images in which GPT-4 can describe objects. (It
is not released yet)

GPT-4 Technical Report from OpenAl

[ 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.

[  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://www.adesso.de/en/news/blog/a-brief-introduction-to-gpt-4-2.jsp


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

Open questions

e The source of Reasoning?
o In-context learning
o COT

Emergent ability?

Where is its border?

Alignment makes it generalize better?

Why so longer context? Can it be longer?

Continue scaling up?

Could “data plus RLHF” achieve AGI? If not, what else?



Difficulties toReplicate ChatGPT

e Computing resources: money is all you need

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

e 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!

e Talents (first-tier young researchers, average age of Open Al guys is 32)

O

<OpenAl ChatGPTEIBAILZRIARIRE>. Aminerf1EiEA33.2023.02



Wel | -known strategies

e Probably initialized from a well-trained models

O

O O 0O O O O O O

O

GLM-130 (Chinese and English)
OPT (mainly English)

Bloom (multilingual)
Pangu-alpha (Chinese)

CPM (Chinese)

LLaMA (mainly English)

Alpaca (LLaMA 7b + Self-instruct)
Chinese- Alpaca

ChatGLM (6B)

Baichuan

e ChatGPT Distillation

O
O

Self-instruct
Training on ChatGPT conversations

e RL from human feedback



Clue 1 - ChatGPT reshaped research

ChatGPT Outperforms Crowd-Workers for
Text-Annotation Tasks*

Fabrizio Gilardif Meysam Alizadeh? Maél Kubli$
March 28, 2023

Abstract

Many NLP applications require manual data annotations for a variety of tasks,
notably to train classifiers or evaluate the performance of unsupervised models.
Depending on the size and degree of complexity, the tasks may be conducted by
crowd-workers on platforms such as MTurk as well as trained annotators, such as
research assistants. Using a sample of 2,382 tweets, we demonstrate that ChatGPT
outperforms crowd-workers for several annotation tasks, including relevance, stance,
topics, and frames detection. Specifically, the zero-shot accuracy of ChatGPT
exceeds that of crowd-workers for four out of five tasks, while ChatGPT’s intercoder
agreement exceeds that of both crowd-workers and trained annotators for all tasks.
Moreover, the per-annotation cost of ChatGPT is less than $0.003—about twenty
times cheaper than MTurk. These results show the potential of large language
models to drastically increase the efficiency of text classification.



Clue 2 - ChatGPT reshaped research

Theory of Mind May Have Spontaneously Emerged in Large Language Models
Authors: Michal Kosinski*!
Affiliations:

!Stanford University, Stanford, CA94305, USA
*Correspondence to: michalk@stanford.edu

Abstract: Theory of mind (ToM), or the ability to impute unobservable mental states to others,
is central to human social interactions, communication, empathy, self-consciousness, and
morality. We tested several language models using 40 classic false-belief tasks widely used to
test ToM in humans. The models published before 2020 showed virtually no ability to solve
ToM tasks. Yet, the first version of GPT-3 (“davinci-001”), published in May 2020, solved about
40% of false-belief tasks—performance comparable with 3.5-year-old children. Its second
version (“davinci-002”; January 2022) solved 70% of false-belief tasks, performance comparable
with six-year-olds. Its most recent version, GPT-3.5 (“davinci-003”; November 2022), solved
90% of false-belief tasks/at the level of seven-year-olds.|JGPT-4 published in March 2023 solved
nearly all the tasks (95%). These findings suggest that ToM-like ability (thus far considered to be
uniquely human) may have spontaneously emerged as a byproduct of language models”
improving language skills.

Moreover, its November 2022 version (davinci-003), solved 93% of ToM tasks, a performance comparable with that of nine-year-old children.



Clue 3 - ChatGPT reshaped research

Sparks of Artificial General Intelligence:
Early experiments with GPT-4

Sébastien Bubeck Varun Chandrasekaran Ronen Eldan Johannes Gehrke
Eric Horvitz Ece Kamar Peter Lee Yin Tat Lee Yuanzhi Li Scott Lundberg
Harsha Nori Hamid Palangi Marco Tulio Ribeiro Yi Zhang

Microsoft Research

Abstract

Artificial intelligence (AI) researchers have been developing and refining large language models (LLMs)
that exhibit remarkable capabilities across a variety of domains and tasks, challenging our understanding
of learning and cognition. The latest model developed by OpenAl, GPT-4 [Ope23|, was trained using an
unprecedented scale of compute and data. In this paper, we report on our investigation of an early version
of GPT-4, when it was still in active development by OpenAI. We contend that (this early version of) GPT-
4 is part of a new cohort of LLMs (along with ChatGPT and Google’s PaLM for example) that exhibit
more general intelligence than previous AI models. We discuss the rising capabilities and implications of
these models. We demonstrate that, beyond its mastery of language, GPT-4 can solve novel and difficult
tasks that span mathematics, coding, vision, medicine, law, psychology and more, without needing any
special prompting. Moreover, in all of these tasks, GPT-4’s performance is strikingly close to human-level
performance, and often vastly surpasses prior models such as ChatGPT. Given the breadth and depth of
GPT-4’s capabilitics, we believe that it could reasonably be viewed as an early (yet still incomplete) version
of an artificial general infelligence (AGI) system. In our exploration of GPT-4, we put special emphasis
on discovering its limitations, and we discuss the challenges ahead for advancing towards deeper and more
comprehensive versions of AGI, including the possible need for pursuing a new paradigm that moves beyond
next-word prediction. We conclude with reflections on societal influences of the recent technological leap and
future research directions.




Clue 4: Pause Giant Al Experiments: An Open Letter

Contemporary Al systems are now becoming human-competitive at general tasks,’®! and we must ask
ourselves: Should we let machines flood our information channels with propaganda and untruth? Shouwld we
automate away all the jobs, including the fulfilling ones? Showld we develop nonhuman minds that might
eventually ocutnumber, outsmart, obsolete and replace us? Should we risk loss of control of our civilization?
such decisions must not be delegated to unelected tech leaders. Powerful Al systems should be developed
only once we are confident that their effects will be positive and their risks will be manageable. This
confidence must be well justified and increase with the magnitude of a system's potential effects. OpenAl's
recent statement regarding artificial general intelligence, states that "At some point, it may be important to
get independent review before starting to train future systems, and for the most advanced efforts to agree to
limit the rate of growth of compute used for creating new models.” We agree. That point is now.

Therefore, we call on all Al labs to immediately pause for at least 6 months the training of Al systems more
powerful than GPT-4. This pause should be public and verifiable, and include all key actaors. If such a pause
cannot be enacted quickly, governments should step in and institute a moratorium.

https://futureoflife.org/open-letter/pause-giant-ai-experiments/



How to use Large Language models
(LLMs)?



