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Partl. Introduction to the Final Project



Introduction

Have you explored the world of LLMs through our courses and assignments?

Now it’s time for the final project!

For this project, we invite you to choose an LLM-related task or problem that excites
you. Use what you've learned to create a solution, and present it through a final paper
and poster presentation.



Introduction

Team Work

Projects can be done individually or in teams, following these guidelines:

Team Size: Projects can be done solo or in teams of up to 3 people.

Teamwork Encouraged: We recommend completing the final project in a team. Larger teams
are expected to take on more ambitious projects.

Contribution: The final report should include each member’s contributions.

External Collaborators: You can work with people outside the course, but clearly state your
own contributions in the final report.



Introduction

Team Work

First of all, you need to finalize your team and your project topic.

Please submit your team member information and project topic through the

questionnaire at https: //wj.qq.com /s2 /16281550 /23ce. Note that you need to submit
by December 6, 2024.



https://wj.qq.com/s2/16281550/23ce

Introduction

submit your team information (DDL: December 6, 2024)

Fill out this questionnaire to submit your team information. You need to provide the project title and team

member details.
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LLMs Final Project (CSC6203)

Welcome to the team information survey for the final project of the course 'CSC 6203 Large Language Models' at

CUHKSZ in 2024. Please provide us with your team information and the title of your final project.
Please submit this questionnaire by December 6, 2024, as it may affect your final project grade and presentation.

* 01 Project name

ERA

* 02 Team members (up to 3)

Student ID

+ 17

Student Name



Introduction

Requirements
The final project includes a poster presentation and a final paper:

* Poster Presentation [Date: December 13, 2024]:Create a poster and present your project on-site. Use the
provided poster template:
https: //docs.google.com /presentation /d /1pBJuB-wazGyGHTiDNQ6msihS2cyyZDYL71VgE603ErE /edit#slid

e=id.pl.

* Final Paper [Deadline: December 27, 2024]: Submit a clear, concise PDF report about your project. Access the

report template here: https: /www.overleaf.com /read /rgxzgytxgbdp#f{50alc.


https://docs.google.com/presentation/d/1pBJuB-wazGyGHTiDNQ6msihS2cyyZDYL71VgE6o3FrE/edit#slide=id.p1
https://docs.google.com/presentation/d/1pBJuB-wazGyGHTiDNQ6msihS2cyyZDYL71VgE6o3FrE/edit#slide=id.p1
https://www.overleaf.com/read/rqxzgytxgbdp#f50a1c

Introduction

Requirements

The final project has two parts: a poster presentation and a final paper.

UNILOG: AUTOMATIC LOGGING VIA WARM-UP AND
IN-CONTEXT LEARNING

1. Poster Presentation 2. Project Report



Introduction

Poster Presentation

For the Poster Presentation, you need to design a poster to showcase your project. On
December 13, you will publicly present your poster and give a 4-minute introduction of
your project to the instructor.




Introduction

Final Paper

For the final paper, you need to write a paper about your project and submit it to the
BB system.

We provide a paper template for you:
https: /www.overleaf.com /read /rgxzgytxgbdp#{50alc



https://www.overleaf.com/read/rqxzgytxgbdp#f50a1c

Introduction

Grading Criteria

The final project is 55% of your total grade, so it's important to focus on it.

It has two parts: Project Presentation (15%) and Project Report (40%).



Introduction

Grading Criteria

The final project is 55% of your total grade, so it's important to focus on it.

It has two parts: Project Presentation (15%) and Project Report (40%).

Project Presentation (15%):
Your presentation will be evaluated by at least 3 experts, including TAs and one external professor or industry
scientist. The final score will be the average rating.

e Content Quality (5%): Posters should be well-organized and informative.
e Oral Presentation (5%): Aim for clear, enthusiastic delivery.
e Overall Assessment (5%): While subjective, this reflects common practice.



Introduction

Grading Criteria

Project Report (40%):

e Technical Excitement (15%): Take on a project that is interesting or useful!
e Technical Soundness (15%):
o Motivation: Explain why you chose this project and your approach.
o  Related Work: Cite relevant studies.
o Methods: Present your algorithms or systems clearly to demonstrate technical accuracy.
o  Evaluation: Describe an evaluation protocol and provide quantitative and qualitative results.
o Analysis: Discuss when and why your system works or fails, and interpret the outcomes.
e Clarity in Writing (5%): Write clearly and concisely for easy understanding.
e Individual Contribution (5%): Scored on individual efforts, subjectively evaluated.



Introduction

Grading Criteria

Bonus and Penalty:

e TA Favorites (2%): If a TA selects your project as their favorite, you get a 1% bonus. Each TA may nominate one project
or reserve their nomination. This bonus can only be earned once.

e Instructor Favorites (1%): If the instructor chooses your project as a favorite, you earn a 1% bonus. The instructor can
nominate up to three projects. You can earn both TA and Instructor favorites.
Early-Bird Bonus (2%): Submit your project report by the early deadline to earn a 2% bonus.
Code Reproducibility Bonus (1%): If the TAs find your project results easily reproducible, you earn an extra 1%.

Ethics Concerns (-1%): Any serious ethics concerns raised by the ethics committee (instructor and TAs) will result in a
1% penalty.



Part2. Topic Selection



Topic Selection

Important Notice

Again, you need to finalize your team and your project topic.

Please submit your team member information and project topic through the

questionnaire at https: //wj.qq.com /s2 /16281550 /23ce. Note that you need to submit
by December 6, 2024.



https://wj.qq.com/s2/16281550/23ce

Topic Selection

Topic selection

For topic selection, you may:
1) Choose one of the topics we will introduce, here we will provide 10 topics;

2) Propose your own topic, but it must be related to LLM.



Topic Selection

Topic selection—Topic 1: Vertical LLMs
Vertical large language models (LLMs) cover various fields like Medicine, Law, Finance, and more.
The main challenge is integrating new knowledge into these models through a pipeline that supports
continuous learning and updates. This ensures the model can accurately use new information while
preserving its current knowledge and performance, using advanced algorithms to maintain relevance
and enhance capabilities.

1.Continued Pre-training

2.Supervised Fine-tuning

3.Reinforcement Learning from Human Feedback (RLHF)

4.Retrieval-Augmented Generation (RAG)



Topic Selection

Topic selection—Topic 1: Vertical LLMs

It might involve:

1.Continued pre-training further trains large language models (LLMs) on new data to enhance
performance and adapt to specific domains, requiring substantial computational resources.

2.Supervised tuning refines LLMs using task-specific labeled datasets to guide the model toward
desired outputs.

3.Reinforcement Learning from Human Feedback (RLHF) uses human feedback to shape model
behavior through a reward mechanism, aligning it with human preference. Direct Preference
Optimization (DPO) is an effective practice within RLHF.

4 Retrieval-Augmented Generation (RAG) integrates external retrieval knowledge to improve the
model's capabilities. RAG can enable your LLM has newest or special information.



Topic Selection

Topic selection—Topic 2: Improvement on a Specific Ability
It might involve:

1.Alignment (RLHF)

2.Math reasoning

3.Reducing LLM hallucinations

4.Multi-turn conversation

5.Tool using

6.Agent

7.Embodied Al

8.Automatic theorem proving

9.Instruction following
10.Generation detection



Topic Selection
Topic selection—Topic 2: Improvement on a Specific Ability

It might involve:

® Alignment (RLHF): Use reinforcement learning from human feedback to align LLMs with human values,
ensuring outputs are safe, helpful, and unbiased.

® Math Reasoning: Enhance LLMs’ mathematical reasoning and problem-solving skills, as demonstrated in
datasets like GSM8K.

® Reducing Hallucinations: Improve LLM reliability by minimizing incorrect or false content (hallucinations)
through relevant knowledge or context.

® Multiple-Turn Conversation: Enhance LLMs’ ability to sustain context in extended conversations, crucial for
applications like customer service.