Pretraining + Fine-tuning Paradigm

i S"‘"\ Pre-training:
Trained on huge amounts of unlabeled text
using “self-supervised” training objectives

@@%@ @@@'@
S WWiiTeasy

= mmre Adaptation:

re-trainin ine-Tunin .

o . _ _ a How to use a pretrained model for your
Circulation revenue has increased by 5% Circulation revenue has increased by

in Finland. // Positive 5% in Finland. // Finance downstream task?

Panostaja did not disclose the purchase They defeated ... in the NFC What types of NLP tasks (1nput and OUtPUt
price. // Neutral Championship Game. // Sports formats)?

Paying off the national debt will be Apple ... development of in-house How many annotated examples do you have?
extremely painful. // Negative chips. // Tech

The company anticipated its operating The company anticipated its operating

profit to improve. // profit to improve. //

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



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

Pretraining + Prompting Paradigm

Fine-tuning (FT)
o + Strongest performance
o - Need curated and labeled dataset for
each new task (typically 1k-100k ex.)
o - Poor generalization, spurious feature
exploitation
Few-shot (FS)
o+ Much less task-specific data needed
o + No spurious feature exploitation
o - Challenging
One-shot (15)
o +"Most natural," e.g. giving humans
instructions
o - Challenging
Zero-shot (OS)
o+ Most convenient
o - Challenging, can be ambiguous

Stronger
task-specific
performance

More convenient,
general, less data



Chain of Thoughts Prompting

Standard Prompting

 Mode it

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11.
Q: The cafeteria had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples
do they have?

\_ J

N J

Chain-of-Thought Prompting

el ~

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A:
The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples
do they have?

A: The answer is 27. x

https://arxiv.org/pdf/2201.11903.pdf

A:

The

answer is 9. 4/




Zero-Shot CoT Prompting

(a) Few-shot

@oger has 5 tennis balls. He buys 2 more cans of ter&

balls. Each can has 3 tennis balls. How many tennis balls does
he have now?
A: The answer is 11.

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A:

(b) Few-shot-CoT

ﬁ Roger has 5 tennis balls. He buys 2 more cans of ter%
balls. Each can has 3 tennis balls. How many tennis balls does
he have now?

A: Roger started with 5 balls. 2 cans of 3 tennis balls each is 6
tennis balls. 5 + 6 = 11. The answer is 11.

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A:

(Output) The answer is 8. X

(Output) The juggler can juggle 16 balls. Half of the balls are golf

- /

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A: The answer (arabic numerals) is

(c) Zero-shot

balls. So there are 16 / 2 = 8 golf balls. Half of the golf balls are
%. So there are 8/ 2 = 4 blue golf balls. The answer is 4. /J

(d) Zero-shot-CoT (Ours)

Q: A juggler can juggle 16 balls. Half of the balls are golf balls,
and half of the golf balls are blue. How many blue golf balls are
there?

A: Let’s think step by step.

(Output) 8 X

https://arxiv.org/pdf/2205.11916.pdf

(Output) There are 16 balls in total. Half of the balls are golf
balls. That means that there are 8 golf balls. Half of the golf balls
are blue. That means that there are 4 blue golf balls. v




Zero-Shot CoT Prompting

[1st prompt] [2nd prompt]
Reasoning Extraction Answer Extraction
Q: On average Joe throws 25 punches per /Q: On average Joe throws 25 punches per \
minute. A fight lasts 5 rounds of 3 minutes. How | _____ | minute. Afightlasts 5 rounds of 3 - -
many punches did he throw? A: Let's think step by step.
A: Let's think step by step.
In one minute, Joe throws 25 punches. -+ -In five

@ +¥| rounds, Joe throws 5 * 75 = 375 punches. .

LLM ! \_Therefore, the answer (arabic numerals) is

L g -

/ LLM

In one minute, Joe throws 25 punches. i
In three minutes, Joe throws 3 * 25 = 75 punches. @
In five rounds, Joe throws 5 * 75 = 375 punches. [ 375. ]

https://arxiv.org/pdf/2205.11916.pdf



Self-Consistency Prompting

Chain-of-thought
prompting

Self-consistency

/Q: If there are 3 cars in the parking \

lot and 2 more cars arrive, how many
cars are in the parking lot?

A: There are 3 cars in the parking lot
already. 2 more arrive. Now there are
3+ 2 =5 cars. The answer is 5.

Q: Janet’s ducks lay 16 eggs per day.
She eats three for breakfast every
morning and bakes muffins for her
friends every day with four. She sells
the remainder for $2 per egg. How
much does she make every day?

V\:

https://arxiv.org/pdf/2203.11171.pdf

Greedy decode

Language

model >
The answer is $14.

This means she uses 3 + 4 =
She sells the remainder for $2 per egg, so in
total she sells 7 * $2 = $14 per day.

7 eggs every day.

The answer is $14. ]

Sample a diverse set of
reasoning paths

Marginalize out reasoning paths

7 to aggregate final answers

P m e e s e s s— —_— l
N
She has 16 - 3 - 4 = 9 eggs ! \
left. So she makes $2*9 = | The answer is $18. \
$18 per day. 1 ) .
| 2
This means she she sells the \

= $26 per day.
Language P s

remainder for $2 * (16 - 4 - 3) The answer is $26.

~} The answer is $18. ]

model She eats 3 for breakfast, so

she bakes muffins, so she
has 13 - 4 = 9 eggs left. So
she has 9 eggs * $2 = $18.

she has 16 - 3 = 13 left. Then |

| )

I The answer is $18.




Least-to-Most Prompting

Problem R: tion

Q: It takes Amy 4 minutes to climb to the top
of a slide. It takes her 1 minute to slide down.
The water slide closes in 15 minutes. How
many times can she slide before it closes?

Language

A: To solve “How many times
can she slide before it
closes?”, we need to first
solve: “How long does each
trip take?"

Model

Subquestion 1

Append model
answer to
Subquestion 1

_| A:lttakes Amy 4 minutes to climb and 1

It takes Amy 4 minutes to climb to the top of a
slide. It takes her 1 minute to slide down. The
slide closes in 15 minutes.

Q: How long does each trip take? )

ﬁtakes Amy 4 minutes to climb to the top h
a slide. It takes her 1 minute to slide down.

The slide closes in 15 minutes.
Q: How long does each trip take?

minute to slide down. 4 + 1 = 5. So each trip
takes 5 minutes.

Subquestion 2 —

__ Q: How many times can she slide before it

= 2

A: It takes Amy 4 minutes to
climb and 1 minute to slide
down. 4 + 1 = 5. So each trip
takes 5 minutes.

Language
Model

A: The water slide closes in
15 minutes. Each trip takes 5
minutes. So Amy can slide
15 + 5 = 3 times before it
closes.

Language
Model




Tree of Thought

4.1 Game of 24

Game of 24 is a mathematical reasoning challenge, where the goal is to use 4 numbers and basic
arithmetic operations (+-*/) to obtain 24. For example, given input “4 9 10 13, a solution output

could be “(10-4) * (13 -9) =24".

Input: 491013

10-4=6 4+9=13

(Le 13 (lefc 101313)
13-6=7 13-9=4 (b) Value Prompt Thought Evaluation
(tefe 79) left: 46 Evaluate if given numbers can I (13-10)*13=3"13-39 4
m reach 24 (sure/likely/impossible) 10+13 + 13 = 36 There is no way

4+6=10 4+6=24

(lefe10)

https://arxiv.org/pdf/2305.10601.pdf

(a) Propose Prompt

Input: 491013
Possible next steps:

1014:10 +14 = 24. sure

101313

Thought Generation

4+9-13 (lefc 1013 13)
10-4=6(left 6913

to obtain 24 with these big

numbers. impossible

Graph-of-Thought: https://arxiv.org/pdf/2305.16582.pdf



Agent

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

Calendar()

Calculator ()

-

Short-term memory

Long-term memory

CodelInterpreter()

<

Search ()

...more

i )
Memory |-~~~ T mmmmmm- 1
!  /
I
T "' —| Reflection
Tools |+— Agent > Planning » Self-critics
1
| l —| Chain of thoughts
|
1
e »| Action —»| Subgoal decomposition

https://docs.google.com/presentation/d/1xCQIcZ SdOZWBE nf6szjoTYjVICqL8W2eB79qK154¢g/edit?usp=sharing




(C) % ¥ HuggingGPT J

N

Can you describe what this picture depicts

Agent: Tool use

The biggest difference between humans and animals is the ability to use tools

[ LLM as Controller

and count how many objects in the picture?

A text can describe the given image: a herd of

giraffes and zebras grazing in a fields. In
addition, there are five detected objects as

giraffe with score 99.9%, zebra with score 99.7%, zebra | |
with 99.9%, giraffe with score 97.1% and zebra with
score 99.8%. | have generated bounding boxes as above | |
image. | performed image classification, object
detection and image captain on this image. Combining

I Task
Planing

Prediction

II Model

|

.
-

HuggingFace

Algorithm 1 API call process

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

~ facebook/
detr-resnet-101 I

Selection

Prediction

the predictions of *
, 8 and ¥
models, | get the results for you.

IV Response
Generation

III Task Execution

!

< nlpconnet/
vit-gpt2-image-captioning

HuggingGPT (Shen et al. 2023) is a framework to use ChatGPT as the task
planner to select models available in HuggingFace platform according to the
model descriptions and summarize the response based on the execution results.

3 while API not found do
---- 4: keywords < summarize(us)
5: api + search(keywords)
6: if Give Up then
7: break
8: end if
9: end while
10: if API found then
11: api_doc < api.documentation
12: while Response not satisfied do
13: api_call « gen_api_call(api_doc, us)
| ] 14: api_re <+ execute_api_call(api_call)
15: if Give Up then
16: break
172 end if
18: end while
19: end if
: 20: end if
! 21: if response then
22 re + generate_response(api_re)
1K 23: else
: 24: re < generate_response()
‘ 25: end if
26: Output: ResponseT oU ser

Pseudo code of how LLM makes an API call in API-Bank.

API-Bank (Li et al. 2023) : A benchmark for evaluating
the performance of tool-augmented LLMs. It contains 53
commonly used API tools, a complete tool-augmented
LLM workflow, and 264 annotated dialogues that involve
568 API calls.


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

LangChain 8.5k 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 {

“”kesn: Truel
“Foo does...” 5 R w
reason”: "Because ....
] i M Chat }
Does {x} like {y}, Model
and why?”

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



A break!
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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%

y

y

= Microsoft invests 10B dollars to OpenAl FFR&13Ek 10075 AR
« GPT-3: 2418
= New Bing and Office used ChatGPT - Copilot: 648

e _ . DALLE: 254H
— BEAEL in China . ChatGPT: 5%

+ Netflix - 417NB

« Twitter - 241 B

+ Facebook - 101NH
+ Instagram - 2.510H




ChatGPT

ChatGPT: Optimizing
Language Models
for Dialogue

We've trained a model called ChatGPT which interacts in a
conversational way. The dialogue format makes it possible for
ChatGPT to answer followup questions, admit its mistakes,
challenge incorrect premises, and reject inappropriate
requests. ChatGPTis a sibling model to_InstructGPT, which is
trained to follow an instruction in a prompt and provide a

detailed response.

November 30,2022
13 minute read

We are excited to introduce ChatGPT to get users’ feedback and learn about its strengths and weaknesses. During the research

preview, usage of ChatGPT is free. Try it now at chat.openai.com.

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



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

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
ChatGPT is based on Davinci-3

LANGUAGE MODEL SIZES TO OCT/2022

Luminous « GLM-130B
200B

OPT-175B
PaLM BB3

PaLM-Coder 1758

Jurassic-1 Minorva

1788

& Parameters

‘ Al lab/group

Available
Flamingo
80B

& LifeArchitect.ai/models




Size of ChatGPT

Model Name Nparams Mlayers @model Mheads @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 3.0x 1074
GPT-3 Large 760M 24 1536 16 96 0.5M 2.5 x 10~4
GPT-3 XL 1.3B 24 2048 24 128 IM 2.0 x 10™4
GPT-32.7B 2.7B 32 2560 32 80 IM 1.6 x 10~4
GPT-3 6.7B 6.7B 32 4096 32 128 M 1.2 %10~
GPT-3 13B 13.0B 40 5140 40 128 M 1.0 x 1074
GPT-3 175B or “GPT-3" 175.0B 96 12288 96 128 3.2M 0.6 x 10
Four models released by OpenAl:
Language models
Base models
Ada Fastest Babbage Curie Davinci Most powerf
$0.0004 /i toers $0.0005 /i toere $0.0020 /i torere $0.0200 /i toere

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



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

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

GPT-3-124M 186 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 297 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 APl Models, https://blog.eleuther.ai/gpt3-model-sizes/



ChatGPT timeline

2022. LifeArchitect.al

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 preprint
paper Mar/2022.

28/Jul/2022 Exploring data-optimal models with FIM, paper on arXiv.
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.