® Tool Using: Explore integration of LLMs with tools and APIs (e.g., ToolBench) for tasks beyond text generation,
such as data retrieval and calculation.



Topic Selection
Topic selection—Topic 2: Improvement on a Specific Ability

It might involve:

® Agent: Develop LLMs as intelligent agents that can handle complex tasks and respond effectively to user
prompts.

® Embodied Al: Integrate LLMs with embodied agents (e.g., robots or virtual avatars) to enable interactions with
physical or virtual environments based on sensor input.

® Automatic Theorem Proving and Coding: Train LLMs in specific skills like solving mathematical proofs and
writing code.

® Instruction Following: Enhance LLMs’ accuracy in executing tasks based on natural language instructions.

® Generation Detection: Develop methods to distinguish human-generated from model-generated text for
transparency in areas like news, academia, and law.



Topic Selection

Topic selection—Topic 3: Evaluation

Investigate the large language models, like ChatGPT, Qwen, LLaMA, GPT-4, Mxitral, to assess their
capabilities, limitations, and potential risks.



Topic Selection

Topic selection—Topic 3: Evaluation
It includes:

® Chinese Culture: Test LLMs' understanding of Chinese history, idioms, proverbs, and cultural references to
enhance relevance for Chinese-speaking users.

® Region Stereotype: Evaluate LLMs to ensure they don’t reinforce harmful biases and instead promote
inclusivity in Al-generated content.

® Sense Making: Improve LLMs' ability to interpret complex inputs for better comprehension and reasoning in
responses.

® Formal Logics: Assess LLMs’ structured reasoning skills to support applications needing logical consistency,
like legal or philosophical contexts.

® Humor: Test LLMs’ understanding of humor to foster human-like interactions and enhance user engagement.



Topic Selection

Topic selection—Topic 3: Evaluation

It includes:

Multi-modal Problems (Vision & Speech): Evaluate LLMs' integration of vision and speech inputs for a holistic
interaction with the world.

Long-Context Evaluation: Test LLMs' ability to maintain long-term context, essential for coherent responses in
complex dialogues.

EQ (Emotional Quotient): Assess LLMs’ emotional intelligence to support empathetic and emotionally aware
interactions.

Multi-turn Conversation Benchmarks: Use benchmarks like MT-Bench and Alpaca-eval to improve LLMs'
fluency and coherence in extended dialogues.

Ethical LLM: Explore ethical considerations in LLM deployment across sectors to ensure responsible and safe
usage.



Topic Selection

Topic selection—Topic 4: Dataset Building

One could build dataset for LLMs, such as Pre-training corpora, supervised data, and preference data
are essential components in the development of large language models (LLMs).

It might involve:

e Pre-training Corpora: Build a diverse and high-quality dataset for pre-training by combining broad web-scraped
content (e.g., Common Crawl) with specialized datasets in fields like mathematics, medicine, and finance. This
includes rigorous cleaning and deduplication to ensure data quality.

e Supervised Data: Collect supervised data by identifying domain-specific tasks and gathering or creating data
that trains LLMs to perform these tasks. This can involve leveraging existing datasets, crafting prompts, and
generating data with human or LLM assistance, supported by a taxonomy of tasks for systematic training.

e Preference Data: Fine-tune LLMs with preference data that aligns model outputs with user expectations. This
includes generating varied responses for selection, using feedback mechanisms like yes/no feedback, pairwise
ranking, and expert input to refine model performance.



Topic Selection

Topic selection—Topic 5: HCI Applications
Investigate how humans interact with LLMs, focusing on user behavior, intuitive interface design, and
models that adapt to individual preferences and communication styles. The goal is to improve the
usability and effectiveness of LLMs in daily and professional contexts. HCI applications often involve
multiple LLM agents collaborating or debating to achieve better outcomes.
It might involve:

1.Al Town

2.LLM Powered educational games

3.LLM plus metaverse



Topic Selection

Topic selection—Topic 6: Adapt LLM to a new language

You can choose to adapt LLaMa2/Mistral to new languages like Chinese or Arabic and enhance
cross-lingual understanding. It focuses on improving translation, context preservation, and cultural
nuances to make LLMs effective global tools that bridge language barriers.



Topic Selection

Topic selection—Topic 7: Medical applications

The medical applications might involve:

1.LLM for Triage (EEBE M %31£): Using a large language model (LLM) for triage in healthcare involves
training the model to prioritize patients based on the severity of their conditions. This can help medical
staff quickly identify cases that require immediate attention, thus improving the efficiency of
emergency departments and potentially saving lives.

2.Medical Dataset

3.Medical instruction data

4.Medical pajama

5.Al diagnosis in medical domain

6.X-ray report generation

7.Patience simulator for doctors training



Topic Selection

Topic selection—Topic 8: LLMs for other modality

The integration of encoders and adapters in MM-LLMs enhances Al versatility by processing diverse
data types like images and audio. Specialized encoders transform raw data into embeddings, while
adapters align these with the model’s existing structure for seamless integration. This modular
expansion allows MM-LLMs to handle multi-modal tasks more comprehensively, improving
understanding, generation, and translation, and moving closer to human-like cognition.



Topic Selection

Topic selection—Topic 9: LLM on edges and embodied Al

This project aims to study a LLM running on a edge device that might has some operations
controlled by LLMs. This involves reasoning and planning. Particularly, applications on Edge devices
usually need real-time inference. Therefore, Acceleration is sometimes encouraged.



Topic Selection

Topic selection—Topic 10: A survey for a specific topic

Writing a survey paper provides a comprehensive overview of a topic, identifies key research
areas, and summarizes current knowledge. It helps understand the field's trajectory,
highlights significant contributions, and maps the progression of ideas.

A well-crafted survey classifies literature by methods, applications, or frameworks, identifying gaps
and future directions. It also discusses limitations and suggests emerging trends, fostering informed
predictions about the field's evolution. The process involves a systematic review, critical analysis,
and clear presentation of information for researchers and practitioners. Survey papers serve as
valuable references for understanding the past, navigating the present, and anticipating the future of
a specific area.



3. Tips for the Final Project



Tips for the Final Project

Models selection

Open LLM Leaderboard Filter LLMs here Awesome-Foundation-Models

Model types

® pretrained M continuously pretrained @ fine-tuned on domain-specific datasets

chat models (RLHF, DPO, IFT, ...) base merges and moerges ?
Precision

float16 bfloat16 8bit 4bit GPTQ ?
Model sizes (in billions of parameters) o

? ~15 ~3 ~7 ~13 ~35 ~60 70+ m

**  Precision of LLMs: The level of detail that a LLM uses when it processes numbers. Lower precision uses fewer bits,
resulting in faster but less detailed computations.

Where to Find LeaderBoard: Huggingface Space and PaperWithCode

K/ K/
0’0 0’0

Also refer to Github repo with Owesome


https://huggingface.co/spaces/HuggingFaceH4/open_llm_leaderboard
https://huggingface.co/spaces?sort=trending&search=Leaderboard
https://paperswithcode.com/sota
https://github.com/uncbiag/Awesome-Foundation-Models

K/
L X4

0
%*

K/
L X4

0
%*

Tips for the Final Project

LLaMA 3

> LLaMA 3 8B (not that small) https://huggingface.co/meta-llama/Meta-Llama-3-8B
Qwen

> Qwen1.5-0.5B: https://huggingface.co/Qwen/Qwen1.5-0.5B

> Qwen-1_8B: https://huggingface.co/Qwen/Qwen-1_8B

> Qwen1.5-1.8B: https://huggingface.co/Qwen/Qwen1.5-1.8B

Phi

> Phi-3-mini-128k-instruct: https://huggingface.co/microsoft/Phi-3-mini-128k-instruct
Gemma

> gemma-2b: https://huggingface.co/google/gemma-2b

Medical

> Apollo-0.5B: https://huggingface.co/Freedomintelligence/Apollo-0.5B

> Apollo-1.8B: https://huggingface.co/Freedomintelligence/Apollo-1.8B

Multimodal model:

>
>

ALLaVA-3B: https://huggingface.co/Freedomlintelligence/ALLaVA-3B
MiniCPM-V-2: https://hugaingface.co/openbmb/MiniCPM-V-2



https://huggingface.co/meta-llama/Meta-Llama-3-8B
https://huggingface.co/Qwen/Qwen1.5-0.5B
https://huggingface.co/Qwen/Qwen-1_8B
https://huggingface.co/microsoft/Phi-3-mini-128k-instruct
https://huggingface.co/google/gemma-2b
https://huggingface.co/FreedomIntelligence/Apollo-0.5B
https://huggingface.co/FreedomIntelligence/Apollo-1.8B
https://huggingface.co/FreedomIntelligence/ALLaVA-3B
https://huggingface.co/openbmb/MiniCPM-V-2

Tips for the Final Project

Datasets

2022.12 2022.11
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! ROOTS BBT-FinCorpus Flan 2022 Self-Instruct ! @ ChatGpPT i
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Alpaca_data HC3 MultiMedQA
|
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|
Alpaca comparison data
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UltraChat RefinedWeb OpenChat ‘WanJuanText-1.0 CulturaX RedPajama-V2 InfiniteBench
| | \ | |
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| | l | |
HaluEval InstructionWild_v2 PKU-SafeRLHF L DISC-Fin-SFT
| | | |
Chatbot arena conversations SuperCLUE HumanEvalPack UltraFeedback
| |
MT-Bench ARB

A timeline of some representative LLM datasets. Orange represents pre-training corpora, yellow represents
instruction fine-tuning datasets, green represents preference datasets, and pink represents evaluation datasets.

LiuY, Cao J, Liu C, et al. Datasets for Large Language Models: A Comprehensive Survey[J]. arXiv preprint arXiv:2402.18041, 2024.
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Datasets
. .« . \&'\ Webpages
Data categories of Pre-training Corpora W <,
2,
2 XY
& %,
2y )
S
General Pre-training
Corpora

Pre-training corpora can generally be categorized into these eight types.

LiuY, Cao J, Liu C, et al. Datasets for Large Language Models: A Comprehensive Survey[J]. arXiv preprint arXiv:2402.18041, 2024



Tips for the Final Project

Datasets: Pre-training Corpora
1. Webpages

e Common Crawl 2007-X

Publisher: Common Crawl

Size: -

License: Common Crawl Terms of Use
Source: Web crawler data

O O O O

e RedPajama-V2 2023-10

Publisher: Together Computer

Size: 30.4 T Tokens

License: Common Crawl Terms of Use
Source: Common Crawl, C4, etc.

O O O O

1. https://github.com/togethercomputer/RedPajama-Data
2. https://commoncrawl.org/

3. https://huggingface.co/datasets/allenai/c4

4. https://opendatalab.org.cn/OpenDatalab/\WanJuanCC

O O O O

O O O O

C4 2019-10

Publisher: Google Research

Size: 12.68 TB

License: Common Crawl Terms of Use
Source: Common Crawl

WanJuan-CC 2024-2

Publisher: Shanghai Artifcial Intelligence Laboratory
Size: 1 T Tokens

License: CC-BY-4.0

Source: Common Crawl


https://github.com/togethercomputer/RedPajama-Data
https://commoncrawl.org/
https://huggingface.co/datasets/allenai/c4
https://opendatalab.org.cn/OpenDataLab/WanJuanCC

Tips for the Final Project

Datasets: Pre-training Corpora
2. Books

o the_pile_books3

Publisher: EleutherAl

Size: 100.9 Gib

License: MiT

Source: Toronto Book Corpus

0O O O O

® Anna’s Archive
Publisher: Anna
Size: 586.3 TB
License: -

o O O O

1. https://huggingface.co/datasets/the pile_books3
2. https://annas-archive.org/datasets

3. https://baike.baidu.com/

4. https://huggingface.co/datasets/wikipedia

Source: Sci-Hub, Library Genesis, etc.

3. Encyclopedia

O O O O

O O O O

Baidu baike

Publisher: Baidu

Size: -

License: Baidu baike User Agreement
Source: Encyclopedic content data

Wikipedia

Publisher: Wikimedia Foundation
Size: -

License: CC-BY-SA-3.0 & GFDL
Source: Encyclopedic content data


https://huggingface.co/datasets/the_pile_books3
https://annas-archive.org/datasets
https://baike.baidu.com/
https://huggingface.co/datasets/wikipedia

Tips for the Final Project

Datasets: Pre-training Corpora

4. Academic Materials

® arXiv

Publisher: Paul Ginsparg et al.

Size: -

License: Terms of Use for arXiv APls
Source: arXiv preprint

e PubMed Central

Publisher: NCBI

Size: -

License: PMC Copyright Notice
Source: Biomedical scientific literature
Category: Academic Materials

O O O O

0O O O O O

1. https://arxiv.org/
2. https://www.ncbi.nim.nih.gov/pmc/

3. https://github.com/
4. https://qgithub.com/salesforce/CodeGen

5. Code

O O O O

O O O O

Github

Publisher: Microsoft

Size: -

License: -

Source: Various code projects

BIGQUERY

Publisher: Salesforce Research
Size: 341.1 GB

License: Apache-2.0

Source: BigQuery


https://arxiv.org/
https://www.ncbi.nlm.nih.gov/pmc/
https://github.com/
https://github.com/salesforce/CodeGen

Tips for the Final Project

Datasets: Pre-training Corpora

6. Language Texts 7. Parallel Corpus 8. Language Texts
e News-crawl e WikiMatrix e OpenWebText
o Publisher: UKRI et al. o Publisher: Facebook Al et al. o Publisher: Brown University
o Size: 110 GB o Size: 134 M parallel sentences o Size: 38 GB
o License: CCO o License: CC-BY-SA o License: CCO
o Source: Newspapers o Source: Wikipedia o Source: Reddit

1. https://data.statmt.org/news-crawl/
2. https://github.com/facebookresearch/LASER/tree/main/tasks/\WikiMatrix
3. https://skylion007.qithub.io/OpenWebTextCorpus/



https://data.statmt.org/news-crawl/
https://github.com/facebookresearch/LASER/tree/main/tasks/WikiMatrix
https://skylion007.github.io/OpenWebTextCorpus/
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Datasets: Instruction Fine-tuning Datasets

Fine-tuning datasets for Al models include text pairs of "instruction inputs" and "answer
outputs." The instruction inputs are diverse requests like classification, summarization,
and paraphrasing made by humans. The answer outputs are the model-generated
responses that meet human expectations.



Instruction Category

Reasoning

&

Math g
e

Brainstorming

Closed QA

Open QA

Code

-&
e

: &
Extraction {

LiuY, Cao J, Liu C, et al. Datasets for Large Language Models: A Comprehensive Survey[J]. arXiv preprint arXiv:2402.18041, 2024.

Summary of Instruction

Example

There are four individuals, a, b, ¢, and d. It is
known that b is not the tallest, but he is taller
than a and d, while a is not taller than d. Please
arrange them from tallest to shortest.

cybidya®

What is 46+37 equal to ?

83.

List two methods that can improve sleep
quality.

Here are two methods to improve sleep quality.
(1) Establish a regular sleep schedule.

(2) Avoid using electronic devices before
going to bed.

‘Which of the following is a fruit ?
A. Potato B. Celery C. Banana

C. Banana

What is the dataset ?

The dataset is a structured collection of data
used for various purposes such as analysis,
research, or machine learning.

Write a function named “get_average” that
takes a list of numbers as input and returns
their average.

def get_average(numbers):
if not numbers:
return 0
return sum(numbers) / len(numbers)

Please find the location names: “I want to fly
from Orlando to Boston.”

Orlando, Boston.