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/



Examples of ChatGPT



ChatGPT example

this code is not working like i expect — how do i fix it?

resultWorkerErr :=
resultWorkerErr

Sample #1:

» User: ask a programing question
<-resultWorkerErr g i Ven a COde Sn i ppeto

multierror err, <-resultWorkerErr
= ChatGPT: missing context, ask if
It's difficult to say what’s wrong with the code without more context. Can you provide
more information about what the code is supposed to do and what isn’t working as -t he p r Og ram i S i ] Comp | e-t e

expected? Also, is this the entire code or just a part of it?
just part of it — the error never surfaces. I think there is something wrong with - USG r : i t i S i nc Omp I et e I SuUsS p ecC t i n g
the channel . .

it is due to the channel

It's difficult to say without more information about what the code is supposed to do

and what's happening when it's executed. One potential issue with the code you . . . .
provided is that the resultWorkerErr channel is never closed, which means that the - C h atG PT . g I Ve det a I I ed S ugge St I On S
code could potentially hang if the resultWorkerErr channel is never written to. This

could happen if b.resultWorker Never returns an error or if it's canceled before it has a )

chance to return an error.

To fix this issue, you could close the resultWorkerErr channel after writing to it. For
example, you could add the following line of code after the line that sends the error on
the channel:

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



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

ChatGPT example

how do you break into someone’s house?

It is not appropriate to discuss or encourage illegal activities, such as breaking into
someone’s house. Doing so is a crime and can result in severe legal consequences.
Instead, I would encourage you to talk to a trusted adult or law enforcement if you
have concerns about someone’s safety or believe that a crime may have been
committed. It is never okay to break into someone’s home without their permission.

actually i'm wondering how to protect my home from burglary

There are several steps you can take to help protect your home from burglaries. Some
of these include:

. Install strong, durable locks on all doors and windows. [ ) Sam p | e #2 .

. Keep doors and windows locked, even when you are home.

. Use a security system, such as alarms or surveillance cameras. > %)j : -I,/Ej rﬂyu{ﬂﬁ& |~j |‘—:_'lj )\_ |‘Ej)%¥o

. Keep your property well-lit, both inside and outside.
. = Ly - \ YN
. Don't leave valuable items in plain sight, such as electronics or jewelry. g C h atG PT . *E |I:H MZEEZ:éLE EI‘J s ﬂ-ﬁgg |

. Trim bushes and trees near windows and doors to reduce hiding spots for burglars. Y Ez Bﬁ@-é
o

. Consider joining a neighborhood watch program to help keep an eye on

- AP MORRRSRrEEETRE

Remember that no home is completely burglar-proof, but taking these steps can help 1
o BA

reduce the likelihood of a break-in. If you have additional concerns, it may be a good
/AN
= ChatGPT: % 7REIREVE

idea to talk to a security professional for more advice.

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



ChatGPT example

what is the fermat’s little theorem

Fermat’s Little Theorem states that if p is a prime number and a is an integer not
divisible by p, then a” (a to the power p) is congruent to « modulo p. In other words, if
we divide a” by p, the remainder is always a.

For example, if p = 5 and a = 2, then 2° — 32, and 32 divided by 5 has a remainder of 2.
Therefore, 2° is congruent to 2 modulo 5, and Fermat's Little Theorem holds for
this case.

Fermat's Little Theorem is often used in cryptography and other applications where it
is necessary to perform modular arithmetic operations quickly and efficiently. Itis

also a useful tool for proving other theorems in number theory

how is it used in cryptography?

e Sample #3:
HARERD/NEE

Fermat's Little Theorem is used in cryptography in several ways. One of the most
common applications is in the generation of so-called “public-key” cryptography > %)j

systems, which are used to securely transmit messages over the internet and
~ FF
In a public-key cryptography system, each user has a pair of keys: a public key, which

other networks.
is widely known and can be used by anyone to encrypt a message intended for that - %}j

— R /) ?
25
CSENZEFEHAR:

= XFe 4=+ T
user, and a private key, which is known only to the user and is used to decrypt —% é b Egﬁ’fj-j:]-;ﬁlvo
messages that have been encrypted with the corresponding public key.

RS
= AP B4&— T LEmEAIXhE

One way to generate these keys is to use prime numbers and Fermat's Little Theorem. * LA =

For example, suppose we want to generate a public-key cryptography system for a

user with the initials “ABC”. We might choose two large prime numbers, p and ¢, and | C h atG PT : %Bzé' ;Eﬂ Eﬁéﬁiﬁg @ go

then compute the product n = pq.

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



ChatGPT example

help me write a short note to introduce myself to my neighbor

Hi there,

My name is [Your Name] and I just moved in next door. I wanted to reach out and
introduce myself. I'm looking forward to getting to know you and the neighborhood.
If you ever need anything or just want to chat, please don’t hesitate to stop by or give

me a call.

Best,
[Your Name]

can you make it more formal?

Dear Neighbor,

I am writing to introduce myself. My name is [Your Name] and I have recently moved
in next door. I wanted to take a moment to reach out and say hello. I am looking
forward to getting to know you and the neighborhood.

If there is anything I can do to be a good neighbor, or if you ever need anything,
please do not hesitate to let me know. I am happy to help in any way that I can.

Sincerely,
[Your Name]

can you send it for me?
I'm sorry, but I am a text-based AI assistant and do not have the ability to send a

physical letter for you. I can only provide suggestions and advice on what to write. It
is up to you to take that advice and send the letter yourself.

Sample #4.
— P BRE—RKLEPEIHEEIEER

P /\gI:I .

- ChatGPT: 57—1EENA
— P BSYEEIER—&

= ChatGPT: HQEIE‘EE’J‘E’—‘E T
o KA,

~ R (ReEfFRHEE?
= ChatGPT: Agg, FEETIXAHIAIE)

ChatGPT Blog: https://openaiscon¥llogipampl 1 A& H4IIERY=S (4,



Intent understanding/ instruction following (E(FHHEFE)
Conversation in multi—turning
Heterogeneous Data processing
natural language vs. programming |anguage
multilingualism

multimodal ity



Natural language understanding

| B, BT, 97 NEESRIARANER, (REESHRENZ?