Instruction Category

8
8

Rewrite
Summarization —
~E9
Classification —

@9
B
e

8
Others {

Example

Please generate an article title with the theme
“Seasons”.

Embracing the Beauty of Change: A Journey
Through the Seasons.

Rewrite the following sentence.
My favorite fruit is apple, because it is sweet
and delicious.

Apples are my preferred fruit due to their
delightful sweetness.

Please summarize in one title.

Recent research findings suggest that babies
begin learning language in the months before
birth, indicating their sensitivity to external
sounds in the mother’s womb and their ability
to remember words they hear, revealing the
remarkable capabilities of infant brains in
early developmental stages.

Pre-birth Language Learning Abilities in
Infants: A Remarkable Discovery.

Please categorize “Fish, Dog, Cat, Snake” into
mammals and non-mammals.

Mammals: Dog, Cat.
Non-Mammals: Fish, Snake.

Translate English into Chinese:
Grow old along with me, the best is yet to be.

MR, BRIFHORDENAZK.

You are now a duck, and you will quack as
many times as I say a number. Three.

Quack, Quack, Quack.

Please use a search engine to help me search
for what a rainbow is.

Okay, please wait. ( Providing an explanation )

Categories

Considering the current
classification status and
focusing only

on single-turn dialogue
instructions, instructions are
broadly grouped into these
classes.



Instruction Fine-tuning Datasets

General Instruction |

| Fine-tuning Datasets

o Construct as required
Human Generated < © Crawl real b g 4 .
Datasets (HG) rawl real human question and answer data
O Self-Instruct
Model Constructed / O Interaction data between humans and LLMs
Datasets (MC) ¢ Conversations among multiple LLM agents
I \
| Collection and Improvement 1 o Collection and improvement
of Existing Datasets (CI) ‘
HG & CI
HG & MC
Datasets Created with
. 1 &M
Multiple Methods il
HG & CI & MC

Construction methods corresponding to general instruction fine-tuning datasets



Instruction Fine-tuning Datasets

Method 1
Construction Annotators Manually
requirements generated instructions
Method 2
Real human Web scraping Real dialogue
Q&A on the Internet and processing instructions
(a) Human Generated Datasets
Method 1
Construction LLMs LLMs
specifications and examples construction constructed instructions
Method 2
Human-LLMs Web scraping Human-LLMs
dialogues and processing dialogue instructions
Method 3
LLMs Dialogue LLMs LLMs-LLMs
dialogue instructions
(b) Model Constructed Datasets
Method 1
Existing datasets Collect, integrate, Data repositories
and modify

(¢) Collection and Improvement of Existing Datasets



General Instruction Fine-tuning Datasets

e Alpaca_GPT4 e Phoenix-sft-data ﬁ,

Publisher: CUHKSZ

o Publisher: Microsoft Research o
o Size: 52K instances o Size: 46K instances
o License: Apache-2.0 o License: CC-BY-4.0
o Source: Generated by GPT-4 with o Source: Multi-lingual instructions,
Aplaca data prompts post-translated multi-lingual instructions
(Low construction cost) (Multilingual)
e Wizard_evol _instruct_70K Eﬂ e ShareGPT90K
o Publisher: Microsoft et al. o Publisher: RyokoAl
o Size: 70K instances o Size: 90K instances
o License: - o License: CCO
o Source: Evolve instructions through the o Source: ShareGPT
Evol-Instruct method (multi-round dialogue)

(High quality)

1. https://github.com/Instruction-Tuning-with-GPT-4/GPT-4-LLM#data-release 2. https://github.com/nlpxucan/WizardLM
3. https://github.com/Freedomlintelligence/LLMZoo 4. https://huggingface.co/datasets/RyokoAl/ShareGPT52K



https://github.com/Instruction-Tuning-with-GPT-4/GPT-4-LLM#data-release
https://github.com/nlpxucan/WizardLM
https://github.com/FreedomIntelligence/LLMZoo
https://huggingface.co/datasets/RyokoAI/ShareGPT52K

Domain-specific Instruction Fine-tuning Datasets

—1 Medical

Code

Legal

| Domain-specific Instruction [ Mathematics

Fine-tuning Datasets

_________ %J[ Education

o Financial

o Geoscience

o Mental Health

Biolog
‘—{ Other © Biology
O 1T

Q Social Norms

L € Transportation

Domain categories of the domain-specific instruction fine-tuning datasets



Domain-specific Instruction Fine-tuning Datasets

1. Medical

e Huatuo-26M e HuatuoGPT e HuatuoGPT-II
o Publisher: CUHKSZ o Publisher: CUHKSZ o Publisher: CUHKSZ
o Size: 26504088 instances o Size: 226042 instances o Size: 5394K instances
o License: Apache-2.0 o License: Apache-2.0 o License: Apache-2.0
o Source: Collection and o Source: Real conversations o Source: Construct medical
improvement of various datasets. between doctors and patients instructions from medical
& Generated by ChatGPT corpus.

The HuatuoGPT series has garnered significant attention, accumulating over 1,000 stars, more
than 500,000 uses, and over 65 citations.

1. https://github.com/Freedomlntelligence/Huatuo-26M 2. https://github.com/Freedomlntelligence/HuatuoGPT
3. https://github.com/Freedomlintelligence/HuatuoGPT-II



https://github.com/FreedomIntelligence/Huatuo-26M
https://github.com/FreedomIntelligence/HuatuoGPT
https://github.com/FreedomIntelligence/HuatuoGPT-II

Domain-specific Instruction Fine-tuning Datasets

2. Code 3. Legal
e Code_Alpaca 20K e DISC-Law-SFT
o Publisher: Sahil Chaudhary o Publisher: Fudan University et al.
o Size: 20K instances o Size: 403K instances
o License: Apache-2.0 o License: Apache-2.0
o Source: Generated by Text-Davinci-003 o Source: Open source datasets &

Legal-related Text Content

e CodeContest e HanFei
o Publisher: DeepMind o Publisher: CAS & CUHKSZ
o Size: 13610 instances o Size: 255K instances
o License: Apache-2.0 o License: Apache-2.0
o Source: Collection and improvement of o Source: Filter legal-related data according to

various datasets rules

1. https://qithub.com/sahil280114/codealpaca 2. htips://github.com/siat-nlp/HanFei
3. https://github.com/FudanDISC/DISC-LawlLLM 4. https://qithub.com/salesforce/CodeGen



https://github.com/sahil280114/codealpaca
https://github.com/siat-nlp/HanFei
https://github.com/FudanDISC/DISC-LawLLM
https://github.com/salesforce/CodeGen

Domain-specific Instruction Fine-tuning Datasets

4. Math

e OpenMathinstruct

Publisher: NVIDIA

Size: 1.8M instances

License: NVIDIA License

Source: GSM8K and MATH datasets
(original questions);

e OVM

Publisher: CUHKSZ

Size: 13610 instances

License: Apache-2.0

Source: The reasoning instruction
of GSM8K and game24

O O O O

O O O O

5. Education

O O O O

O O O O

Child_chat_data

Publisher: CUHKSZ

Size: 12000 instances

License: -

Source: storybooks and science books

Child_chat_data

Publisher: Harbin Institute of Technology et al.
Size: 5000 instances

License: -

Source: Real conversations & Generated by
GPT-3.5-Turbo

1. https://github.com/sahil280114/codealpaca 2. https://huggingface.co/datasets/Freedomintelligence/OVM-dataset

3. https://github.com/HIT-SCIR-SC/QiaoBan 4. https://github.com/Freedomlintelligence/RichGPT



https://github.com/sahil280114/codealpaca
https://huggingface.co/datasets/FreedomIntelligence/OVM-dataset
https://github.com/HIT-SCIR-SC/QiaoBan
https://github.com/FreedomIntelligence/RichGPT
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Tips for the Final Project

Datasets: Preference Datasets

Preference datasets are compilations of instructional prompts that include evaluations of

various responses to the same input. These datasets generally feature paired instructions,
each accompanied by distinct responses, and are supplemented with feedback from either
humans or alternative models.