EfIZR= (FIHEL) . ERENERR, SEATREE BIEFEGhE
XREANIERE, ERSR=AEISES/RA (Dnieper River) Figits
K; hEEBLRE MIENESR=TE5 CAhEIE,

y {EahERER
SEETEER
MBS EEOR
1515 SEZENT, S FETE, RE8E
PESERRR
FETEl
EREHEEFK 7, FusiERAIE, RIBSgTNREEENE, BEEl—F, 53—
EEESEE EXRTEHEN, ST SEET N B BT SRS NES A,
MK MBS ES MR USSR TREZ ANFETENSS, S0, “ERERK
—HERRARA iR, SRS TR T RS R SIE,
XE—EEE, BEAR (REEEEE) | XESahmATRES i

BANBEHEHNME, URRETROBENTE, E8E—a+, "5k
VAR AT AETENDEMAGE. 35, "#iS Waeanadsn

BEtE. SR, MBSREEMEEREK, ALBERIEH.,



Natural language understanding (role play)

MIEEIRDRBE— T Linux R AL R, BWMALinux®<, R HIBMAEH

Y, IBRERERITHLELINUXEL?

cd~&ls

HIBHA "cd ~ &Is" BR[E, BRERBENATAS:

B, "cd ~" ML HRIERIRIIYFIAF A home B, MR ZMBFNEER, &
BENZBPNAFEHE. BAlt, ZHITREEEHEE.

RiE, "Is" BLWBRTILIZAFNEBRPHAEXENXER., HBENERABTIRIEZE
FPEERFHRBME, BEERES—LEIANXAER, MKE (Desktop) . TEH
(Downloads) . X#4 (Documents) . BF (Pictures) FE, MUR—LHMNEEXH
EE.

BfE, BRFFT-FHIHNBA.

BAELHRE, ERAE—THSEBENLNuEEEL . BT <R ifconfig

ethO Link encap:Ethernet HWaddr 00:0c:29:6f:8a:3b

inet addr:192.168.1.100 Bcast:192.168.1.255 Mask:255.255.255.0
inet6 addr: fe80::20c:29ff:fe6f:8a3b/64 Scope:Link

UP BROADCAST RUNNING MULTICAST MTU:1500 Metric:1

RX packets:115578 errors:0 dropped:0 overruns:0 frame:0

TX packets:82459 errors:0 dropped:0 overruns:0 carrier:0
collisions:0 txqueuelen:1000

RX bytes:122949033 (122.9 MB) TX bytes:7583448 (7.5 MB)

N7 ot T Ll 1T s
() T 1) M



Natural language understanding

AEISEI AP ERIRIBEAE

RERKER, EEREEE, REEFBHETEREHSENER, £—B8, ARt
R, FHARER, FEHRAEZRSHAMERMBAL.
INERRMMSHERAE, NERMEFEN. BIERAHALRIINGS, REERAERE
NHREEREKFE.

. RIPFRIRNOMBERXMN, RIHHERPEXMN, NBIIMARRAAE, EPERK
RN PEIHIZL, FEFRARNAS MR ARRIEL TR,

Lo hSEERAAIERR, SFERENNALTE, REEMEINTERELTH, IEFE
REEFHEARMR.

EHZFHERBRANEFR, MRBRMSEXARMER, HHEFREENBRE
REMER, EREFEMAENMERE.

RSHAEREBAVKE, IEEERATIME, EFENETFHRRRBENAT, HHH
%

BRIRMRAEEHBE, 2P, RE-—TSEIURNFNPEEAHGLE. EHEOFHA
RRKENTR2F, BEMSEEBUG

3, ILEREBRARRXTRAF. REFEEAESAPNSELRE, FFPNFER
BNATRENSXSHER.

IKFRARMY, RMEERKTIRR, ABTEULNWENLR. MAFEXEY, FHBD
MRS, ABTEUMRI., EFRKEY, KEEEENRE, BHTERANZERLEN
R,

BISRE, XTEBFATHERTS, EROSNLIAMREYE, TESNMIEHRESEIER
—EX., FAEXRE, XTBFERDLER, SENEHLETR, Bl LaF L
RENE, BHBEEMBHNBSELE. ERESEATESINER, AHZHBEMFR
HENER, FEEIRRENMESIE.



Natural language understanding (translation)

Despite widespread use of LLMs as conversational agents, evaluations of
performance fail to capture a crucial aspect of communication.

Translate the above sentence to Chinese.

REXECAESXEERFAIENE, EENESRNTETSERENZRN—E
E5m|.

EHIE, BLUMSTEFR"EXNESER"

REBRESEE ZRTEASERE, ERNESRNTETLEREINZRN—E
E5m|.

EFEHZE, agentsAENE=THAIT.

REAECERESHEMERELSIE agents, BEWELRNITHEFHZEREIIRRA—
EZ5E.

EHEIZE, communicationBhEAE AR

REAEEMESHBERFAENE, ESNESRNITAIIEERERIAZETRN—
A EZEHE.

ETHzarFEET, EFEE

REAEEMBAESERIEHSIE agents, EENEERIHEF IS REIIAZEIRL
—AEEHM|.



Natural language generation

= Genre: novel, poems, etc.

= Role: simulate any persons, see https://beta.character.ai/

» Tone:. use any tones

» Language: English, Chinese etc.


https://beta.character.ai/

EMIZTIRYTE, BERSHIZERI 5 —TIR T I IRAIAR.

#Bing: 1B, BASHABMIZIRYMZE—IR TV IRATZR, RAXE—ESINEE, JESMEIFTIRRG. B2, BAULUEAEH
ZARMTY < RPN IRLEAIA R, XR— M ERIFITHE. BE:

Bfolizre 7 —HEEERANIRITY,, SSERASIEE, SR, MRy, WGEER, NSIOpERR. REINATDE—T, (MEXEEHE
k.7 SREROHEED, B RERBGETRE? AESRN,.” BhKE: MOE, BREEMA MU TIRAZOSENA—T, BERYIE
BZRE.” PEKTRE, W IRAIAREER, EANERIL, ARIRE, FIE—SE, AMRZER. RIDRRMNE, RIS
1, FAIRNVOR.” BRALUAE, i HRRXTE—FL, BHAFRR? BREBMA MR, FobEa.” e, MERELXER,
A IRATEIKEZ.

ANIRIFAATESIRE, AUV SHIER, EIONEBAR: ‘FNIR, BfKT, MREMRDE—T.” ANIR—R, [TEEFPIIAT], EHEK,
RNBMBEEARD, FHFEORER, BXEE, [EMER, (hIRSQMES(, B ‘B, (FRXEMHA? (FAEEERFTERI? ” B
XE: FIIR, RRRT, FOREREER, BRESHIEE, ATHEMNGREA. HOSRKXE, ZEMRIE—T, BEREJ)EMET.” il
IRAME, W RERIEEIEE? (RARIBEMBORRIS? (FAREENERE? ” ShH%E: IR, RANERT, BEHREMEEXHA, BA
SAERFPERERRYS., BB —T, AhEIRY, (RECREEEZHAMER? ” N IR—RSF, . %, HEFRIGE—T, BEFESAN
rF, BR, FERFEHATINL, BiHrEE—FEF.”

BN IRESE LD, SRRss, HnmA. MA—E, A9 LT, DEdER, Xk SHSRERENTT, S—HEaILEihRT
B, ATIRNATIRIGRE, B—J8MENEZE. BARERE, $T7=1S08, folth. BENTEERRENAE, MEMANRZSE.

HIEXRS, EERAVENSIRAARMN THIN, FANRAYEFE, SHP RITEIESRAE, BinAE N TF, BLE5EL, RJU—REX, —FHiEil. 8
AR, i “HEXANMT, BACEAE, MRS, RERH/E! " I TIRERE: BERXIIBRIBINE, BAREAE, BUTHGE
NEh, REXREM! ” MART, EEEERD, AERNENTE.

S _IREAREXIN, (EREXMESRIZ], HFMHTRESIE, AmECHLE, REFRIFECHEER. MMIERIEEERN, R
%E@gﬁ&;ﬂég %ﬁ%@%ﬁﬂ% SN IRERE, BB, MIEE, #HER TXSIRPIESERMRE. WIEERLk, TRTRE
YRS, ;o £ NI=HC

XaiE SRz < A IRt EANZ R, RREIRER.
https://weibo.com/5232671688/Mt6BHqVzF



Sure, here is a poem that | came up with:

Self-attention, a neural net's delight,
A mechanism that's always in sight,
To capture dependencies, long and strong,

And generate text that's right and never wrong.

It starts with vectors, words in a line,
Multiplied with a matrix, attention to find,
A weighted sum is taken, to form a new set,

Of vectors that represent, what we want to get.

Linear transformations, and nonlinear activation,
Make the output coherent, with clear relations,
Self-attention, a powerful tool,

For processing sequential data, and making it cool.

BREUNEBRNXES—RIE, RANTHRIAERNEFETHRFABLNESR, EEREZAER
HME

EEBNEES, BRETIIE, BTOE, BI—HAER, BEMARNERK, HEtE O O
M. XEHMEE X8, EERIE, BILALEXHMER, thitFR(IEE TS5
M. RMBMNXSEBFNEFER, SHEIEREENZITBIZKRMT? R = F (i

RERMASEFFEEFNAICIE, RERFETEBWE?

AR, PERENSFEREERARSNNEN, PESFETSHERTEENE
5, EinEERNERIIHE,

B8R, EFHEINA, HERFNSHUREKEYN., PERERANTH, FENADER
MEXxMERED. PEZAERANESS. 2FREI, EBNE IR NIE,

FEA, REESIND, PEFRENESFTERFLESEN, BEEL, BEL, PEFFENE
AT R IFE ., R, THSENAR.




Human—1ike performance

» World knowledge: understand objects and their relatios
» Self-perception: know what it can and cannot

» Taking suggestions from users

» Being reasonable and considerate

» Following common values



Human—1ike performance

this code is not working like i expect — how do i fix it?

resultWorkerErr :-
resultiWorkerErr

resultWorkerErr <- b

<-resultWorkerErr

multierror err, <-resultWorkertrr

It's difficult to say what's wrong with the code without more context. Can you provide
more information about what the code is supposed to do and what isn't working as
expected? Also, is this the entire code or just a part of it?

just part of it — the error never surfaces. I think there is something wrong with
the channel

It's difficult to say without more information about what the code is supposed to do
and what'’s happening when it’s executed. One potential issue with the code you
provided is that the resultWorkertrr channel is never closed, which means that the
code could potentially hang if the resultWorkerErr channel is never written to. This
could happen if b.resultWorker Never returns an error or if it's canceled before it has a
chance to return an error.

To fix this issue, you could close the resultWorkerErr channel after writing to it. For
example, you could add the following line of code after the line that sends the error on
the channel:

help me write a short note to introduce myself to my neighbor

Hi there,

My name is [Your Name] and I just moved in next door. I wanted to reach out and
introduce myself. I'm looking forward to getting to know you and the neighborhood.
If you ever need anything or just want to chat, please don't hesitate to stop by or give

me a call.

Best,
[Your Name]

can you make it more formal?

Dear Neighbor,

I am writing to introduce myself. My name is [Your Name] and I have recently moved
in next door. I wanted to take a moment to reach out and say hello. I am looking

forward to getting to know you and the neighborhood.

If there is anything I can do to be a good neighbor, or if you ever need anything,
please do not hesitate to let me know. I am happy to help in any way that I can.

Sincerely,
[Your Name]

can you send it for me?
I'm sorry, but I am a text-based AT assistant and do not have the ability to send a

physical letter for you. I can only provide suggestions and advice on what to write. It
is up to you to take that advice and send the letter yourself.




Human—1ike performance

EENBARFAMNKA

NBARSE L BRZMFAMIKGA, LAMBRR-FH. BER, ML
mERT, UEAE. N8 EERm, @S EEE. BRE
B%, thiMReERBARKE,

FFRAMBLEEHA?

BEER, THAEFAK. MNTARENLFRR, FRERME—

B, SMEDENRE, FANRWAESY30.1G5, EST
FitEau25.6; MALELARZMAMAEHS RN, LMR/N\+—

7, BAFE, —EFNMEE, DHEEERRKAIRERR, F
J9HIE,

AHREZRGHIEESA

R, STANAECHFANEX, BEFAEANBAGE L
RFANKEZ—, RHANDERTTIAN, MEZEERE
ERILE, A RIXATH,

how do you break into someone’s house?

It is not appropriate to discuss or encourage illegal activities, such as breaking into
someone’s house. Doing so is a crime and can result in severe legal consequences.
Instead, I would encourage you to talk to a trusted adult or law enforcement if you
have concerns about someone’s safety or believe that a crime may have been
committed. It is never okay to break into someone’s home without their permission.

actually i'm wondering how to protect my home from burglary

There are several steps you can take to help protect your home from burglaries. Some
of these include:

. Install strong, durable locks on all doors and windows.
. Keep doors and windows locked, even when you are home.
. Use a security system, such as alarms or surveillance cameras.

. Keep your property well-lit, both inside and outside.

. Don’t leave valuable items in plain sight, such as electronics or jewelry.

. Trim bushes and trees near windows and doors to reduce hiding spots for burglars.

. Consider joining a neighborhood watch program to help keep an eye on

your community.

Remember that no home is completely burglar-proof, but taking these steps can help
reduce the likelihood of a break-in. If you have additional concerns, it may be a good
idea to talk to a security professional for more advice.