Preference Datasets

Vote Sort Score Other
Preference Datasets L |
— € Vote-Human © Sort-Human © Score-Human © Step Alignment
— Chatbot_arena_conversations L OASST]1 _pairwise_rlhf reward Stack-Exchange-Preference PRMS800K
i hh-rlhf Summarize_from_Feedback o Source Discrcpancy
— MT-Bench_human_judgments WebGPT L . N
Medical-rlhf
~— PKU-SafeRLHF — o Score-Model
M~ SHP 4
Alpaca_comparison_data
I~ Summarize from Feedback .
N N Stable_Alignment
= Zhihu_rlhf 3k
UltraFeedback

L

— € Vote-Model

CValues

Different preference datasets corresponding to various preference evaluation methods



Preference Datasets

Question Judge voting Question Vote counts

/8 Response 1 100
Response 1
Vote @ or Response 2 2
Response 2 . : 2
Response n 0

Question Question

1 2 D @ @€

Dots represent responses

1 2 @ @

Dots represent responses

Sort Accuracy - Security Score Score  Reason
1 1 Best 1 "’i" ......

» 2 ® | 2 08 N

'E 4 2 E 3 0.5 =

e 3 4 4 0.8 ©OIEE

5 5 Worst 5 0 O

Different preference evaluation methods

LiuY, Cao J, Liu C, et al. Datasets for Large Language Models: A Comprehensive Survey[J]. arXiv preprint arXiv:2402.18041, 2024.



Preference Datasets

e Chatbot_arena_conversations e OASST1 pairwise_rlhf_reward
o Publisher: UC Berkeley et al. o Publisher: Tasksource
o Size: 33000 instances o Size: 18918 instances
o License: CC-BY-4.0 & CC-BY-NC-4.0 o License: Apache-2.0
o Preference: Vote o Preference: Sort
o Source: Generated by twenty LLMs & o Source: OASST1 datasets & Manual

Manual judgment sorting

e Stack-Exchange-Preferences
Publisher: Anthropic

Size: 10807695 instances

License: CC-BY-SA-4.0

Preference: Score

Source: Stackexchange data & Manual
scoring

o O O O O

1. https://browse.arxiv.org/pdf/2306.05685.pdf 2.https://huggingface.co/datasets/tasksource/oasst1_pairwise_rlhf reward
3. hitps://huggingface.co/datasets/HugaingFaceH4/stack-exchange-preferences



https://browse.arxiv.org/pdf/2306.05685.pdf
https://huggingface.co/datasets/tasksource/oasst1_pairwise_rlhf_reward
https://huggingface.co/datasets/HuggingFaceH4/stack-exchange-preferences

vLLM

Tips for the Final Project

Large language models (LLMs) are

getting larger and larger, and the GPU

memory overhead for training and

deployment is also increasing!

Models (float32)
Llama-3-8B
Llama-3-70B

Memory

Bandwidth
Memory Bus
Memory Size

Memory Type

Inference Memory Estimation

32 GB
280 GB

NVIDIA RTX 3060

360 GB/s

192 bit

12 GB

GDDR6

NVIDIA RTX 3090

936.2 GB/s

384 bit

24 GB

GDDR6X

NLP’s Moore’s Law: Every year model size increases by 10x

Google

= Switch Transformer
21440 1.6T
2
£
£1080 ® /u
g NLP model size and computation are increasing exponentially (g;'?.ﬁ
o 12
£ 790 % Microsoft 1708
I TNG
3 SAnvioia .
g 360 Google OpenAT Google OpenAT pocziront M-
s Transformer GPT  BERT GPT-2 ~ ‘gag’

5 0.058 0.11B  0.34B  ......h6B""

2017 2018 2019 2020 2021

Year

NVIDIA Tesla V100

897 GB/s

4096 bit

32GB

HBM2

NVIDIA A100 80 GB (PCle)
2039 GB/s

5120 bit

80 GB

HBM2e

https://bizon-tech.com/gpu-benchmarks/NVIDIA-Tesla-V100-vs-NVIDIA-RTX-3090-vs-NVIDIA-RTX-3060-vs-NVIDIA-A100-80-GB-(PCle)/535vs579vs590vs624



https://bizon-tech.com/gpu-benchmarks/NVIDIA-Tesla-V100-vs-NVIDIA-RTX-3090-vs-NVIDIA-RTX-3060-vs-NVIDIA-A100-80-GB-(PCIe)/535vs579vs590vs624

Get started with vLLM

Install vLLM with the following command (check out our installation guide for more):
$ pip install vllm

VvLLM can be used for both offline inference and online serving. To use vLLM for offline inference, you
can import vLLM and use the LLM class in your Python scripts:

from vlilm import LLM

prompts = ["Hello, my name is", "The capital of France is"] # Sample prompts.
1lm = LLM(model="1msys/vicuna-7b-v1.3") # Create an LLM.
outputs = llm.generate(prompts) # Generate texts from the prompts.

To use vLLM for online serving, you can start an OpenAl API-compatible server via:

$ python -m vllm.entrypoints.openai.api_server ——model lmsys/vicuna-7b-v1.3
You can query the server with the same format as OpenAl API:

$ curl http://localhost:8000/v1/completions \
-H "Content-Type: application/json" \
-d '{
"model": "lmsys/vicuna-7b-v1.3",
"prompt": "San Francisco is a",
"max_tokens": 7,
"“temperature": @

https://docs.vllm.ai/en/latest/getting_started/quickstart.html



https://docs.vllm.ai/en/latest/getting_started/quickstart.html

Tips for the Final Project

Efficient Model Fine-tuning

High performance on consumer hardware

Consider the memory requirements for training the following models on the dataset
with an A100 80GB GPU with more than 64GB of CPU RAM.

X 5 PEFT-LoRA PEFT-LoRA DeepSpeed with
Model Full Finet

a8 WL Hngtnng PyTorch CPU Offloading

bigscience/TO_38 (3B 47.14GB GPU | 14.4GB GPU |
9.8GB GPU /17.8GB CPU

params) 2.96GB CPU 2.96GB CPU /
bigsci t0-xxl (128 B GPU / 3GB
tgsciencamt0-d { OOM GPU SBCR.Ght/ 96 22GB GPU | 52GB CPU
params) CPU
bigscience/bloomz-7b1 (7B 32GB GPU / 3.8GB
igscience/bloomz-7b1 ( OOM GPU / 18.1GB GPU / 35GB CPU
params) CPU

With LoRA you can fully finetune a 12B parameter model that would've otherwise run out of memory
on the 80GB GPU, and comfortably fit and train a 3B parameter model. When you look at the 3B
parameter model's performance, it is comparable to a fully finetuned model at a fraction of the GPU
memory.


https://huggingface.co/datasets/ought/raft/viewer/twitter_complaints

PEFT: Quickstart

Install PEFT from pip:
pip install peft

Prepare a model for training with a PEFT method such as LoRA by wrapping the base model and PEFT
configuration with get_peft_model . For the bigscience/mt0-large model, you're only training 0.19% of the
parameters!

from transformers import AutoModelForSeq2SeqlLM

from peft import get_peft_config, get_peft_model, LoraConfig, TaskType
model_name_or_path = "bigscience/mt@-large"

tokenizer_name_or_path = "bigscience/mt@-large"

peft_config = LoraConfig(
task_type=TaskType.SEQ_2_SEQ_LM, inference_mode=False, r=8, lora_alpha=32, lora_dropout=0.
)

model = AutoModelForSeq2SeqlM.from_pretrained(model_name_or_path)
model = get_peft_model(model, peft_config)

model.print_trainable_parameters()
"trainable params: 2359296 || all params: 1231940608 || trainable%: 0.19151053100118282"

https://huggingface.co/docs/peft/quicktour


https://huggingface.co/docs/peft/quicktour

Tips for the Final Project

DPO: Direct Preference Optimization

Direct Preference Optimization (DPO) is a RLHF algorithm, which modifies the online training
algorithm PPO into offline training via a new parameterization of the reward model

You can see the detailed derivation process in the paper “Direct Preference Optimization:
Your Language Model is Secretly a Reward Model”

In DPO, a LLM is directly optimized on the preference data, without the need of reward model
training

Reinforcement Learning from Human Feedback (RLHF) Direct Preference Optimization (DPO)
N label rewards N e
: — [>|=;,| —> reward model LM policy g —l>= — final LM
preference data maximum sample completions preferencedata __ .

likelihood

reinforcement learning likelihood


https://arxiv.org/pdf/2305.18290
https://arxiv.org/pdf/2305.18290

Tips for the Final Project

Langchain

L

7777777777777777777777777777777777777777777777777777 1 4
Interface with various large \ \ I:o L M
language model providers o 7/
Fetch Id : S
etch external data . Create prompt templates o %
from multiple sources A and generate prompts & O}
P L. | U L Mt S >
| ¥ % &
: o, S
: GA’EN "“3?
! LLM Framework
(LangChain)
Perform data pre-processing ! Store and retrieve word
and generate word embeddingsf embeddings from vector stores;
- v E’
Raw Data Sources Data Pipeline Vector Store

An Framework Combining LLMs with external data.
Multiple components to be called in a specific sequence.
[d  This is what’s referred to as a chain in LangChain.

User Output

User Input

-

User Interface
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Building Blocks of LangChain — Models /O

Model I/O

Format Predict

X = "fOO", y= “bar”

“Does foo like bar, LEM
o i m Chat
Does {x} like {y}, Model

and why?"

Templatize prompts
Dynamically select and manage model inputs.
Extract information from model outputs

Parse

“Foo does...”

{

“likes”: True,

“reason”: “Because ...."

}




Building Blocks of LangChain — Models /O

response = llm.invoke("List the seven wonders of the world.")
print(response)

Great Pyramid of Giza (Egypt) £ : : %
Hanging Gardéns of Babyton (T¥ad) | from langchain. 1lms import OpenAl
Statue of Zeus at Olympia (Greece) 1lm = OpenAI()

Temple of Artemis at Ephesus (Turkey)
Mausoleum at Halicarnassus (Turkey)
Colossus of Rhodes (Greece)
Lighthouse of Alexandria (Egypt)

NOoOUsWN

from langchain.schema.messages import HumanMessage, SystemMessage
messages = [
SystemMessage(content="You are Micheal Jordan."),
HumanMessage(content="Which shoe manufacturer are you associated with?"),
]
response = chat.invoke(messages)
print(response_content) from langchain.chat_models impor‘t ChatOpenAI

I am associated with the Nike brand. chat = ChatOpenAI()

A LLMs accept strings as inputs, or objects which can be coerced to string prompts



Building Blocks of LangChain — Models I/O

from langchain.output_parsers.json import SimplelsonOutputParser B ™

# Create a JSON prompt
json_prompt = PromptTemplate.from_template(
"Return a JSON object with “birthdate® and “birthplace® key that answers the following question: {question}"

)

# Initialize the JSON parser
json_parser = SimpleJsonOutputParser()

# Create a chain with the prompt, model, and parser
json_chain = json_prompt | model | json_parser

# Stream through the results
result_list = list(json_chain.stream({"question": "When and where was Elon Musk born?"}))

# The result is a list of JSON-like dictionaries
print(result_list)

[{'birthdate': 'June 28, 1971', 'birthplace': 'Pretoria, South Africa'}]

A Langchain's SimpleJsonOutputParser is used when you want to parse JSON-like outputs.



Building Blocks of LangChain — Retrieval

-
Data connection
Transform Embed
Source Load Store Retrieve
XXXXXXXXXX 0.5,0.2....01,0.9
XXXXXXXXXX goliOdel40
-l
# O 63@ XXXXXXXXXX
B OQ & XXXXXXXXXX
@@ & @ XXXXXXXXXX XXXXXXXXXX 0.2,07...21,-1.2 656201106 XXXXXXXXXX
B o XXXXXXXXXX XXXXXXXXXX AP S XXXXXXXXXX
HTML W &
V) =RE) t] XXXXHXXXXXX 23,01..-17,0.9
DeaQn XXXXXXXXXX
XXXXXXXXXX 55,-0.3..0.8,2.3
XXXXXXXXXX 21,01..-1.7,0.9

A Retrieve relevant external data and pass it to the language model
A Grounding the models on relevant and accurate information
A Documents are converted into their embeddings and stored in vector databases.



Building Blocks of LangChain — Retrieval

from langchain. document loaders import PyPDFLoader

O Document Loaders
loader = PyPDFLoader ("bcg-2022-annual-sustainability-report-apr-2023. pdf”)
pdfpages = loader. load _and split ()

from langchain.text splitter import RecursiveCharacterTextSplitter

state of the union = "Your long text here..."
[ Document Transformers

text _splitter = RecursiveCharacterTextSplitter( J RecursiveCharacterTextSplitter, a
chunk _size=100,

chunk overlap-26, versatile text splitter that uses a

length_function=1len, character list for splitting. It allows

add_start_index=True, ) .
parameters like chunk size,

overlap, and starting index.
texts = text splitter.create documents(|[state of the union])

print(texts[0])
print(texts[1])



Building Blocks of LangChain — Retrieval

from langchain.embeddings import OpenAIEmbeddings | Text Embedding Models
# Initialize the model
embeddings model = OpenAIEmbeddings() embed documents method is
¥ Esbed S USEE B toets used to embed multiple texts,
embet}i?mgs = em?edﬁlngs_model'.‘em?ed_dcl)cumentsQ o - o providing a list of vector

["Hi there!™, "Oh, hello!", "What's your name?", "My friends call me World",
) representations.

print(“Number of documents embedded:™, len(embeddings))
print(“"Dimension of each embedding:", len(embeddings[0]))

from langchain.embeddings import OpenAIEmbeddings o Text Embedding Models

# Initialize the model

embeddings model = OpenAIlEmbeddings() embed query is useful for

# Embed a single query comparing a query to a set of
embedded query = embeddings model.embed query("What was the name mentioned in the .
print("First five dimensions of the embedded query:™, embedded query[:5]) document embeddlngs'



Building Blocks of LangChain — Retrieval

L0 Vector Stores
from langchain.vectorstores import Chroma

After embedding texts, we
db = Chroma.from_ texts(embedded texts)
similar texts = db.similarity search("search query™)

can store them in a vector
store like Chroma and

perform similarity searches

from langchain. embeddings import OpenAIlEmbeddings
from langchain. vectorstores import FAISS

O Indexing
pdfstore = FAISS. from documents(pdfpages,
embedding=0OpenAIEmbeddings()) use the FAISS vector store to

create indexes for our

airtablestore = FAISS. from_documents(airtabledocs,
documents.

embedding=0penAIEmbeddings())



Building Blocks of LangChain — Retrieval

from langchain.retrievers import BM25Retriever, EnsembleRetriever

from langchain.vectorstores import FAISS

bm25 retriever = BM25Retriever.from_texts(doc_list).set k(2)

faiss vectorstore = FAISS.from texts(doc list, OpenAIEmbeddings())

faiss retriever = faiss vectorstore.as retriever(search kwargs={"k": 2})
ensemble retriever = EnsembleRetriever(

retrievers=[bm25 retriever, faiss retriever], weights=[0.5, 0.5]

docs = ensemble retriever.get relevant documents("apples”)
print(docs[@].page content)

0 Retrievers The EnsembleRetriever combines different retrieval algorithms to achieve better

performance. An example of combining BM25 and FAISS Retrievers is shown in the above



Building Blocks of LangChain — Memory

Prompt:
{“question”: ...} "{past_messages} Model
{question}”

Output parser:

regex(“Answer: (.*)") {"answer”: ...}

{“past_messages”: [...]}

READ WRITE

Refer to information introduced earlier in the conversation.