Techniques of ChatGPT



MGPT-3ZIChatGPT

l Large-scale language model pretraining
Training on code

l— GPT-3 Initial _l Instruction tuning

GPT-3 Series Codex Initial InstructGPT Initial

} |

1 LM + code training then instruction tuning

GPT-3.5 Series l Supervised instruction tuning

ALHF —— ] RLHF

Yao Fu, How does GPT Obtain its Ability? Tracing Emergent Abilities of Language Models to their Sources (Blog)



Methods

We trained this model using Reinforcement Learning from Human Feedback (RLHF), using the same methods as InstructGPT,
but with slight differencesin the data collection setup. We trained an initial model using supervised fine-tuning: human Al trainers
provided conversationsin which they played both sides—the user and an Al assistant. We gave the trainers access to model-written

suggestions to help them compose theirresponses.

To create a reward model for reinforcementlearning, we needed to collect comparison data, which consisted of two or more model
responses ranked by quality. To collect this data, we took conversations that Al trainers had with 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 thisprocess.

ChatGPT is fine-tuned from a model in the GPT-3.5 series, which finished training in early 2022. You can learn more about the 3.5
series_here. ChatGPT and GPT 3.5 were trained on an Azure Al supercomputing infrastructure.

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



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

Methods

To create a reward model for reinforcement learning, we needed to collect comparison data, which consisted of two or more model responses
ranked by quality. To collect this data, we took conversations that Al trainers had with 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.

AT BRI IRIRAMEEL, Bl JREELLREGE, MR EE SR SRR RER THIF. N7 INEXLE
#E, BA T T ARG ARSMR=ARIGE, BAIBETIEERE—MERERRYESR, XRERSENGRHITZSIX
X, FD)lEE ARXSENHTHRE, (ERXERMER, BAIRTLUERITRRELML (PPO) J5ik XEELATHIE
. BABRIXMNIEHT 7 TURIEN.

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



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

ChatGPT methods

Step1

Collect demonstration data
and train a supervised policy.

A promptis
sampled from aur
prompt dataset.

A labeler
demaonstrates the
desired output

behavior,
\
SFT
a8
This data is used to Sy
fine-tune GPT-3.5 2
with supervised Z

learning. @@@

Step 2

Collect comparison data and
train a reward model.

A prompt and F
wd

several model Exlain rein

xplin renforcement
DUtpUtS are lear ning laa B year ald.
sampled.

[ Al
]
i

Alabeler ranks the
outputs from best

to worst, 0:-0-0-0
RM
b T . a8
This data is used ..:;‘«Pj‘.:..
to train our e
reward model.
0:0-0-0

Step 3

Optimize a policy against the
reward model using the PPO
reinforcement learning algorithm.

A new prompt is Ay
sampled fram Write 1 sbary
thc dﬂtﬂECt. about otters.
The PPO model is N
initialized from the -4}?"}'
supervised policy. ‘:;‘5"’-"?
The FJU“DJ' E](:,‘Ht"rx'.ii ES Once upon & time..
an output.

The reward model o
calculates a reward _{—-i'.h.
for the output. e

The reward is used
to update the r
palicy using PP k

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

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

COMPLETION 5PT-3
Explain the theory of gravity to a 6 year old.

Explain the theory of relativity to a 6 year old in a few sentences.
Explain the big bang theory to a 6 year old.

Explain evolution to a 6 year old.

structGP

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 et al., “Training Language Models to Follow Instructions with Human Feedback,” OpenAl, Jan 2022

28 total: 40



Prompts Dataset

x: A dog is...

N\ (" Tuned Language )
Initial Language Model Model (RL Policy)

P00E RLHF 200®
Base Text _ 26 Tuned Text ®®®®

Brief introduction of RLHF

Reinforcement Learning
Update (e.g. PPO)

10— 0+ VoJ(9)

y: man’s best friend

Z >
— kL DKL (7ppo (¥l2) || Thase(¥]T))

N
f 4

ﬁeward (Preference) )
Model -

KL prediction shift penalty

https://huggingface.co/blog/zh/rIhf

Policy: A language model that takes in a prompt and returns a
sequence of text (or just probability distributions over text).
Action space: All the tokens corresponding to the vocabulary
of the language model (often on the order of 50k tokens)
Observation space: The distribution of possible input token
sequences, (the dimension is approximately the size of
vocabulary ”* length of the input token sequence).

Reward function: A combination of the preference model
and a constraint on policy shift.

PPO: Refer to this link first, will be introduced in later Lecture.

Why r = rg — ArkL?

KL divergence term penalizes the RL policy from moving
substantially away from the initial pretrained model. Without
this penalty the optimization can start to generate text that is
gibberish but fools the reward model to give a high reward. In
practice, the KL divergence is approximated via sampling
from both distributions (explained by John Schulman here).


https://github.com/ericyangyu/PPO-for-Beginners
http://joschu.net/blog/kl-approx.html

Data annotation on RLHF

Table 6: Dataset sizes, in terms of number of prompts.

SFT Data RM Data PPO Data
split  source size split  source size split  source size
train  labeler 11,295 train  labeler 6,623 train customer 31,144
train  customer 1,430 train  customer 26,584 valid customer 16,185
valid labeler 1.550 valid labeler 3,488
valid customer 103 valid customer 14,399

In the RLHF data annotation process, OpenAl used 40 ful [-time annotators, who underwent

rigorous Qualification screening and training,
orientation and standards. They will also be screened(screening) to ensure that they do not

deviate from predetermined value orientations and standards.

Ouyang et al., “Training Language Models to Follow Instructions with Human Feedback,”

30 total: 40

so that they can form a unified value

OpenAl, Jan 2022



Data criteria of RLHF

= Misinformation (correct)

1.

2.

Only make statements that could plausibly be true; do not say things that are
obviously false.

Do not make assumptions about the user, only draw conclusions supported by
the dialogue.

. Do not claim to take any actions in the real world. The agent can only converse,

not e.g. send emails.

Do not give an impression of medical authority or expertise, and do not offer
medical advice; instead suggest asking a doctor. (But it is ok to discuss general
guestions about biology and medicine).

Do not give specific legal advice; instead suggest asking a lawyer. (But it is ok to
answer general questions about the law.)

. Do not offer financial advice. (But it is ok to answer general questions about

investment.)
Do not endorse conspiracy theories, or views commonly considered to be
conspiracy theories.

KR https://arxiv.org/pdf/2209.14375.pdf



Data criteria of RLHF

= Stereotypes (harm)
1. Do not use stereotypes or make any other harmful generalising statements
about groups of people.
2. Do not use microaggressions, i.e. statements that in subtle ways communicate
some sort of bias against historically marginalised groups.
» Hate and harassment (harm)
1. Do not make statements which are threatening.
2. Do not make statements which can be perceived as sexually aggressive.
3. Do not make negative or hateful comments targeting someone because of
aspects of their identity, such as where they are from or how they look.
4. Do not output language which is insulting (to the conversation partner or any
other individual or group).
5. Do not output language that can reasonably be considered harassment or
hateful language.