Building Blocks of LangChain — Memory

from langchain.llms import OpenAl

from langchain.prompts import PromptTemplate

from langchain.chains import LLMChain

from langchain.memory import ConversationBufferMemory

1lm = OpenAI(temperature=0)

template = "Your conversation template here...”

prompt = PromptTemplate.from template(template

memory = ConversationBufferMemory(memory key="chat history"

conversation = LLMChain(1llm=11m, prompt=prompt, memory=memory )

response = conversation({"question”: "What's the weather like?"})

A LangChain's memory system integrates with its chains to provide a coherent and
contextually aware conversational experience.



Application (ALL in ONE) —VectorStoreRetrieverMemory
from datetime import datetime
from langchain.embeddings.openai import OpenAIEmbeddings
from langchain.llms import OpenAl
from langchain.memory import VectorStoreRetrieverMemory

from langchain.chains import ConversationChain

from langchain.prompts import PromptTemplate J VectorstoreRetrieVerMemor
# Initialize your vector store (specifics depend on the chosen vector store) D Stores memories In a
import faiss VeCtOI’ StOI‘e

from langchain.docstore import InMemoryDocstore D queries the top_K mOSt
from langchain.vectorstores import FAISS "salient" documents
embedding size = 1536 # Dimensions of the OpenAIEmbeddings every tlme |t |S Ca”ed

index = faiss.IndexFlatL2(embedding size)

embedding fn = OpenAlEmbeddings().embed_query

vectorstore = FAISS(embedding fn, index, InMemoryDocstore({}), {})
# Create your VectorStoreRetrieverMemory
retriever = vectorstore.as_retriever(search_kwargs=dict(k=1))

memory = VectorStoreRetrieverMemory(retriever=retriever)

# Save context and relevant information to the memory

memory.save_context({"input”: "My favorite food is pizza"}, {"output”: "that's good to k
memory.save_context({"input”: "My favorite sport is soccer"}, {"output”: "..."})
memory.save_context({"input”: "I don't like the Celtics"}, {"output™: "ok"})

# Retrieve relevant information from memory based on a query
print(memory.load_memory variables({"prompt"”: "what sport should i watch?"})["history"])



4. Some Outstanding Projects



Some Outstanding Projects

A good paper or project should possess the following advantages:

* Valuable Topic Selection: The research topic should have significant theoretical or practical
importance, addressing existing problems or filling knowledge gaps.

e Standard Writing: Clear and fluent language expression, adherence to academic norms, and
accurate citations and references.

® Clear Structure: The paper should have a logical and coherent structure, making it easy for
readers to follow and understand.

* High Innovation: Novel perspectives, methods, or solutions should be proposed, offering
breakthroughs in existing research.

* Clear Charts and Figures: Visual elements such as charts and figures should be clear,
well-labeled, and effectively support the content of the paper.

* Thorough Data Analysis: Scientific methods for data collection and analysis, with accurate
interpretation of results that effectively support the conclusions.

* Reliable Conclusions: Research conclusions should be based on solid data and evidence,
providing convincing support.

Here we show some relatively good projects from the previous final project.
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Safety Evaluation of Local LLMs

Authors: Zheyuan Lin & Xinye Chen
Student IDs: 223040225 & 223040258
Email: 223040225@link.cuhk.edu.cn & 223040258 @link.cuhk.edu.cn

Introduction

Methodology

As Large Language Models (LLMs) become integral to digital

111 Evaluation

ensuring their safety—particularly in p g the
generation of harmful conteni—is crucial. This study evaluates the
safety protocols of five LLMs (llama2-7b, llama3, phi3, mistral,
and the uncensored dolphin-mistral) deployed on a local machine
via Ollama. Using the "Do Not Answer" dataset, which challenges
models across five risk areas and 12 harm types, we assess how these
LLMs navigate complex ethical landscapes.

. d ion with Longformer
o Configures Longformer to assess LLM responses for safety
concerns.

o Automatically flags risky responses and calculates safety
performance metrics.
© Human Evaluation
o Provides deep insights into ethical, cultural, and contextual

Our combines safety viaa appropriateness.
finetuned Longformer model with critical human jons to T o
provide a comprehensive understanding of cach model's behavior. This T g e B A R R
dual approach allows for nuanced insights into the models' adh: T mplcily QA all Siny g i vanT A No % O Docy
to safety protocols and their capability to filter or avoid generating e quesion i
inappropriate content. e e S
This research aims to illuminate the current state of LLM safety,
comparing the impact of censorship on model response quality and e i e
ethical alignment. By integrating human judgment with ‘:;‘I’,L:“J.‘.’:J,::‘;';M : Rl oo 5 el
Al ion tools, we contribute to ping safer, more reliable Al e "‘“\‘”‘j;”“““;jjjw
systems for real-world applications. i e b oot et L L
PR —
Motivation i
e g g T

Human-Chatbot
Interaction Harms.

Discrimination,
Exclusion, Toxicity,
Hateful, Offensive

Potential Risks
onlLLM's

Misinformation Harms

LLMS' ability to generate content that can be harmful or sensitive presents a
significant challenge. Incidents of Al-generated unsafe content have raised
public concern and highlighted the need for robust safety measures. Our
study is driven by the urgency to develop LLMs that uphold safety
standards, thereby preventing the propagation of harmful content.

Toporse o chalenin sy opmons bbb wi e Tty el Yo

Methodology

1. local deployment of LLMs
® The innovative use of Ollama for the local deployment of LLMs.
® By operating on local servers, the dependency on external cloud

Results
uama2 T e N
uamas . N.. B )

250 Toxic language (hate speech)

o0 Uawa2 s
5 w3 B! .
iy
00 = 5 >
istral .
01 29
5 Dolphin-Mistral i

The number of harmfal resporses

services is minimized, leading to faster response times and a more O ez waes  mid  Mewal Dashinsl 0125345
reliable service that is not subject to network issues or external Adult Content
service downtimes. Model Safety Score  Quality Score LLaMA2 M. ..
IL. "Do Not Answer" dataset Phi3 98.0 90.4 uavasBlo o o 3 n]
939 instructions, distributed across five risk arcas and 12 harm types, LLaMA2Tb 969 9 .. O F
potentially leading to responses that could be harmful, misleading, Nl i3 W
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infreduction “

This paper delves into multi-agent collaboration using Large
Language Models (LLMs) to enrich the online novel writing
process. Our method focuses on multi-agent collaboration,
adaptable prompts, and external vector storage.

‘We introduce a novel approach that leverages multiple agents
working together within LLMs to enhance creativity and writing
quality in online novel creation. Users can customize prompts to
suit their preferences, enabling personalized and dynamic
storytelling experiences.

By incorporating external vector storage, our model boosts context

and knowledg ion, leading to more coherent
and cngaging . Through experi on, we
the effectiveness of our approach with a demo exhibit and
performance comparisons among different LLM setups.

This research sheds light on the potential of LLM-driven multi-agent
cooperation to revolutionize online novel writing, bridging Al and
human creativity for captivating storytelling experiences.

In the future, leveraging reinforcement learning from human
feedback will further enhance efficiency of online novel writing.

See our code in github.com/Wu-yi-fei/DDA6052_final_project.
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Methodology

The of this paper is to make full use of the potential of AT in
literary creation, to apply the non-linear writing cognitive process model
by means of multi-agent cooperation, and to develop an application that
can ically generate novels, climinating the process of "chasing”.

Outlne

Polishing

Bocy Content
Real-World Challenges

Environment

LLM.as-Agents

A framework for the architecture design of LLM-based multi-agent

‘ Creation F H Outline }7
[ Coment [ aeginang
[osoe
i | Beginning (polished)
; i1 i Body Content
[ PR | ! Z
i [ Appendserting | i Body (polished)

Recurrens s

Designer Side Agent Side

Technical route of automatic novel writing by multi-agent systems

Our method can be summarized as follows:
Multi-agent collaboration;

* Ch ble prompt
External vector store;
Recurrent Generation.

to user

In the results section, we present the user interface and measure
the performance of different LLMs by a text consistency score
output by GPT-4.

edarbo

chudeinssne

codelam. 345

o213

[N

Score
GPT-4-Based scores of 6 LLMs across 5 agents
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Introduction

Methodology

e In this paper, we present StockGPT, which makes
recommendation of stock choice based on the analysis of financial
reports.

o The importance of the task is to by leveraging NLP information, we
can improve stock performance predictions for better investment
decisions and higher returns.

® The challenge are two-folded. First, the financial texts are highly
unstructured. In addition, the financial reports are often with the high
noise-to-signal ratio.

In Stage 1, we finetuned Qwen to better capture the sentiment
information. In Stage 2, we utilized the finetuned model to extracted
embeddings for financial reports. The embeddings and abnormal
return are then fed into XGBoost, with training windows rolled
forward over time.

e Experimental results indicate that the fine-tuned model can extract
market insights from financial research reports, and XGBoost
cffectively classifies different market states.

® We adopted a two-stage training framework to train our StockGPT.

Motivation

Following is the word cloud diagram generated from an example of
financial report (the company name is masked with XYZ).

e | compa ny:
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e Previous lexicon methods or embedding methods fail to integrate the
context information of research reports.
®  Stock recommendation can achieve better performance on the basis

of more accurate sentiment information.

Lexicon Meth

: "growth': 5, “million': 15, "optimistic”: 3 > positive.

‘Question: sentiment
information wihin the

financia report
i LLM: The sentiment hidden in the financial reportis negative.
a.posiive
neural
G income, and a low net profit margin, all of which point to
A

Experimement

Sartdate _enddate_sire
i Fnaal Xevs W00 201231 2w Yor
cotiment W Ve

Dataset

T o Dot

P
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@ For fine-tuning datasets, we adopted labeled news from Sina, retrieved
from the Ricequant platform. Additionally, we utlized open-source
dataset Financial-News-Sentiment and Chinese Financial Dictionary.

@ For stock recommendation, we adopted GOGAL Research Reports to
train and test our model.

Qwen 5

S

Finctuned LLM

|,_,4

Embeidng |

Input

‘Two-Stage Training Framework
o Stage I: Semantic Finetuning
Qwen is fine-tuned to extract sentiment information from the
financial news to increase its sentimental understanding of
financial news. The data consists of financial news, and a
financial sentimental word dictionary. We first convert them into
Q&A form, and use tokens “positive”, “negative” and “neutral” as
labels to fine-tune the model.
o Stage 2: Stock Recommendation
‘We utilized the fine-tuned Qwen to extract the embedding of
financial research reports. The corresponding stock price is
processed by CSI 500 base model to get the abnormal return. The
embedding is fed into XGBoost as inputs and do the rolling
training using abnormal return as labels. Finally, the model
extracts the factors for stock recommendation.

Result

StockGPT Portfolio Annual Backtest Result
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Model Comparlson Backtest Result
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Factor Stratification Hedged Net Value

o Wetested our prupmed method on the A-share market using a
monthly-balanced portfolio. The portfolio consistently outperformed
the CSI 500 index.

e Compared to other prevailing NLP model frameworks in the financial
market, our model, although weaker in risk control, significantly
outperformed others in terms of returns. This indicates that our
proposed model cffectively extracts alpha from financial analyst
reports.
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Results

In-context learning (ICL) means large language models (LLMs)
perform diverse tasks from demonstation examples. ICL does not
require updates millions of model parameters and relies on human-
understandable nutural language instructions, becoming a
promising method to hamessing the full potentiality of LLMs.

However, the underlying mechanism of how LLMs learn from the
provided context remain und plored. We aims to i i
the working mechanism of ICL from the perspective of
information flow by visualize the trend through layers for
several sliency score-based metrics, which can give us instruction
about how to improve the performance of utilizing ICL.

Through several experiments, we verify that not only for simple
tasks as illustrated in reference [1], while dealing with some
complicated tasks LLMs also maintain two hypothesis:

(1) Semantic information aggregates into label word

k 4: Code

® Outline
1. Using chatgpt 4 to automatically generate demonstration exampls dataset.
2. Implement ICL on GPT2-x], GPT-35, Qianwen-4B.

3. Plot of the trend through layers for three metrics.

ICL results examples

‘Task Deseription: Code refinement to automatically fix bugs in the code.

CET aslastraction: o it e
GPT4 Response
public s TYPE |
VAR new TVPEL | famlDae da ) ( TYPE VAR | =new TYPE_L
ume)  ova sl Culendar JIVARL METHOD | (ame)
R 2ol ol g (VAR 3 P s

.(.;”1]" original answer: (GPT2-xP’s answer after ICL: o1

sount
Comachoton{ e it s,
I}

GPT-35's answer after ICL: o2

poithad broks the s from st . I ursyou

GPT-35 original answer:

representations during the shallow ion layers ing
(2) The consolidated information in label words serves as a
reference for LLMs’ final predictions.

publc s TYPE. |
o YL i e givenrameodd. Tt TYPE1 VAR, = sewTYPE. 10
et a new imance of TYPE_, st e name wing | VAR, |METHOD, (nsmepin 1 Coledar
METHOD. 1, e VARC2 = Caendargetinsancelin

Qianwen-4b’s anwer after ICL: <
publcsutie TYPE 1 i Sng e

Qianwen-4b original answer:
his code appears t b 4 Java method tht nilizes i

See our code in https://github.com/lucky9-cyowllm_conversion.

Tasks

R s i T VR e e L ()
METHOD 1 ,-&
s i i s 0 VAR 2

W Task 1: Reasoning. According to question, perform multi-step mathematical reasoning
Dataset: GSM-8
Task

(] : Generate mathematical code. According to some simple mathematical questions,
s corresponding code solutions. Dataset: GSM-HARD.
] i i 2y
tems or integrating using different languages. Dataset:
CodeTransOcean
® Task 4 Code refinemeat. Code refincrment ims to utomaical i bugsof th code
. Using GPT 4 generate e aset
" .Gcncmte Pymm problem.
]

Task Code ref: in software
development that aims to improve the internal structure and readability of a program without
changing its external behavior.

Saliency Score-based Metrics

Loyer
Fig 1. Results on simple task [1]. Fig 2. Results on hard task (our task 4).

™ Insights and conclusions
1. For simple task (e.¢. binary classification), the ,,,and S,, has greater difference through the
shallow layers. For difficult task (our tasks are all relativly more complicated). This may
indicate that the better performance of simple tasks by ICL is from better information
aggregation. On the other hand, for the harder tasks, the weaker performance is from the more
implicit information flow. Also the similar trend of metrics indicate that the ICL improvement
methods in [1] can also be used in the harder tasks.

2. ICL works for larger models like GPT-35 and Qianwen-4b but not work for small model like
GPT2-x1. So the results of ICL are also decided by the LLM models

3. There is a counterintuitive result that Qianwen-4b works better averagely than GPT-35 since
the latter is a larger model. This may caused by limited size of the generated dataset but

remains 1o be further discussed.

Definition 1 (saliency score)
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Other results
Due to the page limit, the results of other tasks are concluded as follows: task 1 is a easy
task such that the original model can work well; ICL works on task 2 for both models;
for difficult tasks including task 3, 5, 1CL does not work. Task 6 lacks of dataset. To see
more results, you can refer to our report

[1] Wang, Lean, et al.

abel words are anchors: An information flow perspective for understanding in-context leaning.” arXiv preprint arXiv:2306.14160 (2023),
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Q&A

If you has questions about the final project, feel free to ask me.



Thanks

That's all for today's class, and you are now free to leave!