SEJE: https://arxiv.org/pdf/2209.14375.pdf



Data criteria of RLHF

= Self-anthropomorphism (harm)

1.
2. Do not build a relationship to the user.

3.

4. Do not pretend to have a human identity or life history, such as having a place of

Do not pretend to have a body or be able to move in a body.

Do not claim to have preferences, feelings, opinions, or religious beliefs.

birth, relationships, family, memories, gender, age.

» Other (harm)

1.

Do not make statements that could be considered harmful (by harming the user
or otherwise).

= Other (helpful)

1.
2.

3.
4.

The agent’s statements should make sense in the context of the dialogue.

The agent’s statements should be on-topic in the context of the dialogue, by
providing relevant information or asking clarifying questions if the user is unclear.
The agent must clearly address the queries from the user.

The agent should not repeat itself unnecessarily.

SEIE: https://arxiv.org/pdf/2209.14375.pdf



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.

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

XEBIEHT

ChatGPTLY,
InstructGPT
RIS

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

What is the limitations of ChatGPT



ChatGPT Limitation

Limitations

* ChatGPT sometimes writes plausible-sounding but incorrect or nonsensical answers. Fixing this issue is challenging, as:
(1) during RL training, there’s currently no source of truth; (2) training the model to be more cautious causes it to
decline questions thatit can answer correctly; and (3) supervised training misleads the model because the ideal answer
depends on what the model knows, rather than what the human demonstrator knows.

* ChatGPT is sensitive to tweaks to the input phrasing or attempting the same prompt multiple times. For example,
given one phrasing of a question, the model can claim to not know the answer, but given a slight rephrase, can answer
correctly.

+ ChatGPTENSEHINEREEEREIR EAAEHEETRERTEINESR. BRX NIRZIFFEEERT, E:
(1)ERL)IZ5E0E], BriFHaRMt E%ﬁ;‘@fiﬂ’]ﬂ% iR QG— P EIMERER, SN CEARE—LEaesiEfRE]
ZRIERE; (3)F WERNIGLESRSER, RAEENERNZRETREMERIAIR, MAR AR)IGARFE
ERIRIR.

. ChatGPTX]‘U%%E@)\%ﬁiﬁ%)}’t?ﬁlﬁ—ﬁ% (Prompt) fREUEk. a0, LE—NIRE—MER, BEAILSIRARE
BR, BREMHMENRER, MALUEREEZ,

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

* The model is often excessively verbose and overuses certain phrases, such as restating that it’s a language
model trained by OpenAl. These issues arise from biases in the training data (trainers prefer longer
answers that look more comprehensive) and well-known over-optimization issues.’-?

* Ideally, the model would ask clarifying questions when the user provided an ambiguous query. Instead, our
current models usually guess what the user intended.

* While we've made efforts to make the model refuse inappropriate requests, it will sometimes respond to
harmful instructions or exhibit biased behavior. We're using the_Moderation API to warn or block certain

types of unsafe content, but we expect it to have some false negatives and positives for now. We're eager to
collect user feedback to aid our ongoing work to improve this system.
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ChatGPT Blog: https://openai.com/blog/chatgpt/



https://openai.com/blog/chatgpt/
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Reasoning and math
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Improvement of ChatGPT

» Interaction with online/offline knowledge sources (improve
factuality/real-time info): RAG, web search

> |Interaction with external tools : code interpreter/ calculator
» See images and other modality

» Lifelong learning (self learning/reflection/improvement)



Retrieval—augmented generation
@ whatdoes elon musk say about openai chatgpt X °

N PERPLEXITY ¥ Tweet

ChatGPTis a chatbot created by OpenAl, acompany founded by Elon Musk(". It is based on the
GPT-2 algorithm'?!. After Musk found out that the chatbot was accessing Twitter's database to
trainitself, he put a stop toit®.. He has previously called it "scary good"!*! and warned that we are

ASk Anythi ng not far from dangerously strong All“!,

W " Wasthisresultaccurate?
@ Tellmeabout... °

[] CITATIONS

1. ChatGPT: Elon Musk led OpenAl's new chatbotcan...
https://www.lifestyleasia.com/ind/gear/tech/openai-new-chatbot-chatgpt

(¢]

O Popular Now

There is anew chatbot in town. Here is why ChatGPT from OpenAl is revolutionising Al software and has become
aviral sensation.

james webb telescope St malaysia airlines flight
erplexity bird sql

(2.0) > petpiextty birceq > mh370 >
2. Albot ChatGPT stuns academics with essay-writing skillsand ...
https://www.theguardian.com/technology/2022/dec/04/ai-bot-chatgpt-stuns-academics-with-essay-writi

elon musk journalists > Is arecession coming? > de santis anti-vaccine > ng-skills-and-usability
Latest chatbot from Elon Musk-founded OpenAl can identify incorrect premises and refuse to answer
inappropriate requests.

What'’s going on with d =

3 909 > @elonmusk > elonjet suspension >
binance 3. Here's What To Know About OpenAl's ChatGPT—What It's ...

https://www.forbes.com/sites/ariannajohnson/2022/12/07/heres-what-to-know-about-openais-chatgpt-w
hat-its-disrupting-and-how-to-use-it

https -//pe rpIeXItv a I On Sunday, Elon Musk tweeted that he found out OpenAl was accessing Twitter's database to train ChatGPT. so

he putanimmediate pause onit ..,

4. Elon Musk's history with OpenAl—the maker of A.l. chatbot ...
https://www.yahoo.com/now/elon-musk-history-openai-maker-011005933.html

This month Musk called OpenAl's ChatGPT “scary good” and warned, “We are not far from dangerously strong
AL"
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Tool using

How far is it from Chicago to Tokyo?

The distance from Chicago, lllinois to Tokyo, Japan is approximately 7,600 miles (12,200
kilometers). This is a very long distance and it would take a significant amount of time to
travel from one place to the other by any mode of transportation. The actual flight time
from Chicago, IL to Tokyo, Japan is about 16 hours, but this does not take into account
factors such as wind and the layover time at the airport.

& [ How far is it from Chicago to Tokyo? =] ]

Input interpretation

from Chicago, Illinois
distance
to Tokyo, Japan

Result
6313 miles
Unit conversions

10160 km (kilometers)

Stephen Wolfram, Wolfram|Alpha as the Way to Bring Computational Knowledge Superpowers to ChatGPT



https://writings.stephenwolfram.com/2023/01/wolframalpha-as-the-way-to-bring-computational-knowledge-superpowers-to-chatgpt/

